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Foreword

We were surprised by the COVID-19 pandemic and ill-prepared for its many chal-
lenges. Given that we live in the age of artificial intelligence, we should not have 
been. Artificial intelligence (AI) has emerged as the dominant technology of the 
past decade, and advances in machine learning, in particular, have led to remarkable 
innovations, ranging from automated speech recognition systems to self-driving 
cars. However, prior to the pandemic, the impact of AI on infectious diseases and 
public health had largely been anaemic, and as a result we were caught flat-footed 
when the first COVID cases were reported in late 2019.

But as brilliantly captured by this timely book, the AI community quickly stepped 
up to tackle many of the clinical and epidemiological challenges presented by the 
pandemic. As you will read in these pages, AI has been harnessed in creative and 
diverse ways to detect and treat COVID-19, as well as to develop predictive models 
to identify emerging threats. Tremendous advances have been achieved throughout 
the pandemic, but much work remains. As highlighted by this book, these outstand-
ing and future challenges will best be tackled by multi-lingual scientific and medi-
cal teams that thoughtfully integrate human intelligence with machine intelligence.

We all need hope in the face of challenges. This book offers us scientifically 
grounded hope, both for the current pandemic and the next one. The tools of AI 
provide us with a much-needed, unfair advantage in the battle of human wits versus 
the genes of emerging pathogens. Thanks to AI, we will be better prepared for the 
next pandemic.

MIT and Harvard� James J. Collins 
Cambridge, MA, USA
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Preface

In 2020, earth was struck by the fifth deadliest pandemic in recorded history. It hap-
pened at the same time as modern Artificial Intelligence (AI) systems have been 
impacting a wide range of areas from self-driving cars to automatic speech and 
language recognition and healthcare.
AI has the potential to profoundly change all areas of healthcare from applications 
that can understand and classify clinical documentation, through automating vari-
ous tasks to analysing big patient data sets, and development of algorithms for spot-
ting tumours and other diseases, and guiding researchers in how to construct cohorts 
for clinical trials.

AI has pivotal importance in the way we fight the present and future pandemics. 
Here we present a plethora of areas where AI has been applied against COVID-19 
and suggest areas in which AI can develop in order to better address future 
pandemics.

This book is a practical, scientific, and clinically relevant example of how clini-
cians and researchers in medicine, computer science, mathematics, biology, and 
epidemiology can fight future disasters on multiple fronts, and how scientific inte-
gration is crucial for progress.

The book aims at fellow researchers in areas ranging from medicine and biology 
to computer science and mathematics, medical specialists and clinicians, medical 
and pharmaceutical residents, and students, or interested academics in general, who 
wish to know about the latest usage of AI in this medical field. Equipped with this 
book the reader will learn about the latest AI advances against COVID-19, and how 
mathematics and algorithms can aid in preventing its spreading course, treatments, 
diagnostics, vaccines, clinical management, and future evolution.

We believe the book is needed both directly because of the seriousness of the 
pandemic per se and because of the spread of misinformation. It is important that 
the public and global organisations recognise more explicitly the role of science, for 
it is with evidence-based science we can solve this incumbent and future threats to 
our world and humanity.
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Chapter 1
Introduction to Artificial Intelligence 
in COVID-19

Niklas Lidströmer and Yonina C. Eldar

In this introduction we also presprent basic definitions and concepts, and a general 
review, where we put the present pandemic into a historic and scientific context. The 
ongoing pandemic comes into a grander evolutionary, scientific, historic and human-
istic perspective. With the use of basic scientific method, the bases for evidence, the 
foundations of reason and theorem—science must be front and centre of the agenda 
for international pandemic collaboration—we present an armamentarium of artifi-
cial intelligence in medicine to accomplish this benevolent and profound intension 
now and in the future.

Given the tense situation in the World, with ongoing parallel pandemics and a 
major war in Europe at the time of this publication, the spread of misinformation, 
dissemination of conspiracy theories, and recurrent violent protests and actions 
from, e.g., anti-vaxxers, extremists of various orientations and the rapid increase of 
fake news and abundancy of anti-scientific ideas and beliefs, we also take the oppor-
tunity to shed light on various scientific aspects related to COVID-19.

�Pandemics

Epidemics (from Greek ἐπί epi above and δῆμος demos people) have accompanied 
humanity throughout all of recorded history. A usual definition of a pandemic (from 
Greek πᾶν pan all and δῆμος demos people) is that it is an epidemic, which has 
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spread across a wider geographic range than an epidemic, and which has affected a 
significant portion of the population. Into the nineteenth century, pandemic and epi-
demic remained synonyms. In the 1828 edition of the Webster dictionary, Noah 
Webster defined pandemic as ‘Incident to a whole people; epidemic; as a pandemic 
disease’ [1]. The 1870s and 1880s saw the word pandemic used more widely and 
then, as David Morens, Gregory Folker and Anthony Fauci argued in 2009, the vio-
lent spread of the 1889–1892 pandemic brought the term ‘into general use’. By the 
time of the 1918 flu, it was a ‘household’ word [2].

At the time of the spread of the pandemic of 1889–1892, the Russian ‘Flu’—we 
shall get back to why the term the Russian ‘Cold’ may have been a better terminol-
ogy—a written evidence of the first epidemic was discovered. In 1887 a peasant 
woman discovered a 43 lines’ clay tablet in the soil of Tel el-Amarna in Egypt 
(ancient Akhetaten). The tablet was written in Akkadian, giving us the first record of 
an epidemic; the Plague of Megiddo in the land of Canaan in 1350 BCE. This source 
is a part of the Amarna letters. Here Biridiya, the mayor of Megiddo, writes a com-
plaint letter to the pharaoh (most likely Amenhotep III). In the lines 30–32 he 
writes [3]:

30 Šum-ma-me ga-am-ra-at-me aluki Look, the city is consumed
31 i-na mûti by death,
32 i-na mu-ta-a-an by plague

However, it is unknown how many died in this epidemic. The first instance, when 
there is a solid written documentation, and with a qualified estimate of the victims, 
ca 75,000–100,000, is the Plague of Athens in 429–426 BCE. This epidemic can be 
regarded as a pandemic, the first recorded, since it is known to have affected Greece, 
Libya, Egypt and Ethiopia. The causing agent is unknown, but based on descrip-
tions; typhus, typhoid fever [4] or viral haemorrhagic fever have been suggested [5]. 
The causing agent can be a variety of microorganisms in epidemics; the pathogenic 
organisms are of five main types: viruses, bacteria, fungi, protozoa, and worms.

Viruses are found wherever there is life and have probably existed since living 
cells first evolved [6]. In the evolution cells first emerged at least 3.8 billion years 
ago [7], which was approximately 750 million years after Earth was formed [6]. 
They existed 3.5  billion years before humans evolved on Earth. They’re neither 
dead nor alive. Their genetic material is embedded in our own DNA, constituting 
close to 10% of the human genome. A key step in the viruses’ evolutionary journey 
seems to have come about around 1.5 billion years ago—that’s the age at which 
researchers have estimated 66 virus-specific protein folds came on the scene. These 
changes were affecting the proteins in the virus’ outer coat—the machinery viruses 
use to break into host cells [8].

Bacteria have existed from very early in the history of life on Earth. Bacterial 
fossils discovered in rocks date from at least the Devonian Period (419.2 million to 
358.9  million years ago), and there are convincing arguments that bacteria have 
been present since early Precambrian time, about 3.5 billion years ago [9].

Artificial intelligence (AI) has the potential to deeply improve healthcare. The 
past decade has witnessed a deep learning, or AI, revolution. The availability of 
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large-scale training data sets, which is often facilitated by Internet content; the 
accessibility of powerful computational resources thanks to breakthroughs in micro-
electronics; and advances in neural network research, such as the development of 
effective network architectures and efficient training algorithms, have resulted in 
the unprecedented success of deep learning in innumerable applications of com-
puter vision, pattern recognition, and speech processing. More recently, this revolu-
tion has begun impacting various areas of medicine where it is used to support 
medical professionals in clinical settings and in ongoing research including image 
analysis and decision support.

Standards for AI in medicine are still being defined, but it is clear that future 
medicine will have many integrated AI components. For example, in oncology, AI 
can be used in a tailored way to analyse the complicated latticework of correlations 
between a large range of both genome influences and environmental factors which 
add up and finally constitute the cancer risk. The next-generation cancer treatment 
is inspired by the Evolutionary theory concepts of such as treatment vaccination, 
evolutionary traps and adaptive therapies [10].

In infectious disease spread in pandemics AI can provide rapid detection of the 
infectious agent and diagnosis of the pathogen’s most updated pharmaceutical resis-
tance profile, and also predictions of the resistance development; a dynamic fore-
casting of pandemic pathogen. With the use of anticipatory diagnostics, 
pharmaceutical regimens can be finely tuned to probabilistically channel pathogens 
toward less resistance-prone genotypes and act at the root cause of the problem, i.e., 
evading the development of resistance.

In antimicrobial drug design and to anticipate outbreaks of infectious disease, 
advanced computational methods can be utilized, and also to map the evolution of 
epidemics, e.g., as has been done in the SARS-CoV-2 pandemic. Some of the chap-
ters highlight and detail this usage with illustrative examples of the fruitful collabo-
ration of computer scientists, evolutionary or biological experts, public health 
specialists, clinicians and epidemiologists.

Evolutionary experts have suggested the dangers of an over-reliance on advanced 
computational tools involving “black box” algorithms and also questioned whether 
they undermine the synthesis of Mendelian genetics and Darwinian theory. Yet, 
insofar as evolutionary theory is used for hypothesis algorithm development and AI 
for data creation and analysis, this problem may be avoided, and the potential of 
both will be realised [10]. Many of the chapters in this book show how careful and 
purposeful use of AI can lead to important applications in various aspects of detec-
tion, analysis and treatment of COVID-19.

�History of Pandemics

There have been a long range of pandemic diseases. The most fatal pandemic in 
recorded history was the Black Death (also known as The Plague), which killed an 
estimated 75–200 million people in the years around 1350, which could have been 
up to half of the population of Eurasia [11].

1  Introduction to Artificial Intelligence in COVID-19
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The great influenza pandemic of 1918, also colloquially known as the misnomer 
Spanish flu or as the Great Influenza epidemic, was an exceptionally deadly global 
influenza pandemic caused by the H1N1 influenza A virus stem. The first documen-
tation, began with cases appearing in March 1918; firstly, in Kansas, United States, 
and then with further cases in France, the United Kingdom and Germany in April. 
Only 24 months later, almost a third of the global population, which corresponded 
to ca. 500 million at the time, had been infected in the four consecutive waves. The 
death toll estimates range from 17 to 50 million, but 100 million cannot be ruled out, 
making it the second deadliest pandemic in all recorded history [12].

For at least 3000 years smallpox had devastated humanity. Variola major and 
Variola minor were the two viral variants of smallpox. The agent of variola virus 
(VARV) belongs to the genus Orthopoxvirus. In October 1977 the last naturally 
occurring case was diagnosed. The World Health Organization launched an intensi-
fied plan to eradicate smallpox in 1967. Widespread immunization and surveillance 
were conducted around the world for several years. The last known natural case was 
in Somalia in 1977. In 1980 WHO declared smallpox eradicated—the only infec-
tious disease to achieve this distinction. This remains among the most notable and 
profound public health successes in history [13].

The Mycobacterium tuberculosis bacteria causes Tuberculosis (TB), which has 
been present in humans since at least ancient times [14]. It generally affects the 
lungs, but it can also affect other parts of the body. Most infected people show no 
symptoms at all, i.e., latent tuberculosis, but ca. 10% of these cases progress to 
active disease which, if left without treatment, is lethal in 50% of the affected. If 
symptomatic, TB causes chronic cough with haemoptysis (blood-stained mucous), 
night sweats, fever and weight loss [15]. In older medical literature, doctors often 
referred to the disease as consumption, since it often gives an articulated weight loss 
[16], but a wide range of symptoms are associated with this condition [17].

Still only 2  years before the COVID-19 pandemic, in 2018, it was estimated 
about 25% of the global population were bearers of dormant TB [18]. De novo 
infections have an incidence of 1% per annum [19]. At the same time as the World 
was alerted by the start of the pandemic, i.e., in 2020, ca. 10 million people devel-
oped a TB activation, and 1.5 million died. In 2020 it was the second leading cause 
of death from an infectious disease after COVID-19 [20].

In parallel to the pandemic, TB remained manifest in swathes of South-East 
Asia, Africa, and the Western Pacific, and with more than half of the cases diag-
nosed in a handful of countries: India, China, Indonesia, the Philippines, Pakistan, 
Nigeria, and Bangladesh [21].

Amidst the raging pandemic in 2021, with all its social distancing etc, the num-
ber of new TB cases were simultaneously decreasing by 2% per annum. In many 
African and Asian countries ca 80% of the population are tuberculin test positive, 
compared to 10% in the United States [22].

The seventh cholera pandemic (1961–1975), with acute diarrhoeal infections 
caused by the ingestion of food or water contaminated with the bacterium Vibrio 
cholerae, and which involved El Tor strain persists to the present. [23]. This 

N. Lidströmer and Y. C. Eldar



5

pandemic started in Indonesia and the following years spread to Bangladesh, India 
and the Soviet Union. In 1970 there was a major outbreak in Odessa, in present day 
Ukraine and later also in Baku, in Azerbaijan, but all information was stopped by 
the Soviet Union. The pandemic also spread to North Africa and the South Pacific, 
with a total of 155,000 cases in 1971. In 1991 in the total reported cases had reached 
over half a million. The rapid disease spread was facilitated by both vast migrations 
crises and the steep increase in modern mass transportation. However, the use of 
both modern curative and preventive governmental programs led to marked decrease 
in mortality. The original mortality, hitting every second patient, decreased to one in 
ten by 1980, and then to less than 3% during the 1990s [24]. When the strain re-
entered South America in the early 1990s in Peru, it killed approximately 10,000 
people [25]. Research has traced the origin of the strain to Africa [26].

The Hong Kong flu in 1968–1969, was one of the deadliest pandemics in history 
and killed between one and four million peoples globally, and was caused by an 
H3N2 strain of the influenza A virus [27]. The Hong Kong strain descended from 
the H2N2 strain of the Asian flu pandemic in 1957–1958. The process for this devel-
opment went on via antigenic shift, i.e., the genes of several influenza A strain 
subtypes went through reassortment and emanated into a new virus [28].

In 1981 began the global pandemic of HIV (Human Immunodeficiency Virus) 
and AIDS (Acquired Immunodeficiency Syndrome). It is an ongoing global public 
health issue, which according to the World Health Organisation (WHO), until 2021 
has killed ca. 36 million people, and ca. 38 million people are infected with HIV 
globally [29]. Of those infected, around 73% have access to antiretroviral treatment, 
and 16% are not aware that they are bearers of the infection [30].

Two years before the COVID-19 pandemic in 2018, there were ca. 770,000 
deaths from HIV/AIDS [31]. During 2020, which will be remembered in history as 
the year when COVID-19 was declared a pandemic, there were also 680,000 deaths 
from HIV/AIDS [31]. The Global Burden of Disease Study from 2015 calculates an 
infection peak of HIV in 1997 with 3.3 million cases per annum; a figure that has 
decreased rapidly, especially due to much fewer cases in eastern and southern Africa 
[32]. In 2020 the global HIV incidence had dropped to ca. 1.5 million per annum [33].

The 1889–1890 pandemic, also known as the Asiatic flu or Russian flu [34], was 
a worldwide pandemic with a respiratory virus. It was the last major pandemic of 
the nineteenth century, and is counted among the deadliest pandemics in history 
[35]. The pandemic killed about one million people out of a world population of 
almost 1.5 billion (ca. 0.07%). A majority of the reported effects of the pandemic 
occurred from autumn 1889 until the end of 1890, with relapses in the second quar-
ter of 1891, late autumn 1891 to early summer 1892, the winter of 1893–1894 in the 
Nordics, and the last wave in early 1895 [36].

Although contemporary sources described the pandemic as influenza and schol-
ars during the last century identified several influenza strains as the possible patho-
logical agent, some recent researchers in the 2000s have suggested, with interesting 
evidences as we shall see, that it may have been caused by human coronavirus 
OC43 [37].
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Human coronavirus OC43 (HCoV-OC43) is a member of the species 
Betacoronavirus 1 [38], which infects both humans and cattle [39]. The infecting 
coronavirus is an enveloped, positive-sense (in molecular biology and genetics, the 
sense of a nucleic acid molecule, particularly of a strand of DNA or RNA, refers to 
the nature of the roles of the strand and its complement in specifying a sequence of 
amino acids), single-stranded RNA virus, which enters its host cell by binding to the 
N-acetyl-9-O-acetylneuraminic acid receptor [40]. There are seven coronaviruses 
known to infect humans, and OC43 is one of these, and is one of the viruses respon-
sible for the common cold [41], and may have been responsible for the 1889–1890 
pandemic [42]. It has, like other coronaviruses from the genus Betacoronavirus, 
subgenus Embecovirus, an additional shorter spike protein called hemagglutinin 
esterase (HE) [43].

As mentioned above, the identification of the virus responsible for the Russian 
pandemic has taken over a century—a noteworthy comparison, when immediate 
origin tracing of COVID-19 is expected by the public. At first, an influenza virus 
was suspected. Researchers have tried for many years to identify the subtypes of 
Influenza A, deemed to be responsible for the 1889–1890, 1898–1900 and 1918 
epidemics. Originally, this research was mainly focused on seroarcheology [44], 
i.e., the detection of antibodies to influenza infection in the sera of elderly people, 
who may have been exposed to the virus. It was assumed that the 1889–1890 pan-
demic was caused by Influenza A subtype H2, the 1898–1900 epidemic by subtype 
H3, and the 1918 pandemic by subtype H1 [45].

Later it was confirmed that the H1N1 was indeed the cause of the 1918 flu pan-
demic following identification of H1N1 antibodies in exhumed corpses. This led to 
a new analysis of the gathered seroarcheological data, which then suggested 
Influenza A subtype H3 (perhaps the H3N8 subtype) as a preliminary more plausi-
ble cause for the 1889–1890 pandemic [46].

But in the early 2000s the pathogen was suspected to have been a coronavirus. 
After the 2002–2004 SARS outbreak, virological researchers commenced the 
sequencing both human and animal coronaviruses. The two virus strains in the 
Betacoronavirus 1 species were compared. The evolutionary analysis of the bovine 
coronavirus and human coronavirus OC43, pointed towards that they had a most 
recent common ancestor in the late 1800s [47]. With several methods yielded, inde-
pendently of each other, the most probable dates around 1890. When the results 
were published ca. 15 years ago, the authors speculated that an introduction of the 
bovine coronavirus strain to the human population might have caused the 1889 epi-
demic [48].

In the Corona year of 2020, the Danish researchers Lone Simonsen and Anders 
Gorm Pedersen noted that the in medical records manifestations, found in contem-
porary medical records, of the 1889 pandemic, i.e., runny nose, high fever, head-
ache, severe chest inflammation, speeding up latent respiratory diseases, and 
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primarily killing the elder population, did indeed resemble the current COVID-19 
symptomatology, a disease caused by a coronavirus, much more than an influ-
enza [49].

The Danish researchers were able to calculate that the human coronavirus OC43 
had split from bovine coronavirus ca. 130 years earlier, i.e., hence coinciding with 
the Russian pandemic in 1889–1890. Before the Danes had published it at the end 
of 2020, also genetic comparisons between bovine coronavirus and different strains 
of OC43, constituted the mathematical basis of the calculations by a Dutch team 
[48]. In November 2020 they had not yet published their results, and another team 
at University of Leuven in Belgium, did simultaneously execute a similar calcula-
tion of OC43. This team independently identified the crossover date to the last 
decade of the 1800s [50].

In 2021, again the contemporary medical records were systematically anal-
ysed, and it was again concluded that the clinical manifestations resembled those 
of COVID-19 rather than influenza. The similarities with a typical loss of taste 
and smell perception, long term sequelae similar to post-Covid, and the big pic-
ture of a multisystem disease. Moreover, the central nervous system symptoms 
described in medical records back then and today showed a congruent latticework 
[37, 50].

Also epidemiologically, it has been noticed that the mortality curve of the 
Russian Flu was J-shaped as found in COVID-19 (little mortality in the very young, 
high mortality in the old), while the influenza infections have U-shaped mortality 
curves (high mortality in the very young and very old). Although, a scientific con-
sensus that the Russian pandemic was caused by a coronavirus, has not been reached 
when we write this introduction. A systematic review of the literature suggests that 
the evidence is to be considered hypothetical [51].

Regarding other pandemics, e.g., the 1957–1958 Asian flu, it is a clear it was 
caused by the influenza A virus subtype H2N2, and that it originated in Guizhou in 
southern China [52]. The number of excess deaths caused by the pandemic, has 
been estimated to ca. one to four million, hence one of the deadliest pandemics in 
human history. A reassorted strain of the same virus, the H3N2 has been identified 
as the causative agent of the Hong Kong flu in 1968–1969 [28].

�The COVID-19 Pandemic

The Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) caused the 
ongoing COVID-19 pandemic. This novel virus was first identified from an out-
break in the Chinese city of Wuhan in December 2019. The World Health 
Organization (WHO) declared a Public Health Emergency of International Concern 
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on 30 January 2020 and a pandemic on 11 March 2020. Until March 2022 more 
than 466 million cases and 6.06 million deaths officially, making it one of the dead-
liest in history. Recent calculations have suggested higher figures, see below.

An attempt to list the ca. 20 deadliest pandemics with all over one million deaths throughout 
recorded history

#
Common epidemy 
name Disease/Causative agent

Deaths in 
millions Occurrence Ref.

1 Black Death Bubonic plague/Yersinia 
Pestis

75–200 1346–1353 [53]

2 Spanish Flu Influenza A/H1N1 17–100 1918–1920 [54]
3 Plague of Justinian Bubonic plague/Yersinia 

Pestis
15–100 541–549 [55]

4 HIV Pandemic AIDS/HIV 27.2–47.8 (2020) 1981–now [29]
5 COVID-19 Pandemic COVID-19/SARS-CoV-2 6.09-18.6 (March 

2022)
2019–now [56]

6 Third Plague 
Pandemic

Bubonic plague/Yersinia 
Pestis

12–15 1855–1960 [57]

7 Cocoliztli Epidemic Cocoliztli/Agent discussed 5–15 1545–1548 [58]
8 Antonine Plague Smallpox or measles 5–10 165–180 [59]
9 Mexican Epidemic Smallpox 5–8 1519–1520 [60]
10 Russian Epidemic Typhus 2–3 1918–1922 [61]
11 Influenza Pandemic Influenza A/H2N2 1–4 1957–1958 [62]
12 Hong Kong Flu Influenza A/H3N2 1–4 1968–1969 [63]
13 Cocoliztli Epidemic Cocoliztli/Agent discussed 2–2.5 1576–1580 [64]
14 Japanese Epidemic Smallpox 2 735–737 [65]
15 Persian Plague Bubonic plague/Yersinia 

Pestis
2 1772–1773 [66]

16 Naples Plague Bubonic plague/Yersinia 
Pestis

1.25 1656–1658 [67]

17 Cholera Pandemic Cholera 1+ 1846–1860 [68]
18 Italian Plague Bubonic plague/Yersinia 

Pestis
1 1629–1631 [23]

19 Russian “Flu” Corona recently suggested 1 1889–1895 [69]

A recent article in Nature, presents a modelling, which suggests three times more 
deaths than the official figures, i.e., as much as 18 million deaths in the pandemic 
until the end 2021 [56].

Official death counts have been claimed to underreport the actual death toll, 
because excess mortality (the number of deaths in a period compared to a long-term 
average) data show an increase in deaths that is not explained by COVID-19 deaths 
alone. Using such data, estimates of the true number of deaths from COVID-19 
worldwide have included a range from 9.5 to 18.6 million by The Economist [70], 
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as well as over 10.3 million by the Institute for Health Metrics and Evaluation. Such 
deaths include deaths due to healthcare capacity constraints and priorities, as well 
as reluctance to seek care (to avoid possible infection) [71].

The evolutionary origins of some recent SARS viruses during the recent 20 years, 
have been suggested to arise from a “common ancestor” in the form of the Russian 
Pandemic, which started in 1888. Also, the causative agent of the Plague, Yersinia 
Pestis, had been suggested for many years, when it was finally proved to be correct 
only in the last decade. Likewise, the Spanish Flu was classified quite recently. 
These are three important examples of the recent rise of viral archaeology [72]. The 
scientific community has proved the causative agent of all major pandemics in mod-
ern times and are gaining an increasingly solid foundation for pandemics in earlier 
history [73].

The evolution of human-virus associations is usually reconstructed from con-
temporary patterns of genomic diversity. An intriguing, though still rarely imple-
mented, alternative is to search for the genetic material of viruses in archaeological 
and medical archive specimens to document evolution as it happened. Ancient DNA 
research has incorporated insights from virology to explore the potential range of 
applications and likely limitations of archeovirological approaches. Hopefully 
numerous questions may be answered or tackled by archeovirology in the near 
future, and also the main expected roadblocks to these avenues of research [74].

In these times of the COVID-19 pandemic and sociological consequences such 
as antivaxxer demonstrations etc., it is important to bring up the Renaissance, and 
the Enlightenment, the development of the scientific method, logic and reason. To 
yet again bring forward the great thinkers of the Enlightenment, e.g., Voltaire, who 
believed above all in the efficacy of reason. He believed social progress could be 
achieved through reason and that no authority—religious or political or otherwise—
should be immune to challenge by reason [75].

In his 1727 Essay on Epic Poetry, he popularised the story of Newton being 
struck by a stray apple. He preached the importance of trusting the knowledge one 
gains from their own senses, a philosophy better known as empiricism. Voltaire 
shared what knowledge and good beliefs he found, regardless of how such sharing 
would personally affect him [76]. Voltaire’s failure to produce an original philoso-
phy was, in a sense, counterbalanced by his deliberate cultivation of a philosophy of 
action; his ‘common sense’ crusade against superstition and prejudice and in favour 
of religious toleration was his single greatest contribution to the progress of 
Enlightenment [75].

As early as 1742, Voltaire trumpeted the benefits of smallpox inoculation, a prac-
tice that preceded Edward Jenner’s invention of modern vaccination. Inoculation 
used small doses of the smallpox virus itself to create future immunity. Voltaire 
wrote [77]:

Out of a hundred people in the world at least sixty have smallpox, and of these sixty, twenty 
die of it in the flower of their youth and twenty keep the unpleasant marks for ever. That 
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makes one fifth of all human beings that this disease kills or permanently disfigures. Of all 
those inoculated in Turkey or England not one dies unless he is infirm and predisposed to 
die anyway, nobody is disfigured, nobody has smallpox a second time, assuming that the 
inoculation was properly done [78].

George Washington put Voltaire’s view into practice. In 1777, he ordered a doctor to 
inoculate all soldiers in the Continental Army who came through Philadelphia. 
Necessity not only authorises but seems to require the measure, he wrote, for should 
the disorder infect the Army … we should have more to dread from it, than from the 
Sword of the Enemy. The following month, he wrote to the Continental Congress 
about his plan [79]:

The small pox has made such Head in every Quarter that I find it impossible to keep it from 
spreading thro’ the whole Army in the natural way. I have therefore determined, not only to 
inoculate all the Troops now here, that have not had it, but shall order Dr Shippen to inocu-
late the Recruits as fast as they come in to Philadelphia [80].

Contemporary generals are maybe more fainthearted than General Washington, 
perhaps avoiding to demand mandatory COVID vaccination for the military. The 
irony is though that smallpox inoculation was, incomparably, far more dangerous 
than any of the modern vaccinations, including those against the SARS-CoV-2 
virus [81].

Several misinformation campaigns, e.g., from anti-vaxxers, have gained traction 
online amidst rising COVID-19 infection rates worldwide [82], using the same 
debunked standard set of strategies—repetitively since the very start of vaccina-
tions over 200  years ago [83]. The same arguments can be found in pamphlets, 
which then circulated against smallpox vaccination despite the evidence in favour of 
its effectiveness [84]. These arguments are not new and have changed little over 
time. Learning to recognize their repackaging in modern form can help with effec-
tively combating their power [83]. Despite mortality rates between 30% and 40%, 
and the extreme contagiousness of the disease, it was common for anti-vaccinationists 
to claim that smallpox was only a minor threat to the population [83]. The minimiza-
tion of threat is a common tactic in contemporary debates as well. Many who pro-
mote the anti-vaccination agenda claim vaccines to be more dangerous than the 
disease [85].

As Voltaire, Immanuel Kant valued the essential ideals of the Enlightenment. In 
an essay entitled What Is Enlightenment? (1784), he contended that the 
Enlightenment marked a new way of thinking and eloquently affirmed the 
Enlightenment's confidence in and commitment to reason [86]. Kant answers the 
question in the first sentence of the essay: Enlightenment is man’s emergence from 
his self-incurred immaturity (German: Unmündigkeit) [86]. He argues that: immatu-
rity is self-inflicted not from a lack of understanding, but from the lack of courage to 
use one’s reason, intellect, and wisdom without the guidance of another [86]. He 
exclaims that the motto of the Enlightenment is Sapere aude! (Latin: Dare to be 
wise!) [86] (Fig. 1.1).

AU1
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Fig. 1.1  The first page of 
the 1799 edition of 
Immanuel Kant’s, 
Answering the Question: 
What Is Enlightenment? 
Original in German: 
Beantwortung der Frage: 
Was ist Aufklärung. Beginn 
des Traktats. (EA 1784). 
(Immanuel Kants 
vermischte Schriften; 
Hrsg.: Johann Heinrich 
Tieftrunk; Bd. 2. Halle 
1799). In the December 
1784 publication of the 
Berlinische Monatsschrift 
(Berlin Monthly), edited 
by Friedrich Gedike and 
Johann Erich Biester, Kant 
replied to the question 
posed a year earlier by the 
Reverend Johann Friedrich 
Zöllner, who was also an 
official in the Prussian 
government. (Photo of 
original edition: Dr. Niklas 
Lidströmer)

�Origins of the COVID-19 Pandemic

Today there are also widespread delusions about the spread of HIV, Ebola, influ-
enza, and now also of COVID-19. The pandemic has, at times, sadly been caught in 
a superpower struggle, with the accusation of one country to have caused this 
plague or that another country controls the WHO—the political debacle may have 
impacted WHO’s effective response to coronavirus [87].

Pandemics can arise from the very pure evolution, and from zoonotic jumps. It 
has occurred before, it has been a constant ingredient of the evolution in nature, 
including of ourselves—ancient viruses are buried in our DNA. The human genome 
contains billions of pieces of information and around 22,000 genes, but not all of it 
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is, strictly speaking, human. Eight percent of our DNA consists of remnants of 
ancient viruses, and another 40% is made up of repetitive strings of genetic letters 
that is also thought to have a viral origin. Those extensive viral regions are much 
more than evolutionary relics: They may be deeply involved with a wide range of 
diseases [88].

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is a novel 
severe acute respiratory syndrome coronavirus. It was first isolated from three peo-
ple with pneumonia connected to the cluster of acute respiratory illness cases in 
Wuhan, but all structural features of the novel SARS-CoV-2 virus particle occur in 
related coronaviruses in nature [89].

Over 2 years since the first cases started appearing in Wuhan, China, there is 
much we don’t know about the exact origins of SARS-CoV-2, the virus causing 
COVID-19. Though, recent history offers little promise for exactness to come 
quickly. For example, about 14 years elapsed between the identification of HIV as 
the virus that caused AIDS and a demonstration of its modern transition to humans 
from a specific group of chimpanzees, although this had been suspected some 
years earlier [90]. About a decade passed from the time of the 2003–2004 epi-
demic of SARS and definitive delineation of the origin of its causal coronavirus, 
and 7 years passed before the 2009–2010 influenza pandemic was shown to have 
originated in Mexican swine [91]. Working with a hypothesis and drawing con-
clusions based on observation is something which requires a high-standing 
patience.

The alternative possibility to a natural origin—a laboratory leak—was originally 
deemed to be difficult to definitively prove or disprove—when the pandemic started, 
but now we have more research supporting natural processes. First of all, SARS-
CoV-2 is closely related to the original SARS-CoV [92]. Secondly, the coronavirus 
clusters genetically with the genus Betacoronavirus, previously mentioned in this 
introduction, and clusters in the subgenus Sarbecovirus (lineage B) together with 
two other bat-derived strains. Thirdly, several studies, have independently from 
each other, proved it is 96% identical at the complete genome level with other bat 
coronavirus specimens (BatCov RaTG13) [93, 94]. Even the individual protein parts 
have been analysed, showing even greater resemblance, e.g., the M-protein of 
SARS-CoV and SARS-CoV2 shows a 98% homology [95].

The P4 epidemiological laboratory at the Wuhan Institute of Virology in Wuhan 
in China’s central Hubei was built in cooperation with French bio-industrial firm 
Institut Merieux and the Chinese Academy of Sciences. The facility is among a 
handful of labs around the world cleared to handle Class 4 pathogens (P4)—danger-
ous viruses that pose a high risk of person-to-person transmission [96].

Several studies have now concluded the Wuhan market was the epicentre of the 
pandemic’s start—the coronavirus SARS-CoV-2 jumped to people from animals 
sold at the market on two occasions in late 2019, but some scientists want more 
definitive evidence [97].

In an article in Nature a year ago, virologists such as Michael Worobey, University 
of Arizona in Tucson, said that his thinking on the origins of COVID-19 had shifted. 
In May 2021, he led a letter published in Science in which he and others pressed the 
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scientific community to keep an open mind about whether the pandemic stemmed 
from a laboratory, a controversial hypothesis, suggesting that SARS-CoV-2 was 
either created in a lab or was accidentally or intentionally released by researchers at 
the Wuhan Institute of Virology. Clearly the research community took such a 
hypothesis seriously, and investigated it in depth, and as we shall see the controver-
sial lab hypothesis has been completely debunked [98, 99].

Hence, much more evidence has come to light that supports a zoonotic origin, 
similar to that of HIV, Zika virus, Ebola virus and multiple influenza viruses. With 
all the evidence we presently have it is clear to most researchers that the pandemic 
started at the market in Wuhan. Separate lines of analysis point to it, and it’s 
extremely improbable that two distinct lineages of SARS-CoV-2 could have been 
derived from a laboratory and then coincidentally ended up at the market, Michael 
Worobey concludes [97].

Nonetheless, others said they were not completely convinced of two spillover 
events because the virus might have evolved from one lineage into the other in a 
person who was immunocompromised. More data collected from people and ani-
mals is needed to answer this question, and to show that the first spillover occurred 
at the Huanan market. David Relman, a microbiologist at Stanford University in 
California, said that the preprints of the studies were not definitive, and that they 
excluded the possibility that people were infected prior to the outbreak at the mar-
ket, but went undiagnosed [100].

During the twenty-first century the WHO has alerted the World community about 
potential pandemics at a handful of occasions before COVID-19, with relatively 
(compared to COVID-19) minor reactions. It may be as if there are more epidemic 
threats in the modern global World. The reasons are likely a mix of the evolutionary 
mechanism per se, overpopulation, climate change, anthropomorphisation (in a 
wider definition) of nature, homo sapiens sapiens living in new areas closer to wild 
animals, etc. Parallels can be drawn to the emergence of HIV, retroviruses, zoonotic 
mechanisms and viral evolution, as mentioned.

In October 2021 WHO named the researchers to reboot outbreak origin investi-
gations. The group, called SAGO, would create a permanent framework for probing 
epidemics, and initiate a next phase of the COVID origins hunt [100]. In February 
2022 two massive twin-studies were published, which concluded that SARS-CoV-2 
emergence very likely resulted from at least two zoonotic events [99] and that the 
Huanan market was the epicenter of SARS-CoV-2 emergence [101].

The live animal markets is an omnipresent theme in virus spillover events [102, 
103], with markets such as the Huanan market selling live mammals being in the 
highest risk category [104]. The events leading up to the COVID-19 pandemic mir-
ror the SARS-CoV-1 outbreaks from 2002 to 2004 [105].

At the end of July 2022 an analysis in Science indicated that the emergence of 
SARS-CoV-2 occurred via the live wildlife trade in China and showed that the 
Huanan market was the epicenter of the COVID-19 pandemic—the study could 
pinpoint the precise animal stalls, with environmental samples obtained from known 
live animal vendors, in the southwest corner of the westmost wing of the market 
complex, presented with detailed maps in the article [106].
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The same day and in the same scientific journal another study showed that 
SARS-CoV-2 genomic diversity before February 2020 likely comprised only two 
distinct viral lineages, denoted A and B. Phylodynamic rooting methods, coupled 
with epidemic simulations, revealed that these lineages were the result of at least 
two separate cross-species transmission events into humans. As with other corona-
viruses, SARS-CoV-2 emergence likely resulted from multiple zoonotic events [107].

�Continuous Fight for Science and Reason

Until this present day, there is a constantly ongoing battle for Enlightenment, includ-
ing on the highest international level. Speaking at the opening plenary of the Science 
Summit of the UN General Assembly, Magdalena Skipper, Editor in Chief of the 
world leading scientific journal Nature, called on the United Nations to recognise 
more explicitly the role of science and the scientific community in solving the most 
pressing global challenges facing the world [108].

Opening against the backdrop of COVID-19 and the accelerating climate emer-
gency, the UN’s 76th General Assembly in New York marks a pivotal point to call 
together government and civil society to collaborate and take action. This call for 
collaboration must be explicitly inclusive of the scientific community. Too often 
policy and decision makers are only exposed to narrow sections of research evi-
dence or constrained by political factors, and, as Skipper asserts, to truly achieve 
global goals, science need to be at its heart. At the Science Summit, Magdalena 
Skipper, Editor in Chief of Nature, said:

The UN has recognised the role of science in the path towards achieving SDGs; the second 
UN Global Sustainable Development Report has been commissioned by the Secretary 
General. But it is time for the UN to take the next step and place the science agenda front 
and centre on the UN General Assembly agenda itself.

The UN sees its General Assembly as the means to bring together world leaders, civil 
society champions, young people and global businesses to reinforce and reinvigorate our 
collective determination to solve our shared problems. The grave omission in this vision is 
the absence of an explicit mention of science. It’s an omission that is likely to be costly. The 
world cannot afford it; it’s time to formally and explicitly extend the invitation [108].

Hence, all the more important that AI in healthcare rests in the hands of benevolent, 
well-regulated and enlightened societies and people, given the incredible sharpness 
of this weapon.

�Modern Tools for Pandemic Control

Previous pandemics lacked not only vaccinations, but also means to warn the pub-
lic, no ways to track or trace the disease spread, no effective treatments (often nei-
ther curative nor palliative) when people were hospitalised, non-existent disease 
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monitoring, and of course before Nobel laureate Wilhelm Röntgen no proper imag-
ing at all. Nowadays we have better tools for all of the these, but we live in a glo-
balised World, with more international mobility than ever before, making disease 
spread to great areas easier than ever. To this we can add climate change and 
overpopulation.

Several of the chapters in this book will dive deeper into vaccine development, 
tracing, testing, tracking and monitoring of the present pandemic. It is also worth 
noticing the simultaneous rise of visual and data journalism, which has shown the 
potential to inform the public more in-depth than ever before.

Among the most important medical innovations we find Edward Jenner’s vacci-
nation of 1796, Horace Wells’ anaesthesia of 1844 and Alexander Fleming's peni-
cillin of 1928. The impact of vaccination cannot be praised and elaborated enough. 
Overall, smallpox infected about 300  million people in the twentieth century. 
Through vaccination, this has become the only human disease successfully eradi-
cated in global health history, with the WHO making it official in 1980. And since 
1977, no cases of smallpox have been reported again.

But there is a long range of diseases, which the general public have almost for-
gotten, or have vague ideas about, all thanks to vaccinations, for example; Polio, 
Tetanus, Hepatitis A and B, Rubella, Haemophilus Influenzae, Measles, Whooping 
Cough (Pertussis), Pneumococcal Disease, Rotavirus, Mumps, Chickenpox, 
Diphtheria and to some extent even Influenza. The tremendous and laudable work 
by international organisations such as the WHO, show the very best sides of human 
cooperation and progress.

�A Brief Chronology of the Chapters of This Book

Below we present and explain the scope and content of the book, with a chronology 
of the 12 following chapters and their contents, and embedded links to these 12 
(Chaps. 2–13).

•	 The first chapter, AI and Pooling Tests for COVID-19 (Chap. 2), presents AI tools 
for pooled testing and recovery, and delivers a broad description of the use of 
algorithmic tools for pooled testing in the context of COVID-19 has emerged as 
a key tool in improving the prediction accuracy as well as efficiency of pooled 
testing. Well-organized testing of individuals for COVID-19, with reverse tran-
scription polymerase chain reaction (RT-PCR) is a pivotal ingredient in the fight 
against the pandemic.

Testing resources, i.e., testing kits, key reagents, trained personnel, useful 
clinic spaces and time slots, are indeed widely limited resources globally. Hence, 
pooled testing is a method increase the velocity—pooling implicates mixing 
small portions of samples from different individuals. The pools are then tested, 
instead of the individual samples. A limited number of pools, in comparison to 
the total pool samples, suffice, deliver precise prediction of the health status of 
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the entire pool, assuming only a small number of the samples were positive using 
appropriate AI tools to analyze the pools.

•	 The second chapter AI for Drug Repurposing in the Pandemic Response (Chap. 
3), deals with the discovery of treatments for the present and future pandemics. 
It shows how drugs can be repurposed, which is an effective strategy in the first 
line of action, when the applicable de novo pharmaceuticals, both vaccines and 
anti-viral therapies, are still in the development phase. In a wider perspective, AI 
has generally boosted pharmaceutical development. The chapter exhibits and 
discusses a variety of AI solutions, platforms and applications in use to target 
COVID-19. It also presents various strategies and global collaborations for the 
optimal use of AI in the drug development against the present pandemic, and in 
order stay alert for future ones.

•	 The third chapter AI and Point Of Care Image Analysis For COVID-19 (Chap. 4) 
teaches about the application of AI techniques in medical imaging and discusses 
a literature review on diagnostic and prognostic models using AI tools. In the 
clinical management of the COVID-19 pandemic, the point-of-care imaging, i.e., 
chest x-ray, computed tomography and ultrasound, has played a pivotal role. 
This chapter explores the role of AI in point-of-care imaging analysis throughout 
the pandemic.

•	 The fourth chapter Machine Learning and Laboratory Values in the Diagnosis, 
Prognosis and Vaccination Strategy of COVID-1 (Chap. 5) unpins the fact that an 
early diagnosis is pivotal for the correct treatment of infectious diseases. Both 
prognosis and the control of disease spread of an epidemic are affected by this—
an additional layer of complexity if the patients are frequently asymptomatic.
As in Chap. 1, the gold-standard for diagnosing SARS-CoV-2 infection is the 
identification, with the use of molecular techniques, of viral genomic material 
(RNA), and it is demonstrated how AI can help augment testing power, make 
testing more available, quick and precise. It is also shown how AI can define the 
diagnoses per se and also prognosticate patients. AI models based on laboratory 
tests and biometric facts lead to improved outcome. The chapter also analyses 
the vaccination campaign against SARS-CoV-2, including heterogeneous patient 
selection, laboratory parameters and AI tools for, e.g., validation, and for strategy 
optimisation and planning.

•	 The fifth chapter AI and the Infectious Medicine of COVID-19 (Chap. 6) con-
cludes that the rise of AI for infectious medicines coincides with the global need 
for the same during the pandemic. There has been a long gone digitalisation of 
infectious medicine, and the pandemic boosted the adoption of AI into the field. 
The chapter reviews COVID-19 seen from a clinical infectious medicine special-
ists’ perspective, with the patient management, the use of AI in clinical research, 
decision support system in infectious medicine, as well as diagnostics, care and 
preventative measures.

•	 The sixth chapter AI and ICU Monitoring in COVID-19 (Chap. 7) shows that a 
new paradigm rises on the intensive care unit horizon, with the help of AI and 
data dense care. Modern ICUs depend profoundly on data from patient monitor-
ing devices, which opens up for complex data from a plethora of electronic 
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sources, to boost evidence-based medicine (EBM), based on the use of AI 
approaches. The chapter presents how AI could help in the monitoring of patients 
in the intensive care units during the COVID-19 pandemic, which flooded the 
ICUs, and tested the limits of hospital performance.

•	 The seventh chapter Symptom Based Detection Models of COVID-19 Infection 
Using AI (Chap. 8) demonstrates the pivotal importance of early diagnosis, and 
how this can be accomplished with the use of AI, based on characteristic symp-
toms. It shows how to avoid problems with confusion of these with other infec-
tious diseases, i.e., clinical differentiation of COVID-19 patients, with the help 
of AI, underpinning evidence based medicine and the most accurate decision 
making. Further it is presented how patient demographics and health data build 
up a useful clinical AI based detection model.

•	 The eighth chapter AI Techniques for Forecasting Epidemic Dynamics: Theory 
and Practice (Chap. 9) deals with a research area, which has been flourishing 
since at least the 1990s. It greatly impacts decision makers, the general public, 
builds up the foundation of new policies, and other researchers, all appreciating 
accurate forecasts on time. A large pandemic brings the epidemic dynamics into 
a stress test, which encompasses many complex variables, including human 
behaviour, viral factors, transmission patterns, legal regulations, and more. The 
COVID-19 pandemic was no exception, and to predict its evolution has been a 
complex exertion, with average to limited outcome. This chapter presents the 
state-of-the-art of epidemic forecasting, and focuses the task of forecasting dur-
ing an ongoing pandemic, and gives a review of a handful of methods and their 
challenges.

•	 The ninth chapter Regulatory Aspects on AI and Pharmacovigilance for 
COVID-19 (Chap. 10) investigates the present and upcoming legislative and reg-
ulatory situations, and presents the rules, which govern AI in the health sector at 
European Union level. The chapter focuses on pharmacovigilance, and the use of 
AI in the pharmaceutical industry in drug and medical product development, 
controlling accurate quality, efficacy and safety. It also describes the European 
strategy concentrating on the use of AI and how a better health policy can be cre-
ated. Ethical and personal data protection aspects are also elaborated.

•	 The tenth chapter AI and the Clinical Immunology/Immunoinformatics for 
COVID-19 (Chap. 11) presents applications of AI in protein analysis, structure 
predictions, biochemical simulations, molecular functions predictions in vaccine 
design, biomedical image processing, and genome analysis in SARS-CoV-2 
genomic datasets. The authors shows how AI in immunology contribute to the 
fight against COVID-19, with an ever increasing number of AI-applications, with 
increased scalability and wide-ranging complex pattern recognition in vast 
amounts of data. AI can be particularly helpful in the complex immunological 
fields, with the help of accelerated processing power, and strategies to out-
perform traditional methods in multiple areas.

•	 The eleventh chapter AI and Dynamic Prediction of Deterioration in Covid-19 
(Chap. 12) shows how changes in manual measurements of vital parameters are 
associated with predictability of sepsis and mortality in COVID-19 patients. The 
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chapter focuses on the dynamic changes in vital signs associated with sepsis and 
mortality, i.e., deterioration, in COVID-19, covering both existing, and elabo-
rates other applicable, approaches in the future.

•	 The twelfth chapter AI, Epidemiology and Public Health in the Covid Pandemic 
(Chap. 13) fuses two major and tightly related research areas. Both epidemiology 
and public health depend on quantifiable and measurable entities. These quanta 
describe and measure a health issue in society, and regardless of whether they 
depict disease, seek to explain the aetiology or underpin the policy making, they 
form the pivotal scientific bases in both twin disciplines.

New facts and figures can now be collected in epidemiology, with the rise of digi-
talisation, encompassing hitherto aspects beyond scientific reach. AI now helps pro-
cessing these data, opening up new public health perspectives. COVID-19 has 
provided a grand scale testing field for these new explorations with AI for epidemi-
ology and public health. This chapter examines how which types of AI in these two 
fields could practically be used in a pandemic, and in relation to the modern concept 
infodemics, and also evaluates the algorithm performances and maturities.

�Power of Science

On the architrave above the entrance of the grand aula in Uppsala University’s, alma 
mater for one of the editors, main building from 1887 there is a gilded quotation by 
Thomas Thorild (1759–1808) [109]:

Tänka fritt är stort, Thinking freely is great,
men tänka rätt är större. but thinking rightly is greater [110].

Thomas Thorild, a Swedish poet, critic, feminist and philosopher, noted for his 
early support of women’s rights, did not refer to what would be morally correct, but 
rather logically [111]. Though, at the time of the university main building’s con-
struction, the leading professors intended to use the quotation in the moral sense, to 
curb the culturally radical tendencies they feared, and judged to be a sign of moral 
decay [112]. We use it to underline the all-important common education on science 
and reason, to facilitate human progress (Fig. 1.2).

Gustav Mahler composed his fifth symphony in 1901 and 1902, mostly during 
the summer months at Mahler’s holiday cottage at Maiernigg. Among its most dis-
tinctive features is the trumpet solo that opens the work with a rhythmic motif simi-
lar to the opening of Ludwig van Beethoven's Symphony No. 5. The symphony 
starts with the trumpet’s soloistic Trauermarsch (funeral march) theme, which 
lonely and sadly rises and “collapses” several times. The Boston Philharmonic 
Orchestra’s chief conductor Benjamin Zander described it, in one of his trumpet 
master classes, referring to Mahler’s instructions to the conductor, which are not 
part of the scores; it is a military fanfare…a solitary bugler left on the battle field 
with four thousand dead soldiers… [113].
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Fig. 1.2  The entrance of 
the aula in the main 
building of Uppsala 
University. Above the 
entrance is the quotation 
by Thomas Thorild. 
(Photo: Dr Niklas 
Lidströmer)

Fig. 1.3  The initial bars of Gustav Mahler’s 5th symphony, part 1: Trauermarsch (Funeral march). 
In gemessenem Schritt. Streng. Wie ein Kondukt (At a measured pace. Strict. Like a funeral proces-
sion.) In C♯ minor. (Here, rendered and adapted from Mahler’s original partiture by Dr. Niklas 
Lidströmer)

After several years of social distancing, isolation for many already lonely indi-
viduals, numerous deaths from this disease, the fifth deadliest pandemic in history, 
it is an atmosphere like the one in Mahler’s fifth starting theme, that fits the musical 
sound carpet at the end of this introduction (Fig. 1.3).

1  Introduction to Artificial Intelligence in COVID-19



20

Fig. 1.4  Detail from the 
book frontispiece of the 
Encyclopédie, ou 
Dictionnaire raisonné des 
sciences, des arts et des 
métiers (1772), drawn by 
Charles-Nicolas Cochin 
(1715–1790) and engraved 
by Benoît-Louis Prévost 
(1735 or 1747–1804). The 
work is heavily laden with 
symbolism: The figure in 
the centre represents truth, 
which is surrounded by a 
bright light—the central 
symbol of the 
Enlightenment. The two 
other figures, on the right, 
reason and philosophy, are 
tearing the veil from truth. 
Copyright: This work is in 
the public domain in its 
country of origin, France, 
and other countries and 
areas where the copyright 
term is the author's life 
plus 70 years or fewer

It is though with an almost passionate nebenbei [114] sentiment, as expressed in 
a Mendelssohnian violin cadenza, that we wished to compile this book on the essen-
tial use of artificial intelligence in the fight against the present and future pandemics.

The use of AI in the fight against COVID-19 and future pandemics is presented 
here, with the intention of benevolently wishing to repair the world—to quote a 
Jewish concept: tikkun olam (םלוע ןוקית, Hebrew: repairing of the world).

It is with this background and under these circumstances we wish this book to be 
a beacon of light in the fight against this and future pandemics. To show how science 
can be our main power in fighting future disasters on many possible fronts, and how 
within science, the integration of different domains, from the computational to the 
biological, is essential for progress and results (Fig. 1.4).
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Chapter 2
AI for Pooled Testing of COVID-19 
Samples

Ajit Rajwade, Nir Shlezinger, and Yonina C. Eldar

�Introduction

The Coronavirus disease 2019 (COVID-19) pandemic has already forced lock-
downs all over the globe, and has claimed more than five million lives worldwide. 
In order to handle and contain pandemics, and particularly COVID-19, large por-
tions of the population should be frequently tested [1]. One of the main difficulties 
in doing so stems from the limited testing resources and the lengthy duration 
required to identify the presence of an infection [2].

The main diagnosis tool for COVID-19 tests is based on ribonucleic acid (RNA) 
extraction via qualitative reverse transcription polymerase chain reaction (RT-PCR). 
Although various technological alternatives have been proposed [3, 4], the RT-PCR 
process remains the leading and most widely spread method for COVID-19 testing. 
The output of this procedure represents an estimate of the viral load in the tested 
sample [5]. A major bottleneck associated with this form of COVID-19 testing fol-
lows from the fact that each RT-PCR machine can simultaneously process a fixed 
number of samples, and its procedure tends to be quite lengthy, on the order of a few 
hours for each test.

A leading method to tackle the time-consuming nature of RT-PCR, whose dura-
tion often lasts between 3 and 4  h, and the limited capacity associated with the 
detection scheme, is to increase the efficiency of COVID-19 tests using pooling 
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techniques [6, 7]. Pooling builds on the fact that empirical observations suggest a 
low prevalence rate, namely, most tests are wasteful as most individual samples will 
return as negative. Consequently, for large populations, testing grouped samples can 
facilitate the aim of providing quick yet accurate results economically at an increased 
throughput. In pooling, each sample processed, i.e., each input to the RT-PCR 
machine, is comprised of a mixture of small portions of several samples taken from 
different patients (one sample per patient). When the infected patients constitute a 
small subset of the overall tested individuals, pooling-based schemes allow accurate 
recovery using a number of tests which is notably smaller than the number of 
patients [8]. While pooling can significantly increase the throughput of testing and 
thus boost rapid and accessible diagnosis for tracking of the pandemic, the fact that 
it relies on the examination of mixed samples implies that dedicated artificial intel-
ligence (AI) methods are required for the automated and rapid identification of the 
infected subjects and the recovery of their viral loads.

In this chapter we review recovery methods for pooled COVID-19 tests. These 
AI methods can be divided according to two main mathematical frameworks for 
such recovery procedures: group testing (GT) and compressed sensing (CS). To 
describe methods belonging to these families, we begin by presenting a mathemati-
cal model which formulates the problem of pooled testing recovery in section 
“System Model”. We elaborate on the subtleties and the specific assumptions and 
requirements which characterize COVID-19 testing. Based on the modelling of the 
pooled recovery setting, we review the application of GT, which was originally 
designed for testing infections in large populations, for COVID-19 pooled testing in 
section “Group Testing Methods for COVID-19”. Our review examines different 
GT schemes along with their relevance in the context of COVID-19. We proceed to 
discuss recovery methods which arise from CS theory in section “Compressed 
Sensing for Pooled Testing for COVID-19”. The framework of CS deals with the 
recovery of sparse signals [9, 10], and such methods were proposed for recovery 
from pooled COVID-19 tests in [11–16]. We conclude the chapter with a qualitative 
comparison between these families of AI methods in section “Comparative 
Discussion and Summary”, and identify the setting in which one is likely to be pref-
erable over the other for pooled COVID-19 tests.

�System Model

In this section we present the system model for which we review pooled recovery 
algorithms in sections “Group Testing Methods for COVID-19” and “Compressed 
Sensing for Pooled Testing for COVID-19”. As we focus on COVID-19 testing, we 
begin by identifying the specific characteristics that arise from this application of 
pooling in section “Pooled COVID-19 Tests”, based on which we formulate the 
recovery problem in section “Recovery from Pooled Tests”.
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�The PCR Process

We begin with an overview of the RT-PCR process following [12]. We refer the 
reader to [17, 18] for a more detailed description.

In the RT-PCR method for COVID-19 testing, a sample in the form of naso- or 
oro-pharyngeal swabs is collected from a patient, following which it is mixed into a 
liquid medium. The RNA molecules of the virus (if present) in the original sample 
and thus also in the liquid medium, get transformed into complementary DNA 
(cDNA). This conversion from RNA to cDNA occurs by a process termed reverse 
transcription. To this mixture, DNA fragments called primers are added. These 
primers behave in a manner that is ‘complementary’ to the existing cDNA and get 
attached to certain specific sections of the cDNA (if the virus is present in the sam-
ple). This cDNA then undergoes a process of exponential amplification inside the 
RT-PCR machine during several cycles of alternate heating and cooling. Roughly 
per cycle, the cDNA is doubled in number. Fluorescent markers added to this mix-
ture produce a visible fluorescence effect, observed almost immediately on a com-
puter screen, in response to, and directly proportional to, the total amount of 
amplified cDNA. The time when the amount of fluorescence is observed to exceed 
a machine-specific threshold is known as the cycle threshold (CT). A smaller CT 
value indicates greater number of copies of the virus, and a larger CT value indi-
cates a lower number (potentially even zero). Usually CT values lie anywhere 
between 16–35 cycles in real experiments. Statistics of typically observed CT val-
ues are reported in [19]. In particular, we note that RT-PCR can detect even single 
molecules. A single molecule typically would have a CT value of around 40 cycles. 
An RT-PCR machine can typically test 96 samples in parallel, and the testing time 
is between 3 and 4 h.

�Mathematical Model

The readings provided in RT-PCR testing provide an indication on the presence and 
level and infection. In some cases, one can approximate the relationship between 
the cycle time of a sample and its viral load using a statistical model [12, 18, 20]. 
Due to the fact that the growth of cDNA molecules is exponential [18] (as also 
explained in section “The PCR Process”), the number of molecules of viral cDNA 
in a sample i at cycle time t is given by: zi(1 + qa)t, where zi is the initial viral load in 
the sample (before the RT-PCR process began), and qa ∈ [0, 1] is an amplification 
factor. Here t is a real number, and ⌊t⌋ denotes the number of RT-PCR cycles that 
have passed. The fluorescence ξi(t) of the ith pool at time t is directly proportional 
to the number of virus molecules. Hence we have:

	
ξi i a

tt K z q( ) = ⋅ +( )1 ,
	

(2.1)

where K is a constant of proportionality.
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Let F be the threshold value of the fluorescence, and assume that the fluores-
cence of pool i reaches the value F at some cycle time τi, according to (2.1). Due to 
factors such as the stochasticity of the RT-PCR process reaction and the measure-
ment error/quantization in the RT-PCR machine, the CT value that is output by the 
machine will not reflect this true cycle time. In other words, the true cycle time τi 
and the recorded cycle time ti are statistically related, and this relationship can be 
modelled as τi = ti + ei, where ei is interpreted as the error in recording the value of 
τi. Here ei is modeled as a zero-mean Gaussian random variable with variance σ e

2 . 
We assume 0 1

2< σ e  , as we expect this error to not be too high. Plugging in 
ξi(τi) = F, we have from (2.1) that

	
F K z q K y qi a i a

ti i= ⋅ +( ) = ⋅ +( )1 1
τ

,
	

(2.2)

where yi is defined to be the noisy initial viral load of sample i corresponding to a 
noisy observed CT value ti. Hence,

	
y z q z qi i a

t
i a

ei i i= +( ) = +( )−
1 1

τ
.
	

(2.3)

The above stochastic relationship constitutes an approximate model of the underly-
ing statistics of RT-PCR measurements, which one may use for designing and ana-
lyzing pooling methods, as discussed in the sequel.

�Pooled COVID-19 Tests

The common approach in testing for the presence of COVID-19 is based on the 
RT-PCR method. Here, a sample is collected, most commonly based on nasopha-
ryngeal or oropharyngeal swabs or saliva [21]. The presence of infection is then 
examined by RNA extraction via RT-PCR measurements, quantifying the viral load 
in the sample. The RT-PCR process is quite time consuming (on the typical order of 
several hours), and can simultaneously examine up to a given number of m inputs 
(commonly on the order of several tens of samples). This results in a major bottle-
neck, particularly when the number of patients, denoted by n, is much larger than m.

A candidate approach to reduce the test duration utilizes pooling [6]. Pooling 
considers a small mixture of pooled samples rather than the total number of sam-
ples. To model this procedure in a generic manner, let f ∈ +

n  represent the sam-
ples vector, i.e., the viral loads of each of the subjects, whose entries f1, …, fn denote 
the viral loads of the n individuals. If fi = 0, then the ith individual is not infected. 
Pooled testing is comprised of two stages: pooling and measurement.

Pooling refers to the mapping of the n samples f into a lower-dimensional vector 
z∈ +

m , with m < n. Here, each entry of z is obtained by mixing a subset of the 
samples in f determined by the binary valued pooling matrix Φ ∈ {0, 1}m × n, such that
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(2.4)

In (2.4), gpool(⋅) represents how the viral loads of the mixed samples are mapped into 
the viral load of the pool. In direct (non-pooled) testing, one can write zi = fi and Φ 
as the n × n diagonal matrix. While pooling is commonly modelled as averaging, 

i.e., 
g x

x
pool


 

( ) =
∈
∑1

, in many applications, including COVID-19 testing, the 

relationship between the pool and the mixed samples is more complex and includes 
stochasticity and dilution [6].

Measurement refers to reading of the pooled vector z into the observed vector 
y∈ +

m . This is carried out via the element-wise mapping gmeas(⋅), such that 
yi = gmeas(zi) for each i ∈ {1, …, m}. For RT-PCR, the mapping gmeas(⋅) represents a 
procedure which involves the conversion of the sample into complementary DNA 
through reverse transcription, followed by examining its reaction in response to the 
heating and cooling cycle through a chemical process to quantify the number of 
virus particles (as earlier described in section “The PCR Process”). The measure-
ment procedure typically involves some level of uncertainty and distortion, and thus 
gmeas(⋅) is typically stochastic. Under some approximations detailed in section 
“Mathematical Model”, one can approximate gmeas(⋅) using the noise model in (2.3).

An illustration of the overall flow of pooled RT-PCR-based COVID-19 testing is 
depicted in Fig. 2.1. On the left side of the figure, we show the true viral loads of all 
n items. In particular, we see that the first item is infected in a medium level, the 
fourth item is infected in a low level, and all other items are not infected. Next, 
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Fig. 2.1  Pooled RT-PCR testing illustration
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pooling is done based on a testing matrix, which is generated prior to obtaining the 
samples. For example, the first pooled test involves samples from the first, third, and 
fifth items. This results in a measurement vector, denoted by z. This vector is fed to 
the recovery algorithm, which should be able to tell that the first item is infected 
(with some medium level viral load), the fourth item is infected (with some low 
level viral load), and all other items are not infected.

While the above description of the pooling and measurement procedure are 
generic, its application to RT-PCR-based COVID-19 tests gives rise to the following 
characteristics:

A1  ��The number of infected measurements, denoted by k, is much smaller than 
the number of tested individuals n. Typically k ≤ 0.1n, i.e., up to 10% of the 
tested population is infected. This number often varies between non-symp-
tomatic patients (where k is typically much smaller than 10%) and symptom-
atic ones.

A2  �The RT-PCR measurements are noisy, i.e., some level of random distortion is 
induced in the overall process, encapsulating the randomness in the acquisition 
of the samples, their mixing, and the RT-PCR reading. As a result, the pooling 
and measurement procedures gpool(⋅) and gmeas(⋅) may be noisy and unknown, 
with one possible model for gmeas(⋅) being the relationship formulated in section 
“Mathematical Model”.

A3  �There is a limit, denoted by L > 1, on the number of subjects which can be mixed 
together in a single measurement. A typical limit on the number of subjects 
mixed together is L = 32 [6]. Furthermore, the portion taken from each sample 
for the pooled measurements is identical, e.g., one cannot mix 30% from one 
patient with 70% from another patient into a single pool.

While the characteristics are identified for swab-based RT-PCR tests, they also hold 
for other forms of contagious disease testing, including, e.g., serological tests [22].

�Recovery from Pooled Tests

Pooling is based on mixing the samples of groups of patients together, forming m 
mixed samples out of the overall n patients. Then, the presence of COVID-19 for 
each of the tested individuals must be recovered from the mixed RT-PCR measure-
ments, either directly, i.e., in a one-shot fashion, or in an adaptive manner, which 
involves additional tests [23]. When testing for COVID-19, the following require-
ments must also be accounted when designing the recovery procedure: [label = R].

R1  �One-shot tests, where we fully identify all subjects from a single RT-PCR opera-
tion, are often preferable over adaptive techniques, which involve having to 
carry out additional tests based on the results. In particular, one-shot methods 
are simpler to automate, being less dependent on human intervention compared 
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to adaptive schemes, and thus typically reduce the overall duration of the testing 
procedure (though not necessarily the number of pooled tests m).

R2  �In some cases, one is interested not in only identifying whether a subject is 
infected or not, but also in some score on the viral load. This can be either the 
viral load itself, or a discrete score.

Per 2 the objective of recovery from COVID-19 pooled tests is to recover a score on 
the infection of each subject. To formulate this, we define a mapping, Q :R Q+ 

, which translates a viral load into the corresponding score, while   is a set describ-
ing all possible infection status. Some examples of such mappings of interest are:

Example 2.1  When one is only interested in detecting whether a subject is infected 
or not, then  = { }01, , with Q(x) = 1 when x is larger than some infection threshold, 
and Q(x) = 0 otherwise.

Example 2.2  Often in practice, one is interested in a discrete score of the viral 
load, For example, possible discrete score outputs are no (no virus), low (border-
line), mid (infected), and high (highly infected); this requirement implies that 
 = { }no low med high, , , . The decision regions are defined by the pre-specified 
thresholds τ τ

1 1
, ,… − , such that Q(x) maps a value of x not larger than τ1 is treated 

as not infected, while, e.g., a value in the range (τ1, τ2] is treated as a low level of 
infection.

Example 2.3  When the desired output is the actual viral load, then Q R= + , with 
Q(x) = x.

Based on the characteristics of pooled COVID-19 tests detailed above, the recov-
ery problem can be formulated as the estimation of Q(f) (where Q(⋅) is applied 
element-wise) from z, denoted by f̂ ∈n. In particular, for the subset of k infected 
items of a total of n inspected patients, the goal in pooled recovery is to formulate 
an algorithm for reconstructing f̂  from y, possibly along with the design of the 
m × n measurement matrix Φ. The measurement matrix should guarantee that at 
most L subjects are mixed in each pool-test, such that the recovery algorithm can 
identify the subset of infected items and their representation of the viral load using 
the recovery algorithm, from the observed vector y. The recovery procedure is visu-
alized in Fig. 2.2.

AI-based recovery algorithms typically fall into either of the following mathe-
matical frameworks: GT, which is concerned with detecting the presence of infec-
tion (e.g., Example 2.1), and cs, which originates from the recovery of sparse 
continuous-amplitude vectors, and is thus more naturally suitable for recovering the 
actual viral loads (e.g., Example 2.3). We discuss these approaches in sections 
“Group Testing Methods for COVID-19” and “Compressed Sensing for Pooled 
Testing for COVID-19”, respectively. The recovery of a discrete yet non-binary 
score, as in Example 2.2, requires an extension of GT techniques, which we also 
present in section “Group Testing Methods for COVID-19”.
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Fig. 2.2  Pooled testing recovery illustration, divided into desired outputs following 
Examples 2.1–2.3

�Group Testing Methods for COVID-19

GT is a mathematical theory derived for detecting infections in large populations. It 
was introduced by Robert Dorfman in [24], who suggested GT for identifying 
syphilis-infected draftees during World War II. Since then, GT has been long stud-
ied and utilized in many fields, such as biology and chemistry [25, 26], communica-
tions [27–29], sensor networks [30], pattern matching [31], web services [32], and 
cyber security [33–35].

Broadly speaking GT is a framework for group detection problems of binary 
variables, i.e., each subject can either be infected or not infected [8]. GT is tradition-
ally adaptive, requiring multiple sequential tests [24] in order to achieve a minimal 
number of overall tests from which the presence of infection can be inferred. 
Nonetheless, GT can also be applied in a one-shot (non-adaptive) manner [36], 
avoiding the need to mix new samples during the testing procedure, as studied for 
COVID-19 pooled testing in [37, 38]. Therefore, in the following we divide our 
description of GT methods into adaptive and non-adaptive. Unless stated otherwise, 
our description henceforth focuses on linear measurements, that is we consider 
gpool(f) = Φf to be the common setting for GT studies.
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�Adaptive GT Methods

GT was originally proposed as an adaptive procedure. The simple scheme proposed 
by Dorfman partitions the patients into distinct sets of size B that are pooled together. 
Then, the subjects of each pool which is tested as positive are re-tested separately 
one-by-one, where the measurements are assumed to be noiseless, i.e., gmeas(z) = z. 
The resulting formulation is stated below as Algorithm 2.1.

Dorfman’s method, which is simple to implement and highly intuitive, has been 
used for COVID-19 pooled testing in [6, 7, 39]. When one has prior knowledge of 
the number of defective items k, the setting of B which minimizes the maximal 
number of tests is B n k= /  [40]. The adaptive nature of Algorithm 2.1 stems 
from the fact that it operates in two stages. Yet, adaptive GT can be more efficient in 
terms of the maximal number of tests when operating with multiple stages in a 
recursive manner. A representative implementation of recursive adaptive GT is the 
methods proposed in [41] which is based on binary splitting. Broadly speaking, 
binary splitting recursively partitions the subjects as long as they contain at least one 
infected item. The resulting procedure is formulated as Algorithm 2.2. Recursive 
adaptive GT based on binary splitting is known to be most beneficial when the k is 
much smaller compared with n, Furthermore, it was conjectured in [42] that gt, and 
pooling in general, should only be applied when the subjects are indeed sparse (as 
per A1), and particularly when k < n/3.

Algorithm 2.1: Dorfman Adaptive GT [24]

Init: Subjects to be inspected f ∈ +
n , set size B

Pooling:
	1.	 Set number of pools to m = ⌈n/B⌉;

	2.	 Set measurement matrix such that (Φ)i, j = 1 if i ∈ [(j − 1) ⋅ B, j ⋅ B) and 
(Φ)i, j = 0 otherwise
Measurement:

	3.	 Measure y
Recovery:

	4.	 Set f̂ = 0
	5.	 for each j such that yj ≠ 0 do
	6.	 Set each f̂i for which (Φ)i, j = 1 by testing fi individually
	7.	 end

2  AI for Pooled Testing of COVID-19 Samples



36

Algorithm 2.2: Binary Splitting Adaptive GT [41]

 

The major drawback of adaptive GT for COVID-19 pooled testing stems from 
the fact that it requires additional procedures based on the results. This implies that 
laboratory technicians must save swabs taken from patients in addition to those 
mixed into the pools, and then possibly mix them again based on the outcome of the 
lengthy RT-PCR procedure. This can constitute a major bottleneck and notably bur-
den laboratory technicians for both two-stage GT (as in Algorithm 2.1), and even 
more so for recursive GT (as in Algorithm 2.2).

�Non-Adaptive GT Methods

Non-adaptive GT operates in a one-shot manner, detecting the presence of infec-
tions among all patients without requiring additional tests to be acquired based on 
previous results. Unlike the adaptive techniques detailed in the previous section, 
where the recovery algorithm typically dictates the measurement matrix Φ, non-
adaptive methods can typically be carried out with different polling patterns. 
Therefore, in the following we first discuss how to set the pooling matrix Φ, after 
which we review some representative recovery methods designed for both noiseless 
and noisy settings.

�Pooling Matrix

To determine the testing matrix Φ, one must first fix the number of the pool-tests m. 
GT theory dictates that m should satisfy m = (1 + ε)klog2n, for some ε > 0, as this is 
the sufficient number of pool-test for which reliable recovery in noiseless GT can be 
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guaranteed [43]. The parameter ε controls the probability of error of the procedure 
[43]. In practice, the number of pools-tests is often dictated by the measurement 
setup, e.g., it may be constrained to be an integer multiple of the number of inputs 
accepted by an RT-PCR machine.

The traditional GT method of generating Φ for non-adaptive recovery draws its 
elements in an i.i.d. fashion according to a Bernoulli distribution with parameter p. 
A common choice for p is p = 1 − 2−1/k, for which the probability of each element in 
z to be zero is 1/2. When k is unknown, p is chosen using a rough approximation of 
k. A major drawback of this approach is that A3 is not necessarily satisfied, and there 
is some chance that too many patients will be mixed into the same pool causing 
dilution. This can be relieved by forcing the columns of Φ, as well as the rows of Φ, 
to be typical, such that every column/row to have exactly ⌈p ⋅ m⌉ ≤ L and ⌈p ⋅ n⌉ 
ones, respectively [37]. In practical testing setups, one is interested in using a fixed 
deterministic matrix, rather than having to work with random matrices. Thus, Φ 
should be generated once before the pooling starts, after which it can be used for 
multiple pooling experiments.

�Noiseless Linear Non-Adaptive Recovery

Noiseless recovery methods are designed for linear noiseless measurements, such 
that y = z = Φf. For such settings, common strategies attempt to classify the subjects 
into Dnd and Dd based on observing which are mixed into a non-infected pool and 
which are mixed into an infected one. The identification of the Dnd is carried out 
using Comp. The purpose of Comp is to characterize Dnd subjects as those pooled 
into a non-infected pool, while classifying the remaining patients as possible defec-
tive (PD). The resulting procedure is summarized below as Algorithm 2.3.

While Algorithm 2.3 only divides the patients into Dnd and PD, it can also be 
extended to identify some of the subjects as Dd. The rationale here is that whenever 
a pool is tested as infected, one of the subjects mixed into that specific pool must be 
infected. Therefore if only one PD subject is mixed into an infected pool then this 
subject is Dd. The resulting steps are summarized as Algorithm 2.4.

Algorithm 2.3: Combinatorial Orthogonal Matching Pursuit [44, 45]
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Algorithm 2.4: Definitely Defective Non-Adaptive Recovery [46]

 

The Dd procedure in Algorithm 2.4 can be repeated sequentially, i.e., iteratively 
using previously identified Dd subjects to repeat the detection procedure. This itera-
tive operation is referred to as Sequential Comp [46]. It is noted though that these 
algorithms may result in some of the patients being classified as neither Dd nor Dnd 
implying that a policy for dealing with such cases is required (though it is likely to 
be infrequently applied).

Algorithms 2.3 and 2.4 can be used as preliminary processing, after which the 
remaining PD patients are detected using alternative recovery methods. In particu-
lar, for settings where one is interested in recovering the viral loads and not just 
which patients are infected, Comp can be used at pre-processing to identify the Dnd 
subjects and reduce the number of patients whose viral load must be estimated; the 
viral loads of these remaining PD subjects can then be recovered using methods that 
are not limited to detection, e.g., loopy belief propagation (LBP) [38], CS [12], and 
even least-squares estimation [37].

�Noisy Non-Linear Non-Adaptive Recovery

The non-adaptive GT recovery algorithms detailed in the previous section are 
designed for settings where the measurements are linear and noiseless, such that 
y = z = Φf. Some of these techniques can be extended to the presence of additive 
noise, i.e., when y = z + w where w is a noise signal, by increasing the number of 
pools, as in e.g., noisy Comp [36]. However, these methods do not naturally extend 
to setting where the relationship between the measurements and the pooled viral 
loads is not only noisy, but also non-linear (namely z is not equal to Φf) as in (2.4), 
which is often the case in RT-PCR-based COVID tests.

When the pooling and measurement mapping are stochastic yet their distribution 
is known, the recovery rule which minimizes the error probability, and holds for 
both linear and non-linear measurements, is the maximum a-posteriori proability 
(MAP) rule

	
ˆ argmax .f s y

s

= ( )
∈n

P |
	

(2.5)
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However, even when the underlying distribution is fully known, computing MAP 
estimates is a computationally prohibitive task whose burden grows exponentially 
with n. Nonetheless, its decision rule can be approached with complexity that only 
grows linearly with n via the LBP algorithm [40, Chap. 3.3, 47].

Consider our pooled testing setup, where the task is to estimate the discrete-
valued vector s∈n  with entries si = Q(fi) from the observed y∈ +

m . Such set-
tings correspond to Example 2.1 (where  = 2) and Example 2.2. Given a pooling 
pattern matrix Φ, the joint probability distribution of y, s can be expressed as a 
partition

	
P P P P P y
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m

i iy q y s s s, | |( ) = ( ) ( ) = ( ) ( )
=
∏

1
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(2.6)

where i j i js= ( ) ={ }| ΦΦ
,

1 . Note that the factorization in (2.6) is dictated by the 
pooling pattern Φ, while the combined stochastic effect of the pooling and measure-
ment procedures is encapsulated in the conditional distribution P yi i|( ) . By defin-
ing g P yi i i i ( ) = ( ): | , (2.6) can be represented as a factor graph as illustrated in 

Fig. 2.3, with m function nodes {gi} and n variable nodes {si}.
LBP is an iterative algorithm that approximates the marginal a-posteriori proba-

bilities by propagating messages in the factor graph domain according to a flooding 
schedule [48]. Messages are initialized µ µg s s gi j j i

s s→
( )

→
( )( ) ( ){ }0 0

,  for each s∈  and 
for every function node gi and variable node sj which share an edge in the factor 
graph, i.e., Φi, j = 1. Then, for each vertex, the messages are shared downstream with 
their neighbors in an iterative fashion. For iteration index t, the variable-to-function 
messages are computed via
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and the function-to-variable messages are obtained as

	

µ µg s
t

s
i i

z g s
z g
t

i j

i j i j

i
s g z→

+( )

∈ ( )
→
( )( ) = ( ) ( )∑ ∏1

S N

S
/ /

,

	

(2.8)

Variable nodes ƒ1 ƒ2 ƒ3 ƒ4 ƒ5

Function nodes

Observations

g1

y1 y2 y3

g2 g3

Fig. 2.3  Representation of 
pooling procedure as a 
loopy factor graph

2  AI for Pooled Testing of COVID-19 Samples



40

where  v( )  denotes the set of neighbors of a given node v. Note that the neigh-
bours of variable nodes are all function nodes, while the neighbors of function 
nodes are all variable nodes.

Assuming convergence after T iterations, the a-posteriori probability can be 
approximated as the product of all incoming messages
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The resulting lbp algorithm is summarized below as Algorithm 2.5.

Algorithm 2.5 is suitable for non-linear and noisy settings, and is not constrained 
to detecting infection, being allowed to produce estimates within any predefined 
finite dictionary. However, it can be computationally demanding, particularly when 
the number of patients n is relatively large. For this reason, it is often preferable to 
carry out Comp as a preliminary stage for reducing the dimensionality of the prob-
lem. Furthermore, it relies on knowledge of the stochastic model relating the viral 
loads and the measurements. In traditional GT, simplified models are often adopted 
([40], Chap. 3). In COVID-19 testing, when the measurements correspond to the 
RT-PCR readings of the pool tests, one may either resort to approximated models, 
as suggested in section “Mathematical Model”. Alternatively, as proposed in [38], 
deep learning tools can be exploited to learn to compute the function nodes as a 
form of learned factor graphs [50], by training a neural classifier to predict 
S Q S
i j i js i= ={ }∈|A , 1  from yi. This form of AI-aided recovery allows to carry out 

LBP recovery with either binary levels (Example 2.1) or multi-level classification 
(Example 2.2) over the learned factor graph as illustrated in Fig. 2.4. This form of 
recovery preserves the suitability of LBP to exploit the statistical structures induced 
by known pooling pattern Φ while leveraging to model-agnostic nature of neural 
networks to bypass the need to impose an approximated model on the pooling and 
RT-PCR measurement processes.

Algorithm 2.5: Loopy Belief Propagation ([49], Ch. 26])
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�Summary

GT provides powerful AI methods for pooling and recovery from pooled measure-
ments. These techniques are most suitable when one is interested in merely identify-
ing the presence of infection, as in Example 2.1, and when the pooling and 
measurement procedures can be reliably modeled as linear (and preferably noise-
less) operations. GT tools can be applied in both an adaptive and a non-adaptive 
manner, where the former is quite intuitive yet is less attractive for COVID-19 tests 
due to its associated overhead in terms of additional technician labour. Furthermore, 
GT methods, and particularly Comp, can be used as pre-processing steps combined 
with alternative recovery algorithms, including CS-based discussed in the following 
section, as means for reducing the dimensionality and complexity of automated 
recovery.

�Compressed Sensing for Pooled Testing for COVID-19

CS is a popular sub-field in the areas of signal and image processing [9, 10]. It 
involves the acquisition of signals or images directly in compressed format, with a 
focus on saving acquisition or measurement time. This is different from conven-
tional sensing where a signal or image is acquired in its entirety followed by possi-
bly lossy compression using techniques such as JPEG, JPEG2000 or MPEG.

Consider a signal/image f in vectorized format with n elements. Instead of 
directly measuring every element of f, it is sensed indirectly via a ‘sensing matrix’ 
Φ of size m × n, m ≪ n leading to the acquisition of m measurements in a vector y. 
This is represented mathematically as:

	 y f= +ΦΦ η, 	 (2.11)

where η is a noise vector with m elements. We note that the matrix-vector operation 
Φf is accomplished via hardware, in a specific manner dictated by the architecture 
of the compressive device. The aim is to recover f given y and Φ. This problem is 
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ill-posed in general since m ≪ n and this forms an under-determined linear system, 
even if η were equal to the zero vector. However CS theory states that in the absence 
of measurement noise, this system of linear equations has a unique solution pro-
vided two sufficient conditions are met: (Q1) the underlying signal f is sparse, i.e. 
most of its entries are zero, and (Q2) the sensing matrix Φ has a nullspace which 
contains no sparse vector other than the zero vector. These conditions are sufficient 
to ensure unique recovery of f from y, Φ [51]. Moreover, the recovery of f can be 
accomplished by efficient techniques such as linear programming [52] and various 
greedy methods. Furthermore, the error in the recovery of f is robust against noise 
and increases gradually as the noise variance increases.

In many imaging applications, f is not sparse in itself, but is expressible as a 
sparse or weakly sparse linear combination of column vectors from an orthonormal 
basis Ψ such as the discrete wavelet transform (DWT) or discrete cosine transform 
(DCT) in the following manner:

	
f l= =

=
∑ΨΨ ΨΨθθ
l

n

l
0

θ .

	
(2.12)

Here a weakly sparse linear combination refers to a linear combination in which 
most of the coefficients are equal to or very close to zero. That is, the coefficient 
vector θ is sparse or weakly-sparse. In this case, the measurement model can be 
written as:

	 y = +ΦΦΨΨθθ η,	 (2.13)

and we seek to recover θ from y, Φ, Ψ. Upon recovering θ, it is easy to recover f 
since f  =  Ψθ. Recovery can be efficiently performed using estimators such as 
the LASSO:

	 θ̂θ θθ θθθθλ λ= − +argmin    y ΦΦΨΨ 2
2

1	 (2.14)

or basis pursuit denoising:

	
ˆ . .θθ θθ θθθθλ ε= − ≤argmin s t   1 2y ΦΦΨΨ 	 (2.15)

where λ and ε depend on the variance of the noise in η. In both cases, there are theo-
retical guarantees for the recovery of θ [52, 53]. These guarantees extend to a vari-
ety of different noise models. Matrices generated randomly from the zero mean 
Gaussian distribution or the ±1 Bernoulli distribution have been proved to obey a 
property called the Restricted Isometry Property (RIP) [54] with very high probabil-
ity provided m is lower bounded by a quantity proportional to s log n where s is the 
number of non-zero entries in the underlying signal. The RIP implies the property 
(Q2) mentioned earlier involving the null-space.

A. Rajwade et al.



43

�Compressed Sensing Forward Model for Pooled RT-PCR

A model similar to that in (2.11) can be presented for pooled inference in the case 
of RT-PCR. Using the notations introduced in section “System Model”, this can be 
expressed by writing gpool(f) = Φf, such that the measurement output y = gmeas(Φf) is 
given by:

	
y f fe i= +( ) ⇒ ∀ ∈[ ] = +( )ΦΦ ΦΦ 1 1q i m y qa i a

ei
, ,

	
(2.16)

where ∘ denotes the element-wise multiplication of two vectors. Here we note the 
following:

	1.	 f is a real-valued but sparse vector of n elements where each entry fi represents 
the viral load in the sample of the ith individual. The sparsity assumption on f is 
essential for good quality recovery using CS algorithms and it is well justified 
due to the low prevalance rates in COVID-19 testing [55] as explained earlier.

	2.	 Φ is a m × n binary pooling matrix. A pool is created by mixing together small 
but equal portions of the samples of a subset of the n individuals. For the ith pool, 
this information is contained in the non-zero entries of the ith row of Φ, i.e. in Φi.

	3.	 y is a vector of viral loads in the m different pools.
	4.	 The noise model here is not additive unlike that in (2.11) which is typically used 

in CS, but multiplicative as explained in section “Mathematical Model” with 
qa ∈ [0, 1] representing an amplification factor and each entry of e being distrib-
uted as per  0

2
,σ e( )  where 0 < σe ≪ 1. Comparing with (2.3), the role of fi is 

played by the appropriate viral load value in the ith pool, given by Φif.

The reader may refer to Fig. 2.5 for greater clarity in the pooling process.

�CS Algorithms for Recovery

Referring to (2.16), the aim is to recover the sparse vector f from y, Φ. Since f is 
real-valued (and also non-negative), such a procedure gives us viral-load values as 
opposed to just a binary indicator health status indicator (‘infected’ versus ‘non-
infected’) as obtained from traditional group testing techniques surveyed in section 
“Group Testing Methods for COVID-19”.

As the pandemic began spreading all over the world, a number of research works 
that used CS estimators for pooled testing emerged in the literature. These tech-
niques include the Tapestry approach [12], the multi-stage approach in [37], the 
P-BEST method [56] and the initial work in [13]. We survey the algorithms 
employed in these techniques here below:

	1.	 In the Tapestry approach [12, 57], a number of different CS algorithms were 
explored and compared—on synthetically generated as well as real data. These 
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Fig. 2.5  RT-PCR pooling process in a compressive framework. The results of m = t RT-PCR pools 
are on the RHS in the form of vector y, which is a noisy version of Φf. The entries of Φ are repre-
sented by crosses (0) and ticks (1)

algorithms include the LASSO [53] with non-negativity constraints (Nnlasso) 
(see Eqn. 2.14), sparse Bayesian learning [58] Sbl, non-negative least squares 
Nnlsor non-negative least absolute deviation Nnlad [59], and greedy algo-
rithms such as orthogonal matching pursuit [60] with non-negativity constraints 
Nnomp [61]. The Nnls and Nnlad approaches were also experimented with in 
[14]. These algorithms were executed after the traditional group testing algo-
rithm Comp described in section “Group Testing Methods for COVID-19” and 
outlined in Algorithm 2.3. This was deemed particularly advantageous if there 
exist some pools with zero viral load, which immediately implies that the viral 
loads of the samples which contributed to this pool are all zero. Using this Comp 
step improves prediction performance and also improves computational effi-
ciency as it reduces the problem size. As Comp is only a binary approach, the 
subsequent steps involving estimation of real-valued viral loads remain very 
important. Theoretical properties of this combined approach were explored in 
detail in [12]. It was empirically observed that Comp followed by Sbl yielded 
the best performance among all other approaches such as Nnlasso, Nnls, 
Nnlad and Nnomp. An adaptive, multi-stage extension of the Tapestry system 
was presented in [62] (also see section “Comparative Discussion and Summary”).

	2.	 The multi-stage approach in [37] adopts a unique multi-stage strategy that beau-
tifully combines three techniques: a variant of \Comp called ‘definite defectives’ 
(Dd) described in section “Group Testing Methods for COVID-19” and outlined 
in Algorithm 2.4, followed by a maximum-likelihood approach from [43] (also 
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called ‘Boolean compressed sensing’), followed by an iterative viral loads esti-
mation algorithm. Extensive experiments showcase the beneficial contribution 
of each of the three stages.

	3.	 The P-BEST approach [56] followed the same strategy as their group’s earlier 
work on pooled testing in agricultural applications [63, 64]. The estimator here 
is a form of Nnlasso but with the viral loads quantized to three values: 0, 1, 2 
(see Eqn. 1 of [63]), representing zero viral loads, intermediate viral loads and 
high viral loads respectively.

	4.	 To our best knowledge, the earliest piece of work on use of CS for COVID-19 
testing appeared in [13] where a basis pursuit denoising (Bpdn) approach (see 
Eqn. 2.15) was adopted.

�Details of Algorithms

For the sake of completeness, we briefly explain the various algorithms referred to 
in the previous section: Nnlasso, Bpdn, Nnlad, Nnls, Sbl and Nnomp.

	1.	 Nnlasso: This approach works by minimizing the following cost function:

	
J
1 2

2

1
f y f f f( ) − +�� � � �ΦΦ λ s t. . , 0

	
(2.17)

where ≽ refers to an element-wise ≥ inequality and 0 refers to a vector of zeros 
with the same number of elements as in f. The minimization procedure proceeds 
by standard algorithms such as iterative shrinkage and thresholding (ISTA) or its 
fast variants [65]. The regularization parameter λ ideally depends on the noise 
level but can be selected using cross-validation.

	2.	 Bpdn: This is a constrained version of the earlier Nnlasso problem, and acquires 
the form of minimizing the following cost function:

	
J
2 1 2

2f f y f f( ) − ≤�� � � �s t and. . ,ΦΦ ε  0
	

(2.18)

where ε depends on the noise level.
	3.	 Nnlad and Nnls: These methods work based on minimizing only the data fidel-

ity term with a non-negativity constraint. This non-negativity constraint is 
enough to guarantee uniqueness and stability of the solution with high probabil-
ity, in conjunction with a random binary matrix Φ, as analyzed in [14, 59]. The 
cost function for Nnlad is given as follows:

	
J
3 1

f y f f( ) −�� �ΦΦ s t. . . 0
	

(2.19)

The cost function for Nnls is

	 J
4 2

2f y f f( ) −�� �ΦΦ s t. . . 0 	
(2.20)
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	4.	 Nnomp: This is a variant of the popular orthogonal matching pursuit (Omp) algo-
rithm. Omp is a very well known greedy approximation technique [60], and the 
variant imposes a non-negativity constraint on the solution. The original algo-
rithm requires the solution of multiple least-squares solution of increasing sizes 
in every iteration. In the variant, we would require least-squares solutions with 
non-negativity constraints which adds to the overall computational cost. Fast 
variants have been developed in [61].

	5.	 Sparse Bayesian Learning (Sbl): This [58, 66] is a non-convex optimization 
algorithm based on Expectation-Maximization (EM). In recent empirical studies 
on compressed sensing, Sbl has demonstrated the best reconstruction perfor-
mance in comparison to many other algorithms [67]. Sbl considers a Gaussian 
likelihood function for y given Φf and a Gaussian prior on every element of f 
with different unknown variances for each element, in the following manner:

	

p my f
y f

|ΦΦ
ΦΦ

( ) =
− − ( )( )

( )
exp /

/

 

2

2 2

2
2

2

2

σ

πσ
	

(2.21)
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i i
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− ( )( )
≥

exp /
; .

2
2

2
0

	

(2.22)

In this formulation, note that both x and γ i i

n{ } =1  are unknown. Many theoretical 
results regarding the properties of the EM procedure in Sbl are analyzed in [58]. 
In particular, it is proved that all local minima are sparse vectors. Unlike the 
previous algorithms, no non-negativity constraint on the elements of f is explic-
itly imposed.

Most of the aforementioned use a squared loss for the fidelity function which is 
essentially related to additive Gaussian noise. However, we know that for CS used 
for RT-PCR, the noise is multiplicative as seen in section “Mathematical Model” 
and (2.16). However, following ([68], Sec. 7), if we perform a first order Taylor 
series approximation on both sides of (2.16), we obtain the following:

	
y q ei a i≈ + +( ) ΦΦ ΦΦi if f log .1

	
(2.23)

This approximation is reasonably accurate because the error term ei (see section 
“Mathematical Model”) is a Gaussian random variable with a small variance. Given 
this approximated noise model, one would have preferred a fidelity term of the form 

i

m

iy
=
∑ −( ) ( )

1

2 2

ΦΦ ΦΦi if f/ . However this function is non-convex and the squared loss 

i

m

iy
=
∑ −( )

1

2

ΦΦi f
 
has been widely used instead.
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As explained here, CS-based algorithms infer quantitative viral load information. 
Although a non-infected person has a viral load of zero, the algorithms may report 
very small non-zero viral loads for such samples. This is due to small algorithmic 
biases, which can produce unduly low specificity rates (high false positives). To 
prevent this, the viral loads must be put through some threshold τ such that any 
estimated viral load value (call it x̂i is to be regarded as zero if x̂i <τ , and non-zero 
otherwise. Such strategies have been followed in the literature [12]. The optimal 
choice of the threshold τ needs to be decided a priori by ‘learning’ on past data 
comparing pooling to sequential testing so as to optimize one of the performance 
measures outlined in section “Assessment of Algorithm Performance and 
Experimental Protocols”. The optimal threshold τ may potentially vary based on 
prevalence rates.

�Assessment of Algorithm Performance and Experimental  
Protocols

The various algorithms in the literature are typically compared with respect to the 
following criteria, where the f̂  refers to an estimate of f:

	1.	 RMSE:= 
   f f f− ˆ /2 2

	2.	 Number of false positives (FP):=
 
i fi i:

^
= >








0 0, f

	3.	 Number of false negatives (FN):=
 
i fi i:

^
> =








0 0, f

	4.	 Sensitivity (also called Recall or True Positive rate):= # correctly detected posi-
tives/# actual positives

	5.	 Specificity (also called True Negative Rate):= # correctly detected negatives/# 
actual negatives.

The experiments to assess the performance of the various CS algorithms can be 
classified broadly as experiments on (1) synthetic and (2) real data.

For the prediction of f from y, Φ from synthetically generated data [12–14, 37], 
the vector f is chosen to be sufficiently sparse and the non-zero entries are drawn 
uniformly at random from the interval [0, 32768]. Alternatively, the distribution of 
cycle threshold (CT) values ([19], Fig. 2.3) could be used to generate CT data and 
convert those into viral loads, although such an approach has not been followed in 
the literature to our best knowledge. The pools have been synthetically simulated 
using the noise model from (2.16) using different types of Φ matrices, as surveyed 
later in section “Choice of Pooling Matrices”.

For the experiments on real data, the work in [12] used artificially injected viral 
RNA to create positive samples. These data were obtained from the Wyss Institute 
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at Harvard, USA and the National Centre for Biological Sciences, India. In [12], 
pooling matrices of sizes 16 × 40 and 24 × 60 were used and the number of infected 
samples was varied between 0 and 4 (prevalence rate up to 10%). Experimental 
results on pooled inference showed mostly 0 and much less commonly 1 or 2 false 
negatives, and between 0 and 3 false positives with the distribution of false positives 
skewed heavily towards 0 or 1. The work in [56] used left-over samples that had 
been previously tested for COVID19. Their experiments considered pooling matri-
ces of size 48 × 384 with the number of positive samples ranging between 2 to 5 
(prevalence rate less than 1%). Their approach yielded no false negatives and an 
occasional false positive.

�Choice of Pooling Matrices

Pooling matrices for compressive recovery in pooled testing must allow for success-
ful recovery of f from y. Moreover, unlike typical CS, these matrices must also obey 
certain additional physical constraints (unique to pooling tasks) which have been 
explained elaborately in [12, 68]. We briefly explain these constraints here below. 
These constraint have been mentioned earlier in section “Pooled COVID-19 Tests”, 
but we explain them here again in the context of specifying properties of com-
pressed sensing matrices.

	1.	 The pooling matrix must be binary, for ease of pooling. Thus, Φij = 0 means that 
the jth sample did not contribute to the ith pool, and Φij = 1 means that a (small) 
fixed volume from the jth sample contributed to the ith pool. Note that the 
contributing volumes are equal across pools and across samples. It is understood 
that the total sample of a single individual will contribute to multiple pools. 
Hence while creating a pool, only small (fixed-volume) portions from the con-
tributing samples are collected and mixed together.

	2.	 They must be sparse, again for ease of pooling. Sparsity of Φ is required to 
ensure two important properties: (Z1) that not too many samples contribute to a 
given pool, and (Z2) that a single sample does not contribute to too many differ-
ent pools. Property (Z1) is important because the sample volume added to an 
RT-PCR reaction in the RT-PCR machine is fixed. Due to this, an increase in 
pool size means that each sample would contribute a smaller amount of that 
volume to any given pool. This can adversely affect the power of RT-PCR to dif-
ferentiate positive samples from negative ones. Property (Z2) is important 
because the contribution of one sample to a very large number of pools could 
lead to sample depletion.

Several different types of combinatorial design strategies have been used in the lit-
erature to design Φ matrices so as to obey the aforementioned constraints. The work 
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in [12] uses Kirkman triple matrices where each sample contributes to exactly 3 
pools and each pool is created from a fixed number of samples. These m × n Kirkman 
matrices also have additional flexibility in terms of size, namely that n can be any 
integer multiple of C(m, 3). Kirkman matrices are also adjacency matrices that cor-
respond to certain types of ‘expander graphs’ which have interesting properties in 
compressed sensing, including obeying a variant of the RIP as discussed in detail in 
[12]. As they satisfy the RIP, it follows that they allow for good compressive recov-
ery. The work in [56, 63] uses matrices designed from Reed–Solomon codes seek-
ing inspiration from the rich classical literature on error correcting codes [69], 
allowing inherent robustness to experimental noise and variations in viral 
concentration.

In addition, there exists a large body of literature on the combinatorial design of 
binary sensing matrices [70–72]. However these designs are applicable to only fixed 
sizes, which may not be relevant to the sizes required for RT-PCR pooling. For 
example, the proposed designs in [72] have sizes r2 × rl + 1 where r is a prime power, 
and l is an integer such that 1 < l < r. This choice of matrix size may not be imme-
diately relevant to RT-PCR and has unnatural restrictions. To address this issue, the 
recent work in [68] considers sparse balanced binary matrices of arbitrary size. 
These matrices have the property that all columns of the matrix contain an equal 
number of ones, and that all rows of the matrix also contain an equal number of 
ones. These can be designed for a much wider variety of matrix sizes.

�Choice of Number of Pools

The choice of m, the number of pools, is an important aspect of the design of Φ. Let 
us denote the number of non-zero entries in the underlying viral loads vector f by s. 
Intuitively speaking, the smaller the value of s, the smaller will be the required num-
ber of pools m. As per compressed sensing theory, m is Ω(s log n) [52, 73]. However 
s is usually unknown, and hence configuring an acceptable number of pools is a 
difficult task. There are two ways to get some rough estimate of s: (1) use knowl-
edge of prevalence rates from a particular city or area where the pooling is being 
performed, and (2) determine s on the fly directly from the pooled tests. The latter 
has been accomplished in [12] using binary pooling matrices Φ using properties of 
the binomial distribution, based on a technique proposed in [74, 75]. These tech-
niques, of course, provide only estimates which could be error-prone, but they do 
give a good idea of the number of pools required. In fact, if it turns out that s is too 
high, pooling may not longer be a viable option due to loss of accuracy, and sequen-
tial testing is then preferable [12]. In the present literature [12, 13, 37, 56], the 
number of pools is chosen somewhat conservatively assuming low values of s, and 
without necessarily always computing s as a first step.
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�Use of Side Information in Pooled Inference

In this section, we cover a very different aspect of pooled inference—namely, the 
use of extra information, or side information. We first describe the different types of 
side information, followed by its use in CS algorithms and then its use for improv-
ing traditional group testing methods such as Dorfman pooling.

The sparsity of f is a useful and valid assumption given the generally low preva-
lence rates for COVID-19 [55]. However, there is additional side information (SI) 
that is available in such applications, which can improve the performance of pooled 
inference. One form of SI is knowledge of the prevalence rate. This was exploited 
by means of a probabilistic decoder based on message passing in [16]. Other forms 
of SI can include knowledge of an individual’s symptoms, medical history and 
travel history. Over and above this, knowledge of family memberships is useful SI, 
because COVID-19 is likely to spread from one family member to another. Here the 
notion of a family includes not just the conventional notion, but also includes groups 
of people in frequent close contact, such as health care professionals working in the 
same hospital wing, students sharing the same dorm, security officers working at the 
same checkpoint, etc. Furthermore, contact tracing has been widely employed as a 
means to control the pandemic [76, 77]. Such information, includes the duration of 
contact between pairs of individuals and measures of physical proximity (distance). 
Such information can be collected using one or more of the following methods: 
Bluetooth in mobile phones [78], the global positioning system [79], manual inqui-
ries by social workers [80, 81], and financial transaction data [77, 79]. There are 
privacy issues associated with the collection of contact tracing or family informa-
tion, however it should be noted that these types of side information have one 
advantage—namely that they do not require collection of medical history informa-
tion or medical data.

In [68, 82], two classes of estimators are explored to explicitly account for family 
information and contact tracing information to improve the performance of pooled 
inference. The first class of techniques involves extensions of the LASSO such as 
the group LASSO [83] or the overlapping group LASSO [84]. The group LASSO 
uses the fact that the number of infected families is small (as opposed to the number 
of individuals, as in normal sparsity). This is extended to handle overlapping ‘fami-
lies’ as determined from contact tracing information. This class of techniques uses 
quantitative information and the multiplicative noise model in RT-PCR. The second 
class of techniques in [68, 82] involves extensions of Bayesian algorithms such as 
generalized approximate matching pursuit (GAMP) to account for family structure 
and contact tracing information. This model is explicitly for binary health status 
vectors (as opposed to viral load vectors) and accounts for binary noise in the pooled 
results. This latter set of techniques explicitly accounts for person-to-person trans-
mission probabilities. Both classes of techniques demonstrate superior empirical 
performance (in terms of number of false positives and false negatives) over their 
counterparts which account for no family or contact tracing SI and use only the 
sparsity of the vector of viral loads or health statuses. Independent work in [85, 86] 
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also demonstrated the benefits of community-based SI on the performance of pool-
ing. The emphasis of the work in [85, 86] is to use the community information to 
design effective encoders, for which the authors provide theoretical analysis. They 
employ a loopy belief propagation (LBP) decoder which accounts for community 
information and show that it outperforms the basic LBP variant which does not 
account for such information. Their decoders work in tandem with binary health 
status vectors.

There exist many other pieces of work which account for SI, mostly in the form 
of prevalence rates or prior infection probabilities, but they do not do so in a non-
adaptive CS framework but rather in the framework of traditional group testing 
algorithms such as Dorfman pooling. Such individual prior infection probabilities 
can be derived based on factors such as medical or travel history, age, gender, etc. 
In particular in works such as [87–89], there is emphasis on segregating people into 
different groups based on their individual prior infection probabilities, and perform-
ing pooling of samples belonging to individuals from a given group only. This is in 
tune with recent publications from the WHO [90] which note reduction in the num-
ber of tests if pooling is performed on samples of people with similar infection 
probability values. There also exist works such as [91–94] which account for cor-
relations between samples of different individuals (represented as nodes of a graph). 
Such correlations can be obtained from various aspects of a social graph or via 
contact tracing information. However the works in [91–94] propose adaptive algo-
rithms, quite unlike the non-adaptive CS based algorithms considered in [68, 82, 
85, 86].

�Comparative Discussion and Summary

In this chapter, we surveyed the applications of AI techniques influenced by GT and 
CS algorithms to pooled testing of COVID-19 RT-PCR samples. Here, we present a 
comparative discussion of the relative advantages and disadvantages of the two 
approaches:

	1.	 Traditional approaches such as Dorfman’s method are two-stage procedures. In 
particular, the output of the first stage acts as an input to the second stage. In both 
stages, RT-PCR testing is required, and the two stages cannot be executed in 
parallel. Such approaches are termed ‘adaptive’. On the other hand, non-adaptive 
GT and CS based approaches test all pools in parallel and the individual health 
status values are made available. These are only single-stage approaches and 
also referred to as being ‘one-shot’. Note that even if these non-adaptive 
approaches employ different algorithms in a sequential manner (e.g., [12, 37]), 
there is only one testing stage. As RT-PCR is a time-consuming process requir-
ing about 4 h, a single-stage procedure is more efficient in terms of time.

	2.	 Adaptive approaches typically have shown lower false-negative and false-
positive rates as compared to non-adaptive approaches [12, 62], even though the 
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non-adaptive approaches do perform quite well. However the work in [12] which 
focuses on non-adaptive CS-based algorithms typically reports a requirement of 
fewer tests than with Dorfman’s method, besides the fact that the former algo-
rithms do not require more than one stage of testing unlike Dorfman’s method 
which requires two stages. A similar set of simulations were run here for differ-
ent number of infected samples (in simulation) and comparative results for 
Dorfman pooling and the Comp-Sbl algorithm from section “Details of 
Algorithms” are presented in Figs. 2.6 and 2.7.
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Fig. 2.6  Average number of tests, i.e. number of pools (top sub-figure) and optimal poolsize (bot-
tom sub-figure), required for Dorfman pooling with n = 961 samples, with s denoting the number 
of infected samples. Dorfman pooling yields no false positives or false negatives. Compare these 
results with the sensitivity and specificity results with the CS algorithm Comp-Sbl in Fig. 2.7. 
These results are similar to Tables 3 and 6 of [12]
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algorithm Comp-Sbl with m = 93 pools and n = 961 samples, where the number of infected sam-
ples is denoted as s. Compare these results with the number of tests required for Dorfman pooling 
in Fig. 2.6. The variance values for all entries are very small. As can be seen, the number of pools 
required is smaller than that for Dorfman pooling. These results are similar to Tables 3 and 6 of [12]

	3.	 Both classes of methods require prior knowledge of the number of non-zeros in 
f to configure the optimal number of tests. Also see section “Choice of Number 
of Pools”. In the existing literature, however, this knowledge has not been explic-
itly used for configuring the number of required tests.

	4.	 With some exceptions, most adaptive techniques work in a regime where f is 
binary. The selection of non-adaptive approaches should typically depend on 
what type of output is required. When one seeks to recover the viral loads for 
diagnosis (as in Example 2.3), non-adaptive approaches that use CS naturally 

2  AI for Pooled Testing of COVID-19 Samples



54

treat f as non-negative real-valued [12, 13, 37, 56]. When one is interested in 
merely identifying the presence of infection, GT methods are natural candidates 
being designed for regimes where f is binary, though one can also adopt binary 
variations of CS techniques, see, e.g., [16, 85, 86].

Pooling for RT-PCR has been employed on the ground in several countries and uni-
versity campuses. An incomplete list of this is presented in [95]. In most of these 
places, each pool typically contained contributions from about a dozen or two dozen 
samples. The listing at [95] includes many provinces/states in countries such as 
USA, UK Switzerland, India, Ecuador, Israel, China, Belgium, Brazil and many 
others. The listing mentions several large pooling based studies or experiments, 
involving thousands and occasionally even millions of samples. Most of these 
experiments employed GT techniques, most commonly Dorfman pooling 
(Algorithm 2.1), although a few employed CS based methods [56, 96] as explained 
in section “Compressed Sensing for Pooled Testing for COVID-19”. The usage of 
pooling was shown to yield notable savings and considerable increase in testing 
throughput [97]. We believe that this widespread usage of pooling amply illustrates 
its practical relevance during this pandemic. This also illustrates the importance of 
artificial intelligence and algorithmic tools in combating the spread of COVID-19.

The AI algorithms covered in this survey chapter typically do not require training 
in the conventional sense that many AI techniques use. However the algorithms can 
benefit from prior information which can be ‘learned’ by observing relevant 
COVID-19 data. This includes inference of prevalence rates as explained in section 
“Choice of Number of Pools”, or the choice of optimal thresholds in compressed 
sensing algorithms (see section “Details of Algorithms”) to decide whether certain 
viral loads are to be regarded as zero or non-zero, or side information as explained 
in section “Use of Side Information in Pooled Inference”. One could further incor-
porate ideas from AI or ML techniques that have mined useful knowledge from 
available data regarding the spread of COVID-19, including information from the 
epidemiology literature [98]. The incorporation of such information to improve the 
performance of pooling is a good avenue for future research.
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�Introduction

The initial outbreak and subsequent emergence of the COVID-19 pandemic trig-
gered a worldwide surge in the research and development of diagnostics, vaccines 
and therapeutic drugs. The unprecedented speed at which effective and safe prod-
ucts were developed—to diagnose, prevent and treat the new disease—has been an 
astounding triumph of modern science, engineering and medicine. A critical analy-
sis of both the successes and shortcomings of these efforts can reveal how even 
higher speeds of development and increased efficacy of treatment might be achieved 
in the future—to develop further treatments for COVID-19, and to prepare for future 
epidemics and pandemics. In particular, the deployment of Artificial Intelligence 
(AI)-based approaches across the continuum of drug development offers unprece-
dented advantages in terms of technical flexibility and efficiency (i.e. speed, 
resource-efficiency, algorithm adaptability) and clinical applicability and accept-
ability (i.e. scientific rigor, physiological applicability of findings, practical imple-
mentation). For this reason, harnessing this enormous potential of AI-based 
approaches for drug discovery, development and drug repurposing has been a cru-
cial aspect of a strategic response to the COVID-19 pandemic, and will likely 
remain essential towards effective pandemic preparedness.

Following epidemic and pandemic emergence, the rapid deployment of effective 
therapeutics is essential while vaccines are developed in parallel. Due to constrained 
industry operations, stress on healthcare systems, and impacted supply chains that 
inevitably result from pandemic conditions, drug repurposing has traditionally 
served as a first option to identify early therapeutic candidates. This was indeed 
apparent at the onset of the COVID-19 pandemic, where considerable research and 
medical focus were given to drug repurposing. Already clinically available drugs 
have the potential to be repurposed against an emerging infectious threat without 
the need to establish toxicological profiles and conduct pharmacokinetic–pharma-
codynamic (PKPD) analyses de novo. This approach allows a rapid path to imple-
mentation in medical practice. In response to the COVID-19 pandemic, several 
approaches aimed to use AI to identify drug candidates for repurposing by screen-
ing existing data sources: drug libraries, scientific literature, and molecular data-
bases to identify promising mechanisms of targeting SARS-CoV-2, predict binding 
affinity between drugs and SARS-CoV-2, and simulate interactions between virus, 
host and drugs in the human and virus interactomes [1–3]. Drug repurposing work-
flows typically rely on in vitro drug sensitivity assays, which yields promising first 
steps towards further validation in preclinical models and potential clinical studies. 
However, these approaches have rarely yielded actionable outcomes. In addition, 
early repurposing efforts have also included attempts to develop drug combinations. 
However, conventional combination therapy development strategies that are purely 
mechanism-driven are fraught with limitations introduced when small pools of can-
didate therapies are used for combination design, among others, which have col-
lectively led to an inability to successfully translate into positive clinical benefit. 
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These findings illustrate the key difference between drug sensitivity and true opti-
mization, where the systems-level strategies are used to optimally combine thera-
pies at correctly identified doses.

When repurposed drugs serve as the first-line therapeutic intervention against a 
novel and unknown pathogen, it is important to think beyond single-agent therapy, 
since repurposed candidates are not developed specifically for the pathogen in ques-
tion. This is why truly optimizing the design of repurposed combinations may be 
absolutely essential for an effective initial pandemic response. Combining multiple 
drugs together is a strategy with potential to further boost the treatment efficacy by 
tapping into multiple disease and drug mechanisms simultaneously. However, iden-
tifying an effective multi-drug combination is not a trivial task even without the 
unusual circumstances of a pandemic. Importantly, pinpointing the best possible 
combinations also requires considerations beyond drug synergy, as synergy between 
compounds alone is unlikely to guarantee a positive clinical response. Conventional 
screening and combination therapy design methods are commonly based on testing 
possible combinations one-by-one. For practical reasons, drug doses are usually 
fixed as an evaluation of n drugs at d doses requires dn experiments, which means 
that with as little as four dose levels for 12 different drugs, over 16 million (= 412) 
experiments would be needed. As a result, some of the combinations that could have 
been effective at different dose ratios, are discarded without testing. AI is uniquely 
suited for supporting an approach that identifies optimal combinations of both drugs 
and dose levels in a high-dimensional interaction space. The AI-based, mechanism- 
and disease-agnostic platform IDentif.AI has shown promise in rapidly identifying 
optimized combination therapies that could be applied to new strains of SARS-
CoV-2 and other pathogens [4–6].

The use of AI to identify drugs and drug combinations for repurposing bears the 
promise of exceedingly rapid development and better risk/benefit profiles of thera-
peutics for COVID-19 and possible future infectious threats. In this chapter, a selec-
tion of AI-based approaches that showcase the potential of AI for drug repurposing 
in COVID-19 are described, and the IDentif.AI platform is reviewed as an applied 
example in this field. The role of Real-World Data (RWD) for use in these platforms 
is also discussed. Lastly, an outline of future possible directions in preparing for 
rapid response to future variants and new pathogens is provided.

�Desirable Features of AI for Drug Repurposing 
in Pandemic Response

Shortly after the announcement of a novel coronavirus in January 2020 by the World 
Health Organization (WHO), extensive research efforts to discover and develop 
drugs against COVID-19 were promptly set in motion globally. The traditional drug 
discovery and development process of novel drugs often requires a long time. As 
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such, drug repurposing presented a vital strategy as the first response to the disease 
outbreak while research on the discovery of novel compounds was still underway. 
To date, a variety of computational approaches have been deployed to expedite drug 
repurposing efforts, such as deep learning-based knowledge mining, network-based 
analyses and in silico modelling. These techniques can be used to screen large drug 
databases containing up to thousands of therapeutic drugs and search vast troves of 
medical literature within days [1, 3, 5, 7–9].

To fully evaluate the suitability of AI for drug repurposing, it is important to first 
understand key desirable features that allow AI applications to meaningfully sup-
port a rapid and sustained response in a pandemic context. In this section, we cate-
gorize these desired features into two groups: technical flexibility and efficiency; 
clinical applicability and acceptability.

�Technical Flexibility and Efficiency

Flexibility and efficiency, in general, refer to the technical ability of the AI platform 
or AI-based methodology to be applied for timely, resource-efficient and adaptable 
usage at different stages of a pandemic. The need for such flexibility and efficiency 
arises, in part, because of the rapid pace with which infectious pathogens spread and 
mutate, while overburdening medical infrastructures and causing precipitous dam-
age to economies and societies. Given the time criticality of a pandemic—and 
hence, the shortened timeline for effectively identifying therapeutic interventions—
speed is of essence. To this end, AI-based approaches can play a crucial role in 
rapidly screening large drug databases and real-world clinical data to identify poten-
tial therapeutic drugs quickly and efficiently.

Moreover, the sudden onset of disease outbreaks inevitably leads to severe 
resource constraints and overburdening of biomedical research infrastructure. AI 
applications therefore need to be characterized by efficiency, both in terms of low 
resource requirements for their implementation, as well as in their ability to improve 
resource utilization in the overall drug development process. In particular, pandemic 
responses must contend with resource constraints—such as limited access to the 
virus, cells and appropriate laboratory infrastructure [e.g. Biosafety Level 3 (BSL-3) 
laboratories that are required for experiments with air-borne infectious pathogens, 
such as SARS-CoV-2]. AI applications should therefore help alleviate bottlenecks 
by identifying and prioritizing promising candidates for further experimental vali-
dation, thereby helping to ensure that scarce laboratory resources are prioritized for 
promising leads.

However, even as AI applications can expedite drug repurposing efforts and opti-
mize resource utilization, it is important to ensure that they do not inadvertently 
create new bottlenecks and operational challenges. It is therefore crucial to ensure 
that, wherever possible, computational infrastructure, complexity and cost is mini-
mized, so that applications are easy to run, test, and maintain. Moreover, these 
applications need to be accompanied with clear, straight-forward operational 
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protocols, so that operators can efficiently make use of them with minimal training. 
These technical requirements—in terms of software, hardware, learning processes 
and operational protocols—are crucial for ensuring that AI applications are easily 
accessible and require as low resource utilization as possible in terms of human 
resources and energy consumption.

Finally, as seen with COVID-19, pandemic responses are dynamic processes due 
to the constant mutations of pathogens and the quickly evolving knowledge about 
drugs, targets and pathways. Effective responses must stay abreast of these dynamic 
developments, to ensure that new variants do not compromise the efficacy of treat-
ments, and that the most up-to-date knowledge about the pandemic is being included. 
For this reason, the ability to re-learn—to continuously respond to evolving infor-
mation by being able to easily incorporate new knowledge about drugs, targets and 
pathways—is a key consideration for the effective use of AI-based models in pan-
demic drug development.

�Clinical Applicability and Acceptability

This category of desired features focuses on the clinical applicability and practical-
ity of AI applications to facilitate in the discovery of clinically deployable therapeu-
tic drug solutions. Here, one key consideration is to ensure that AI system’s findings 
are delivered to clinical practitioners in a manner that inspires confidence, trust and 
willingness to include them in a clinical setting. As such, to ensure that AI applica-
tions are trustworthy and accepted, their technical performance must be consis-
tently reliable, and their findings should be presented with a scientific rigor including 
clear explanations and well-reasoned justifications.

Moreover, many currently pursued AI applications for drug repurposing produce 
predictions based on literature mining, experimental datasets on human and virus 
interactome, and molecular interactions. As a result, such applications often face a 
translational gap. To ensure their clinical applicability, it is important for users of AI 
models to incorporate physiological/biological applicability of the proposed treat-
ment options. This includes ensuring that drug candidates proposed for clinical use 
are explainable with regard to the proposed mechanism of action, not just reliant on 
“black-box” predictions, in order to be accepted by the clinician community. It also 
needs to be clear that drug candidates identified via AI applications still need to 
undergo prospective experimental validation in clinical trials before wide clinical 
adoption. For repurposing of drugs already in clinical use, and for monitoring of 
new drugs in clinical practice, RWD analysis may be employed to verify safety and 
efficacy profiles.

Finally, another key gap between AI applications and the clinical implementation 
of their findings centers on practical and public health considerations. It includes 
consideration of whether proposed treatments are practically possible to distribute 
and administer in the intended care setting, taking into account administration form 
and other pharmaceutical aspects. For example, developers need to ask if proposed 
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doses of repurposed drugs are available especially in the face of inevitable supply 
chain disruption, are the costs of the drugs feasible or prohibitively expensive, can 
more resource-demanding forms of delivery such as intravenous administration be 
performed in the intended setting or is only peroral administration possible? To 
overcome such challenges, the use of AI applications should also consider the 
social, economic, and regulatory contexts that might hinder the clinical implemen-
tation of their findings.

�Major AI Applications for Drug Repurposing in Response 
to COVID-19

�Knowledge Mining

Knowledge mining approaches leverage on publicly available biomedical literature 
and databases to construct comprehensive medical knowledge graphs containing 
different entities and their relationships, where entities may be drugs, diseases, pro-
teins, genes, pathways and are represented as nodes or vertices, and relationships 
may be drug–host interaction, drug–target interactions, protein–protein interactions 
which are represented as edges or links [10]. In this field, AI plays a big role, as a 
variety of different AI algorithms are often incorporated to facilitate and speed up 
the knowledge mining process. A widely published application of AI-based knowl-
edge mining during the COVID-19 pandemic is the BenevolentAI’s knowledge 
graph which assembles multiple networks of structured medical information with 
machine learning support [11] to identify drug target and potential therapies against 
SARS-CoV-2. The BenevolentAI platform predicted baricitinib, a drug approved 
for clinical use in rheumatoid arthritis treatment, to be able to modulate immune 
system response and to have anti-viral effect in patients with COVID-19 [3, 12]. 
CoV-KGE is another AI-based knowledge graph developed to speed up drug repur-
posing efforts specifically for COVID-19. In 2020 it was reported to encompass 15 
million edges across 39 types of relationships between drugs, diseases, proteins, 
genes, pathways and expressions, onto which a deep learning graph representation 
technique was employed to identify drugs with potential for treating COVID-19 
[13]. Of 41 drug candidates identified by CoV-KGE, 26 drugs (e.g. dexamethasone, 
melatonin) have entered prospective clinical trials [14].

A key advantage of knowledge graph applications are their technical flexibility 
and efficiency in extracting and structuring substantial amounts of publicly available 
scientific literature and data in order to generate new hypotheses within a short 
period of time. Analysis of existing data on drugs, drug–target interactions, drug–
disease interactions and disease pathology of previously known coronaviruses (e.g. 
SARS-CoV-1, MERS-CoV) helped identify therapeutic drug candidates for 
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SARS-CoV-2 even in the early days of the outbreak. For instance, BenevolentAI 
proposed baricitinib in a Correspondence to The Lancet in early February 2020—
just 1  month after WHO released a statement on the discovery of SARS-CoV-2 
outbreak in China [3]. In addition to the speed advantage, applying modern AI tech-
niques to comprehensive knowledge graphs [11, 13] enables systematic screening 
of large libraries of approved drugs, clinically investigational drugs and/or experi-
mental drugs (BenevolentAI: 378 drugs, CoV-KGE: 3481 drugs) in a faster and 
more resource-efficient manner than traditional experimental high-throughput 
screening. Thus, going forward, it would be valuable to position knowledge mining 
applications at the frontline of efforts to prioritize drug candidates for further testing 
based on mechanistic perspective, especially in cases where understanding of 
emerging new diseases is still limited. Additionally, knowledge mining algorithms 
are able to re-learn and incorporate new disease-specific evidence as understanding 
of the disease increases and new datasets are published throughout the pandemic 
timeline to improve the performance of the approach. For example, Ge et al. [15] 
observed an improvement in the prediction results after updating their knowledge 
graph with a newly published dataset of human protein–virus protein interactions. 
The CoV-KGE team sought to validate their predictions against clinical evidence 
from ongoing COVID-19 trials and transcriptomic and proteomics data in SARS-
CoV-1/2-infected human cell lines in consolidating the final list of 41 drug candi-
dates for repurposing [13].

However, knowledge mining applications are not without limitations. Although 
these approaches can optimize resource utilization, they may incur high costs and 
bottlenecks arising from the resource requirements for data management (e.g. data 
collection, data access and data transfer), and computational operation (e.g. AI com-
putation, data cleaning and filtering). For instance, CoV-KGE uses DGL-KE—a 
high-performance but expensive deep learning package [13]. Consequently, the 
team had to operate with a limited quality graph to maintain a low cost while keep-
ing the screening process expedient.

In terms of clinical applicability and acceptability, comprehensive knowledge 
graphs that incorporate pre-clinical and clinical evidence (including COVID-19) 
indicating the physiological and biological applicability of predicted drugs for use 
in patients may facilitate a faster translation into clinical practice. Shortly after iden-
tifying baricitinib using the BenevolentAI platform in early 2020, Stebbing et al. 
[16] demonstrated its dual anti-viral and anti-inflammatory efficacy in in vitro and 
in vivo SARS-CoV-2 models and a case series of 4 patients with bilateral COVID-19 
pneumonia. These preliminary findings led to initiation of larger randomized con-
trolled trials (RCTs) such as the Adaptive COVID-19 Treatment Trial 2 (ACTT-2; 
NCT04401579) [17] and CoV-BARRIER (NCT04421027) [18] to test the safety 
and efficacy of baricitinib. Baricitinib received the first emergency approval for use 
in combination with remdesivir in November 2020, and as a monotherapy in 
December 2021.
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�Network-Based Analysis

Network-based analysis in drug repurposing uses a variety of network-based algo-
rithms and integrates systems pharmacology with network science to create models 
of human protein interactomes that represent the molecular networks of the virus–
host interactions, protein–protein interactions (PPIs), functional associates and 
drug–target interactions [8, 10]. Drug candidates are identified based on the extent 
of their interactions with the protein targets and potential effect on the disease mod-
ule. Several network-based strategies falling under the broad definition of AI [19, 
20] have been applied to identify drug repurposing candidates for COVID-19. 
Network proximity-based approach predicts drug effect based on the distance 
between the viral protein target and target proteins of drugs within human interac-
tome [9, 21, 22]. Diffusion-based methods predict drugs based on similarity between 
the drug targets and viral protein targets [8]. Artificial neural networks such as graph 
convolutional network [8] and autoencoders [7] can combine multiple data sources 
to predict drug efficacy. A multimodal workflow of several different network-based 
strategies can also be combined to cross-validate the prediction results and consoli-
date a reliable drug list [8]. Also, Zhou et al. [9] used network analysis to identify 
potential two-drug combinations based on identifying the shortest distance between 
the protein targets of two drugs in the ‘Complementary Exposure’ pattern.

The strategy of network analysis for drug repurposing is potentially a powerful 
approach owing to its flexible theory that drugs targeting one disease might work in 
another in a similar functional PPI network. In the work in early 2020 by Zhou et al. 
[9], prior knowledge of molecular interactions between drug targets and closely 
related known pathogens (e.g. SARS-CoV, MERS-CoV, IBV, MHV, HCoV-229E, 
and HCoV-NL63) was used to quickly identify 16 potential drug candidates, of 
which 9 drugs are currently tested in clinical trials for COVID-19 treatment [14].

However, although network-based approaches have high flexibility in incorpo-
rating data from different domains, their technical efficiency may be limited by sev-
eral factors. First, these approaches are highly reliant on high data availability, and 
a potential limitation is therefore the lack of the high-quality public datasets needed 
to construct reliable networks. Consistency and quality of data are also often limited 
by various factors, including data completeness, differences in experimental assays 
and cell lines across different studies. Therefore, substantial effort and coordination 
across laboratories worldwide would be required to generate high-quality experi-
mental datasets and build standardized data resources suitable for comprehensive 
network-based approaches. Additionally, updating the networks with sufficient 
experimentally derived SARS-CoV-2-specific omics data is essential to facilitate 
the re-learning process of the algorithms in order to continuously improve the pre-
diction quality throughout the pandemic timeline. However, keeping the databases 
up-to-date with continuous generation of high-quality experimental SARS-CoV-2 
data for network deployment requires time and resources that may create opera-
tional challenges and inefficiency given the already severe resource constraints 
worldwide.
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In evaluating the clinical applicability and acceptability of network-based appli-
cations, it is evident that the physiological/biological applicability of the prediction 
results was taken into account by many network-based studies. As the interactome 
networks assemble experimentally derived PPI data (including for COVID-19), pre-
dicted drugs with existing in vitro evidence for COVID-19 can be directly tested in 
subsequent steps such as in vivo and human clinical trials. Several studies have also 
aimed to improve the applicability of the outcomes by incorporating experimental 
validation in various human cell lines [8] or validation against RWD from COVID-19 
clinical trial registry [23]. Furthermore, network-based applications may lead 
towards promising drug candidates, but clinical evidence of an optimal use of these 
candidates (e.g. co-administration with other candidates at suitable respective doses, 
dose scheduling, etc.) remains an essential aspect to properly advance their develop-
ment. Importantly, the clinical validation of a single agent opens the doors to even 
further enhancing the application of this agent through continued combinatorial 
optimization. Synergistic drug combinations could be more effective than single-
agent therapies while requiring lower drug doses, and therefore, offering a poten-
tially safer, less toxic, and more preferred option by the clinical community for drug 
repurposing [24]. Considering the clinical applicability and acceptability of find-
ings on combinatorial therapies, Zhou et al. [9] also aimed to search for efficacious 
drug combinations using the abovementioned ‘Complementary Explosure’ pattern 
to identify potential synergistic drugs that target the same virus–host network but in 
separate neighborhoods in the human interactome.

Lastly, it should be kept in mind that network-based approaches should not be 
regarded as exhaustive when it comes to identifying drug repurposing candidates. 
Despite the many advantages of network-based analyses, the clinical applicability 
of their results is limited by the scope of the networks used. The types of drugs 
predicted may be limited to drugs with certain modes of interactions represented in 
the network (e.g. drug–host interaction only, drug–virus interaction only). Direct 
virus-targeting drugs such as remdesivir were not identified by drug–host interac-
tion network [9]. In addition, the type of experimental models used to construct the 
network may also influence the drug ranking or restrict the types of drugs that can 
be screened. For example, loratadine was not ranked highly in a study by Gysi et al. 
[8] which was based on an in vitro experimental model with African green monkey 
kidney Vero E6 cells, but showed antiviral effect in human intestinal epithelial 
Caco-2 cell line [25]. Furthermore, dexamethasone and hydrocortisone, which do 
not have antiviral effects, were shown to reduce cytokine storm and achieve a lower 
28-day mortality in COVID-19 patients [26], but were not identified by networks 
screening for drugs with antiviral interactions [9]. This experience points to network 
analysis as a useful approach for identifying promising drug repurposing targets, 
but not for ruling out candidates. Furthermore, as with all model-based approaches 
to drug repurposing, drug candidates identified by networks analysis, must still 
undergo further prospective testing in COVID-19 patients, especially if it based on 
little or no SARS-CoV-2-specific data.
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�In Silico Modelling

In silico methods rely on predicting the drug–target protein interactions and binding 
affinities of chemical compounds to target viral proteins at a molecular level to 
identify potential drugs. Conventional in silico techniques include structure-based 
drug screening, such as virtual drug screening [27] and molecular docking [28] that 
utilize three-dimensional (3D) protein structures and chemical structures of the 
drugs to predict the affinities of the drugs to the target protein. Notably, in the 
COVID-19 pandemic context, AI has significantly contributed to accelerating the in 
silico screening process while overcoming the common limitations of traditional 
docking-based applications. Incorporating machine learning algorithms (e.g. ran-
dom forest regression, [29]; Naïve Bayes classification, [30]) and deep learning 
algorithms (e.g. convolutional neural network and recurrent neural network, [1]; 
bi-directional long short term memory, [31]) in in silico workflows minimized the 
need for complex modelling of 3D protein structures in predicting the drug–target 
protein interactions. For instance, Batra et al. [29] trained random forest regression 
models using high-fidelity expensive docking studies, which were subsequently 
used to screen much larger chemical databases up to thousands of FDA-approved 
ligands. Mohapatra et  al. [30] utilized Naïve Bayes classifier to prioritize drugs 
prior to validation with costly docking simulation. Deep learning-based models, 
such as Molecular Transformer-Drug Target Interaction (MT-DTI; [1]) and 
DeepDTA [31], eliminated the need for 3D-structural data and only relied on non-
structural information such as chemical sequences (SMILES) and amino acid 
sequences (FASTA) of a target protein to predict binding affinities of drugs to target 
viral protein.

In silico modelling serves as a promising approach for drug repurposing given its 
technical flexibility and efficiency to rapidly screen large and diverse drug libraries 
up to thousands of therapeutic drugs [1, 31]. Within the first few months of 2020, 
several studies managed to deliver a list of predicted drugs, some of which are being 
tested in clinical trials (e.g. atazanavir, sirolimus) or are already authorized for 
emergency use (e.g. remdesivir). As these deep learning-based models investigate 
mechanistic drug–target interactions at a molecular level and utilize pre-trained AI 
models, they can be used to identify drugs based on their predicted binding interac-
tions with a target viral protein (e.g. 3CLpro, RdRp, PLpro) without the need for prior 
domain knowledge. On the other hand, traditional structure-based screening requires 
a large amount of high-quality 3D structural information of drug molecules and 
viral proteins to train in docking simulation, which often creates operational bottle-
necks especially when 3D-structural data may not be available for new viral threats 
with completely uncharacterized protein targets. Deep learning-based methodolo-
gies are able to overcome this technical limitation by using non-structural data in 
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building drug-interaction models [1, 31] or through an optimized use of docking 
application in conjunction with AI algorithms [29, 30]. In addition, as opposed to 
the traditional experimental high-throughput screening, these AI-assisted method-
ologies do not require access to laboratory facilities and resources to identify drug 
candidates. Thus, they may be useful as the first response to an unexpected disease 
outbreak and can help identify and prioritize promising candidates in a way that 
optimizes resource utilization. In addition, in silico workflows are adaptable and can 
also be applied throughout a pandemic timeline by expanding the drug search space 
and re-learning when new viral protein targets are identified.

A potential limitation of in silico approaches is the lack of consideration for their 
clinical applicability and acceptability. Published in silico studies often focus on 
reporting their technical methodologies and performance accuracy instead of iden-
tifying drugs for repurposing [14]. Drug candidates predicted across studies vary 
substantially as the studies use different evaluation benchmarks to rank the drugs. 
As such, prediction results cannot be compared across studies, and there is a clear 
need to standardize technical performance metrics, to allow for cross-examination 
across studies to increase confidence for the next step of validation of in silico pre-
dictions. Additionally, these approaches for identifying drugs based on binding 
interactions with proteins are also limited by their focus on binding mechanism to 
viral/host proteins. As an example of how this may limit the search for promising 
targets, one study found that 76 out of 77 drugs identified by a network-based meth-
odology did not have evident binding mechanisms, and therefore could not have 
been identified using in silico docking-based approaches [8].

Furthermore, while molecular interactions can be replicated in in silico applica-
tions, these approaches are limited in their ability to replicate the physiological 
conditions surrounding the complex human and virus interactomes [32, 33]. 
Therefore, in silico predictions still require multiple validation steps (in vitro, in 
vivo and clinical) before being deployed into the clinical use. Additionally, most 
studies did not take into account the practical applicability of the drugs (e.g. side 
effects, administration routes, regulatory, drug access, costs) in suggesting the final 
drug lists for further validation. In the context of the COVID-19 pandemic, in silico 
predictions were seldom included in selecting drugs for clinical trial testing, high-
lighting the translational gap between this type of AI technology and its application 
in clinic use.

In summary, the deployment of various AI platforms in the COVID-19 pandemic 
has revealed the unprecedented benefits of AI applications for drug repurposing, 
while also illuminating a range of important considerations that need to be addressed 
for clinically successful applications of AI. Understanding the strengths and limita-
tions of each of these different platforms is crucial in formulating a holistic strategy 
to effectively deploy AI at various points along the pandemic timeline.
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�IDentif.AI Platform for Rapid Identification 
of Drug Combinations

As discussed above, several AI-based approaches for identifying drug repurposing 
candidates have been applied and published in the context of COVID-19. In addi-
tion to these efforts to identify suitable single-agent therapies, there is a need to 
identify ways to optimize for potential efficacious drug combinations. Finding the 
optimal drug combination for a specific indication requires selecting not only the 
drugs but also their doses in relation to each other to uncover and benefit from 
unpredictable, dose-dependent drug–drug interactions. With traditional or brute 
force methods, investigating drug/dose interaction space one-by-one is an insur-
mountable task. The circumstances of a pandemic—when speed, reagents and labo-
ratory access are of tremendous value—call for a more experimentally prudent 
approach that can inform about the drug–drug effects in the whole interaction space 
with low number of experiments.

IDentif.AI is a small data platform that combines carefully designed live cell 
infection experiments and regression analysis to identify optimal drug treatments 
among thousands of possible multidrug combinations. At the core of the IDentif.AI 
operation is an observation that a complex biological system can be described by a 
smooth quadratic surface with the drug dose input and phenotypic outputs serving 
as the variables behind that surface, and that surface being clinically applicable 
[34–46]. This observation set the foundation for a selection of a specific network of 
data points in the multidimensional drug and dose interaction space for experimen-
tal testing. The network of data points can be identified via orthogonal array design 
(OAD), or OAD combined with a factorial design (FD) to form orthogonal array 
composite design (OACD) [47]. OAD or OACD selected data points together with 
the quadratic input–output relationship allow inference about the whole interaction 
space based on a small experimental set and therefore significantly lower the num-
ber of experimental combinations for testing. This property made it particularly 
suitable for personalizing drug combinations for cancer patient as applied by a qua-
dratic phenotypic optimization platform (QPOP) already validated in cancer patients 
[48, 49]. In the infectious disease field, this approach was used to identify an opti-
mal drug combination to treat tuberculosis [50–52] and human immunodeficiency 
virus (HIV; clinical validation) [53], among others.

�Project IDentif.AI

IDentif.AI as a pandemic preparedness platform was first demonstrated in Project 
IDentif.AI study performed in the extra-ordinary circumstances of limited labora-
tory access and time pressure of the early pandemic days. Abdulla and co-authors 
demonstrated that it is possible to interrogate a prohibitively large drug-dose param-
eter interaction space of 12 drug candidates against a virus in as little time as three 
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days [4]. A549 human lung cell line infected with vesicular stomatitis virus (VSV), 
was used as the model for experiments. Viral infection rate after 12 h of infection 
served as the phenotypic output while the drug and dose of the treatments co-
administered with the virus served as the inputs. The 12 drugs were selected based 
on the need to achieve clinical applicability and acceptability of the approach, tak-
ing into account their safety profile, potential of efficacy either based on prior evi-
dence against other viral pathogens or their hypothesized mechanism-of-action, 
tolerability by broad patient groups, access, and potential for adoption into clinical 
practice.

The experimental procedures comprised four steps (Fig.  3.1), with carefully 
scheduled time points for cell plating, drug(s) and/or virus additions, incubation, 
and experimental readouts.

The first step optimized viral infection conditions [cell plating density and the 
amount of virus added reflected by multiplicity of infection (MOI)] to result in a 
compact experimental infection model where majority of the cells are infected after 
12 h of incubation with the virus. The second step comprised testing the toxicity and 
efficacy of increasing concentrations of single drugs. The monotherapy testing 
results were the basis for selecting drug levels in the network of data points—drug 
combinations—for further testing. The third step experimentally tested 72 drug 
combinations and revealed a wide range of their antiviral properties. The analysis 
based on a quadratic relationship between the drugs, their doses and infection rate, 
together with STRICT algorithm analysis to identify quantitative drug interactions 
[54] pinpointed 5 drugs of high antiviral interaction potential for validation. The 
final step validated the interaction between the 5 drugs with experimental testing of 
30 combinations as designed with the OAD.

The analysis revealed the drug and dose dependence of the combinations’ antivi-
ral properties. The most optimal drug–dose combination comprised of 4 drugs and 
lowered the viral infection rate to 1.5% of the cells. Changing the concentration of 
one of the drugs lowered the combination’s efficacy to 10.7% cell infection rate, 
while changing the drugs’ concentrations and swapping one of the drugs for the fifth 
drug in the pool lowered the combination’s efficacy and resulted in 21.6% cell 
infection rate. The optimal combination could have been simply overlooked if the 
concentration range was not considered. Additionally, the analysis allowed to 
identify smooth surface interactions between three drug pairs that may serve as 
mechanistic insights and can be further investigated for their clinical potential.
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Fig. 3.1  Project IDentif.AI experimental schedule demonstrates a compact workflow that achieves 
data collection, IDentif.AI analysis and experimental validation within 3 days. (Adapted with no 
change from [4])
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�IDentif.AI for Drug Optimization Against SARS-CoV-2

Shortly after Project IDentif.AI demonstrated the potential for robust optimization 
of combinations from repurposed drugs against a viral infection in the VSV model 
[4], the IDentif.AI platform was used to identify an optimal drug combination 
against SARS-CoV-2 [5]. In the presence of only fractional clinical data at the time, 
11 of the 12 drugs were included in the study based on their hypothesized anti 
SARS-CoV-2 properties by affecting a range of pathways: viral entry, viral replica-
tion, viral RNA-synthesis, and viral release. The 12th drug, dexamethasone, was 
added to identify combinations that were aligned with the clinical guidelines at the 
time that recommended dexamethasone as a therapy for COVID-19-induced acute 
respiratory distress syndrome. African green monkey kidney Vero E6 cell line 
infected for 72 h with SARS-CoV-2 isolated from a local patient was used as the 
model for the efficacy experiments. Drug safety was additionally measured in 
THLE-2 human liver and AC16 human cardiomyocyte cell lines, also after 72 h 
incubation.

The study lasted 2 weeks and had 4 steps: (1) drug-dose selection, (2) experi-
mental drug combination treatments, (3) IDentif.AI analysis, and (4) experimental 
validation of the analysis results (Fig. 3.2).

The first step aimed to identify two concentration levels of each drug to be 
included in the combinatorial experimentation. The concentration levels were iden-
tified based on the experimental efficacy and safety of the monotherapies as well as 
clinical actionability. The drugs were co-administered with the virus, and the virus’ 
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Fig. 3.2  IDentif.AI workflow comprising of two experimental steps with live cell infection model 
to prospectively collect the data, IDentif.AI analysis step, and an experimental validation step. The 
whole workflow was performed in 2 weeks. (Adapted from [5])
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cytopathic effect (CPE) after 72 h of incubation was used as the phenotypic output. 
10% and 20% absolute effective concentration (EC10 and EC20) for each drug were 
selected. Those low concentration levels ensured that none of the drugs was over-
represented and overweighted the surface in the combinatorial results analysis. The 
EC10 and EC20 values were then compared against maximum plasma concentration 
in human studies (Cmax) to avoid using drug concentrations unrealistically high to be 
physiologically achievable in patients. The study used 10% Cmax as a universal cut 
off drug concentration of what the target cells may experience in a human body. 
This step of the IDentif.AI study stems from the characteristics of repurposed drugs: 
already tested and known PK like Cmax and plausibly lower efficacy against a new 
indication than the efficacy against the original indication the drug was developed 
for. Inputs that are by design conducive to the result’s physiological actionability are 
critical in ensuring that the AI application yields data of the highest downstream 
usability in a clinical practice. Accordingly, out of the pool of 12 drugs only one 
drug, remdesivir (RDV), achieved EC20 below the 10% Cmax cut off. The selected 
concentrations for combinatorial testing of the remaining drugs were derived from 
their Cmax instead of their efficacy data.

In the second step, 100 drug combinations were designed using OACD to probe 
the 12 drug–dose interaction space. The CPE results of testing the drug combina-
tions were used for multiparameter IDentif.AI analysis. The experimental data—
drugs and their doses as inputs and normalized CPE Inhibition as the output—analyzed 
with a quadratic series revealed a comparative ranking of drug combinations accord-
ing to their efficacy. The drug combinations comprising of 4 drugs or less accounted 
for 9968 drug combinations. Among those, IDentif.AI analysis pointed at unfore-
seen interaction between remdesivir and lopinavir (RDV/LPV) which formed the 
top two-drug combination (Fig. 3.3). The combination of RDV/LPV co-administered 
with ritonavir (RDV/LPV/RTV) was the top three-drug combination and was pres-
ent in all top ten four-drug combinations. RDV/LPV and RDV/LPV/RTV were also 
higher ranked than RDV on its own. The IDentif.AI analysis ranked LPV/RTV at 
place 1261 and hydroxychloroquine combined with azithromycin at place 5161—
the results that are aligned with suboptimal outcomes of clinical validation of those 
drug combinations.

Due to its adaptability, IDentif.AI also allows to infer about the unforeseen inter-
actions leading to increased cytotoxicity of the drugs. Drugs were added to the cells 
without the virus according to the same OACD-identified 100 drug combinations. 
Drugs and their doses served as inputs, while cytotoxicity (based on cell CPE) was 
used as the output. The experimental results and the following IDentif.AI analysis 
indicated that adding additional drugs did not increase cytotoxicity in Vero E6 nor 
in AC16 cells, but increased cytotoxicity in THLE-2 cells. Interestingly, adding 
dexamethasone was predicted by the IDentif.AI analysis to lower the cytotoxicity 
induced by RDV/LPV/RTV in THLE-2 cells.

In the final phase, the IDentif.AI analysis results were experimentally validated. 
The selected 9 drugs in combination and in monotherapies were added to the Vero 
E6 cells (with and without co-addition of the virus) and to the AC16 and THLE-2 
cells. The in vitro experimental results demonstrated a 6.5x increase in efficacy of 
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Fig. 3.3  Drug interaction surfaces demonstrating combined efficacy against SARS-CoV-2 gener-
ated by IDentif.AI in step 3 of the workflow. (Adapted from [5])

RDV/LPV/RTV when directly compared to the efficacy of RDV alone. RDV/LPV/
RTV lead to complete viral inhibition at clinically actionable doses. Direct measure-
ments in the validation set also revealed that when provided to the cells at the clini-
cally actionable doses none of the four regimens considered to be strong clinical 
candidates at the time exceeded 20% viral Inhibition. Those regimens were inde-
pendently found to fail the clinical trials.

�IDentif.AI 2.0 Platform in an Evolving Pandemic

IDentif.AI platform is well suited in terms of its ability to re-learn and include new 
circumstances to evolve with the evolving pandemic. The platform includes updated 
data that are generated prospectively by performing a new set of experimental using 
the latest pathogen variant(s) and the drug candidates based on the latest knowledge.

In early Summer 2021, the IDenif.AI platform—called IDentif.AI 2.0—was 
modified to the pandemic context of the time and used to identify drug combinations 
effective against the emerging SARS-CoV-2 variants of concern: B.1.351 (Beta) and 
B.1.617.2 (Delta) [6]. Like the IDentif.AI study against SARS-CoV-2 from 2020, 
IDentif.AI 2.0 had 4 steps (Fig. 3.4a) and used Vero E6 cell line infected for 72 h with 
SARS-CoV-2 isolated from a local patient as the model for the efficacy experiments. 
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The drugs toxicities were additionally measured in THLE-2 and AC16 human cell 
lines at the validation stage. The initial 12 drug screening pool included 9 new drugs 
and RDV, LPV and RTV for a comparison with the 2020 study. IDentif.AI 2.0’s 
adaptability facilitated narrowing the drug screening pool to 6 drugs to align with the 
laboratory guidelines while minimizing experimental variation. Within 3 weeks the 
study identified EIDD-1931 (the active substance after metabolism of molnupiravir) 
to have a potential for becoming a backbone of a range of combinatorial anti-SARS-
CoV-2 therapies. IDentif.AI 2.0 was adapted to a specific pandemic and resource 
context and generated ranked list of combinations envisioned to support decision on 
which combination therapies to prioritize for further testing (Fig. 3.4b).

�IDentif.AI as a Pandemic Preparedness Platform

The IDentif.AI approach for drug discovery has several characteristics that ensure 
high technical flexibility and make it particularly suitable as a pandemic prepared-
ness platform. In the three described examples above, the IDentif.AI workflow took 
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between 3 days to 3 weeks [4–6]. This is a staggering speed of interrogating an 
interaction space that for 12 drugs consists of 530,000 drug–dose combinations. An 
additional advantage is lowering the requirement of resources and workload as the 
pandemic onset may limit access to resources, laboratory personnel and even labo-
ratory space. IDentif.AI is indication- and mechanism-agnostic. This means that it 
can be adapted to new infectious disease threats in the form of new pathogen vari-
ants or altogether new pathogens. IDentif.AI can also be performed with limited 
knowledge of the threat typical for the early days from the pandemic onset—it is not 
reliant on a detailed understanding of the action mechanism of the pathogen or the 
candidate drugs. It is also able to incorporate new potential drug candidates and new 
pathogen variants as they emerge over time. Additionally, as all the data inputs for 
the analysis are prospectively generated, IDentif.AI allows control over data quality 
and therefore avoids some of the common biases related to data source.

IDentif.AI is not without limitations. As all data come from an in vitro experi-
mental model, the results of the analysis should undergo a clinical validation step 
before broad deployment. Additionally, the selected in vitro experimental model 
limits the detectable interactions to those affecting the pathways present in the 
model. For example, the Vero E6 cell line used in IDentif.AI and IDentif.AI 2.0 is 
unable to reflect the effects of immunomodulation that has been demonstrated to 
alleviate severe COVID-19 symptoms in clinical practice. Similarly, the results may 
differ depending on the timepoint for adding virus and the drugs, incubation time, 
and cell culturing conditions. Understanding the limitations of IDentif.AI is neces-
sary for placing it in the right place within the drug discovery workflow—prioritiza-
tion of the combination therapies for further testing. Nevertheless, it is worth noting 
that IDentif.AI has independently replicated clinically established drug–drug inter-
actions (e.g. RTV boosting effect on LPV) and the failed anti-SARS-CoV-2 trial 
results for treatments with RTV/LPV, hydroxychloroquine combined with azithro-
mycin, and the limited clinical efficacy of the RDV monotherapy.

Several considerations were additionally included in the IDentif.AI workflow to 
increase the Clinical Applicability and Acceptability of the generated results. The 
drugs in the screening pool were selected with considerations on their practical use 
in the clinic: drug administration route (intravenous vs. peroral), cost, and access, 
among others. To this end, IDentif.AI can be designed to include drugs identified as 
accessible and deployable by a specific country or community, so as to make the 
most out of what is available in different geographical locations and economic set-
tings. In another realization, the initial drug pool for IDentif.AI screening can be 
selected to make the IDentif.AI results actionable, such as to exclude certain drug 
classes for the populations requiring their exclusion due to e.g., chronic diseases, 
risk profiles, pregnancy or cultural aspects and beliefs. An ability to tailor IDentif.
AI drug pool to the target population is aligned with the principles of precision 
public health approach.

A technical consideration included in IDentif.AI to increase clinical applicabil-
ity and acceptability was to constrain the selection of the concentration levels for 
the drug–dose combination by each drug’s maximum plasma concentration in 
human (Cmax). This strategy avoided operating with drug concentrations that lead to 
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a common pitfall of low ECx:Cmax ratio, which in turn is known to preclude transla-
tion of the in vitro results to the in vivo setting. Additionally, as IDentif.AI yields not 
one optimal drug combination, but a ranked list of the combinatory and monother-
apy treatments, it allows to compare and select treatments that are feasible for use 
in a sustainable fashion when fighting pathogen threats. For example, the IDentif.
AI-generated ranked list may inform combinatorial strategies with lower drug con-
centrations but with efficacy comparable to drug monotherapies, which may be of 
particular interest to reduce risk of the pathogen drug resistance development.

All in all, the IDentif.AI platform offers several unique features to serve as a 
pandemic preparedness platform. It also stresses the importance of immersing the 
AI platform in the context of the pandemic, understanding its limitations and a mul-
tiprong approach towards identifying the most appropriate input data to ensure 
maximal value of the generated results in a real-world setting.

�Use of Real-World Data to Identify Potential Targets 
for Drug Repurposing

Although several different definitions of the term RWD are in use [55, 56], the term 
can generally be said to encompass patient information gathered in the course of 
routine clinical practice rather than through prospective trials or other forms of 
research. In the current era of broadly implemented electronic health records (EHR), 
RWD has the obvious advantage of the abundance and immediate availability of 
data such as patient demographics, medications and surgical interventions, imaging, 
and laboratory test results, without the need for organizing prospective data collec-
tion. The potential value of RWD in drug development is therefore apparent already 
under ordinary circumstances, especially in the areas of adverse event monitoring, 
study recruitment optimization and repurposing [57], and these advantages become 
even more relevant in the time criticality of a developing pandemic. Consequently, 
initiatives have been initiated during the COVID-19 pandemic to mine RWD for 
information that can instruct drug repurposing efforts [10]. For example, analysis 
using network-based prediction and a propensity score matching of 26,779 indi-
viduals in a Cleveland Clinic Health System COVID-19 registry showed that mela-
tonin use was associated with decreased likelihood of SARS-CoV-2 positivity, 
providing support for further, prospective investigation of melatonin as a potential 
treatment against COVID-19 [23] in several clinical trials [58].

In addition to its benefit of being available for retrospective analysis of large 
patient data volumes, RWD also reflect the diversity and heterogeneity of the poten-
tial target population and different clinical settings, in contrast to the narrowly 
defined population and strictly controlled environment typically applied in RCTs.

However, there are many limitations to the applicability of RWD analysis for 
drug repurposing. Challenges in using RWD include operational feasibility (e.g., 
data access and cost, availability of relevant data needed, data protection, patients’ 

3  AI for Drug Repurposing in the Pandemic Response



78

consent, availability of hospital data source), governance (e.g., data-sharing policy, 
transparency, policy towards funding source), sustainability of data collection and 
analysis, technical feasibility (e.g. extent and completeness of data collected, docu-
mentation of time course, consistent use of terminology and data formats), and 
methodological feasibility (variability across different data sources, adequacy of 
documentation of potential confounding factors and effect modifiers such as drug 
dose and disease severity) [59]. Importantly, when considering the aforementioned 
discussion of using IDentif.AI to simultaneously reconcile extraordinarily large 
drug and dose parameter spaces, it is essential to note the specificity of data required 
in order to mediate global optimization. In these scenarios of small data-driven opti-
mization, specific permutations of drug combinations with defined doses for each 
drug are needed to accurately represent the parameter spaces. As such, the required 
dataset is carefully designed and prospectively acquired. Therefore, in the context 
of RWD, the specific datasets needed likely do not exist within current databases 
and would instead need to be prospectively acquired. These considerations shed 
light on the need to re-think the role of data acquisition and co-curation alongside 
all stakeholders in a healthcare workflow to address this key concept: We must 
move beyond the amount data acquired and think about how the data is acquired.

Indeed, the most prominent benefits of RWD, i.e. data availability and heteroge-
neity, also present the greatest limitations of using RWD for drug repurposing; lack 
of standardization of data formats mean that information from different healthcare 
providers’ systems may often not be possible to merge and pool, instead requiring 
resource-intensive and time-consuming manual data transfer which may often be 
prohibitively costly and associated with risks of introducing human error into the 
data. Such limitations might be overcome with AI, specifically with natural lan-
guage processing for automated identification and mapping of clinical data to com-
mon data standards, but thereby instead introducing the risk systematic errors in 
data transfer. Furthermore, RWD collected outside the controlled environment of 
prospective studies is notoriously prone to incompleteness and gaps in documenta-
tion and large individual variation in how and what individual clinicians actually 
record in free text health records, for example how symptoms and their severity are 
described and classified in free text. Additionally, data silos between and within 
healthcare organizations often lead to a lack of longitudinal data of each patient, i.e. 
information from different timepoints along the patient journey may be missing as 
patient events such as complication, re-hospitalization or changes in diagnostic 
results cannot be tracked over time, leading to incomplete capture of efficacy as 
well as safety outcomes. Taking these limitations into account mean that RWD 
approaches for identifying drug repurposing candidates are particularly appropriate 
in acute settings where the whole patient management sequence of interest can be 
expected to be completed within one institution (typically in the in-hospital setting 
covering the patient journey between emergency room, intensive care unit and ward 
up until discharge) and situations where data from large patient volumes can be 
accessed in order to compensate for data gaps on the individual patient level.

Furthermore, the utility of RWD as a data source is limited by the lack of bal-
anced, systematic assignment of patients to treatment arms as in RCTs, leading to 
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the risk of selection bias as a severe confounding factor when evaluating potential 
drug targets. To address such concerns, patient matching based on factors that might 
be expected to influence treatment choice is typically applied to achieve compara-
bility between treated and non-treated groups [60]. Propensity score is a commonly 
used method to calculate the likelihood of a patient receiving a specific treatment, 
and thereby provides the basis for matching in retrospective study designs. Machine 
learning applications have also been shown to calculate propensity score more accu-
rately than traditional methods based on logistic regression analysis, thereby pro-
viding an important tool in the armamentarium needed to make RWD useful in the 
identification of candidates for drug repurposing in the pandemic situation [23].

�Future Directions

The response to COVID-19 pandemic offers multiple learnings, starting from the 
early phase response. At the time, with lack of access to conclusive prospective data 
on effective treatments, clinical practitioners prescribed unproven repurposed drugs 
to a great degree worldwide, as shown in e.g. multinational network cohort study of 
RWD data sources in USA, South Korea, Spain, China [61]. Although data from 
such spontaneous repurposing efforts could have informed decisions to stop, start or 
accelerate prospective evidence generation for repurposing of available antiviral or 
adjunct drugs in COVID-19, little evidence was in fact generated in real time regard-
ing the prescribing patterns in routine clinical practice [61]. For the future, greater 
efforts to build collaborations to exchange data and apply AI approaches in analyz-
ing such prescribing data are warranted, to allow more rapid identification of poten-
tial targets for repurposing and design of prospective trials to quickly validate the 
potential utility of such target drug candidates. It is therefore a welcome develop-
ment that increased international efforts are going in this direction, for example with 
the opening of WHO’s dedicated hub for epidemic and pandemic intelligence hub 
with the mission to enable better data sharing and analytics in order to enable the 
world to respond better to future health emergencies [62].

The developers of the AI platforms used in response to the onset of the COVID-19 
pandemic now have a unique opportunity to further develop and validate the soft-
ware and hardware, generate evidence and align with the applicable regulatory 
framework (e.g. clinical decision support system (CDSS) if the AI platform can 
generate results actionable by the clinicians) or industry standards and certifica-
tions. The generation of substantial evidence of performance and desired character-
istics is also important for instilling trust in the proposed AI platform, such that it is 
ready for a deployment in the case of a future outbreak and its results are widely 
acceptable and interpretable by the community.

Additionally, AI can enable truly personalized optimization of dose and drug 
combinations at the patient level. The concept of N-of-1 models for dose optimiza-
tion based only on individual patient data has been shown to be a viable alternative 
to big data approaches based on systems biology, omics and real-world clinical data. 
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The platform CURATE.AI uses only the relationship between the actual pharma-
ceutical exposure and the phenotypic response of the patient, typically by recording 
drug intake and changes in well-validated, disease-specific biomarkers, without the 
need for population data or extensive PK/PD data from the individual [63–72]. This 
approach offers benefits especially for the treatment of prolonged conditions and 
could contribute to personalization of potential future treatment regimens for long-
term post-acute COVID-19 syndrome known as long COVID.

The COVID-19 pandemic has had an unprecedented impact on all aspects of 
people’s lives. The 2 years since the pandemic onset offer valuable lessons and have 
revealed a range of important considerations to be taken into account when formu-
lating a strategic response at different stages of a pandemic timeline. AI-based tech-
nologies developed in response to the threat—including AI-based drug discovery 
and drug repurposing platforms—now have an opportunity to mature and become a 
part of a preparedness response system ready for future potential epidemic or pan-
demic threats. Efforts to strengthen both short- and long-term strategies for develop-
ing AI technologies, scientific and regulatory framework, global collaborations, and 
partnership should be prioritized, in order to strengthen our preparedness for future 
pandemics by pre-emptively mitigating the impact when another crisis strikes.
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Chapter 4
AI and Point of Care Image Analysis 
for COVID-19

Michael Roberts, Oz Frank, Shai Bagon, Yonina C. Eldar, 
and Carola-Bibiane Schönlieb

�Introduction

Point of care image analysis for hospitalised patients remains a largely manual pro-
cess. Typically, in Europe and the US, when a patient suspected to have COVID-19 
is admitted to the hospital, a Chest X-ray (CXR) is acquired and a reverse transcrip-
tion polymerase chain reaction (RT-PCR) test is performed. This CXR is then inter-
preted by radiologists and other clinicians who will identify particular patterns 
which may indicate a likely initial diagnosis and prognosis. When the results of the 
RT-PCR test are returned, it will replace, or confirm, this initial image-based diag-
nosis. If the CXR or the patient display any particular complications then further 
imaging, such as computed tomography (CT) or ultrasound (US) can be requested, 
which are then interpreted by clinical staff once more.
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In a pandemic, when every resource in the hospital system is under strain, it is 
imperative to make manual processes as efficient as possible to reduce the time for 
decisions to be taken and actions made. Artificial intelligence (AI) algorithms and 
methods promise great potential for automating many routine tasks for clinicians 
and thereby the promise to improve clinical care. This includes, but is not limited to 
(a) identifying regions of pathology on images, (b) tracking disease burden in lon-
gitudinal imaging and (c) measuring regions and volumes of interest.

As of 2021, we remain a long way from point of care imaging that is informed 
by AI techniques being available routinely—although it feels tantalisingly close to 
being a reality. The COVID-19 pandemic has highlighted how AI-based algorithms 
could have a significant impact—if only they were available to call upon during the 
height of the pandemic. In particular, if COVID-19 diagnosis were possible based 
on e.g. an admission CXR, it would have been possible to triage patients immedi-
ately to the “green” wards of non-COVID-19 patients and the “red” wards of 
COVID-19 cases. Unfortunately, when RT-PCR testing capacity was restricted, cli-
nicians would wait anything from 24 to 48 h for a positive or negative result to be 
returned. This led to inevitable cross-infection and even more extreme stress on the 
health system.

Similarly, prognostication for COVID-19 patients using AI-based methods has 
the promise to provide huge improvement in clinical care and allow for better 
resource management. Examples of prognostication tasks are: (a) prediction of ven-
tilation requirement and the level of ventilation required, (b) prediction of response 
to treatments (such as dexamethasone) and the ideal time to administer for optimal 
response, (c) prediction of the patients that will experience acute respiratory distress 
syndrome (ARDS).

In this chapter we focus on the reality, rather than the promise, of how AI was 
applied to point of care imaging (CXR, CT and US) in the COVID-19 pandemic. 
We will review each imaging modality separately and highlight models described in 
the literature along with common themes, pitfalls and recommendations for how 
future models can be developed following best practice. We conclude this chapter 
by providing some success stories and reasons for optimism, highlight some of the 
dangers of developing models which do not perform as expected along with lessons 
learned from this pandemic that we can take forward to be better prepared for the 
next one.

�Motivation for Using Imaging

As the COVID-19 pandemic swept through China in early 2020, chest imaging was 
used locally as the primary initial diagnostic tool. Meanwhile, European and 
American radiological societies did not initially support the use of CT and CXR 
imaging for diagnosis in early March 2020 [1, 2] with the ACR stating
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CT should not be used to screen for or as a first-line test to diagnose COVID-19 
but this position softened towards the end of March as the pandemic took hold and 
testing capacity was limited with an update in late March 2020 stating

The ACR strongly urges caution in taking this approach [...] Clearly, locally constrained 
resources may be a factor in such decision making.

Several studies also indicate that, in addition to imaging being a potential diagnostic 
tool, it also encodes prognostic information about the disease. For example, the 
extent of opacification in the lungs of COVID-19 patients is a significant prognostic 
marker of mortality [3].

Figure 4.1, courtesy of [6], displays common presentations of COVID-19 in CT 
scans and CXRs. In both the CXR and CT imaging we see ground-glass opacities in 
the regions affected by COVID-19, with the CT scans showing a crazy-paving style 
pattern inside those ground-glass opacities.

�Motivation for Using AI with Imaging

The ground-glass opacification of the lungs with a ‘crazy-paving’ pattern seen in 
CT scans for COVID-19 patients motivates the idea that pattern recognition algo-
rithms hold the potential to aid clinicians in the diagnosis and prognostication of 
COVID-19 via chest imaging [7].

a b

c

Fig. 4.1  Annotated examples of COVID-19 scans. (a) Chest X-ray (CXR) with ground-glass 
opacification in both lungs and consolidation (outlined in orange). (b) A CT scan that shows 
ground-glass opacification (green) and consolidation (orange). (c) A CT scan that indicates severe 
COVID-19 with a crazy-paving pattern. (Images from the NCCID [4], and inset from [5])
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The COVID-19 pandemic is the first of the machine learning era and, given recent 
developments in the application of machine learning models to medical imaging 
problems [7–10], there is fantastic promise for applying machine learning methods to 
COVID-19 radiological imaging for improving the accuracy of diagnosis, compared 
to the gold-standard RT-PCR, whilst also providing valuable insight for prognostica-
tion of patient outcomes. These models have the potential to exploit the large amount 
of multi-modal data collected from patients and could, if successful, transform detec-
tion, diagnosis, and triage of patients with suspected COVID-19. One model of huge 
potential utility is a model which can not only distinguish COVID-19 from non-
COVID-19 patients but also discern alternative types of pneumonia such as those of 
bacterial or other viral aetiologies. For prognostication, it would is desirable to 
develop models that predict responses to therapies and clinical pathways for patients. 
This would allow for resource forecasting, patient triage and ultimately improved care.

�Integration of Imaging with Other Modalities

In developing machine learning models for COVID-19 the model input can be from 
a variety of sources, including but not limited to electronic health record records, 
full blood count data, chest imaging, audio recording of coughs, symptom diaries, 
genetics, and more. A single patient will have data recorded about them in several 
modalities and at different levels of granularity. We aim to demonstrate why it is 
important to combine/fuse data from multiple sources to get models that make pre-
dictions using holistic understanding of the patient’s condition.

In late February 2020, the Diamond Princess cruise ship had the largest cluster 
of positive COVID-19 cases outside of China. A study of 104 of these COVID-19-
positive patients found that 73% (76 out of 104) were asymptomatic. However, 54% 
(41 out of 76) of these asymptomatic individuals displayed lung opacities on their 
CT scans. The converse was also true, as roughly 21.5% (6 out of 28) of symptom-
atic patients had normal CT findings [11]. Imaging features alone are clearly not 
sufficient for accurate diagnosis and neither are the clinical features alone enough to 
understand the degree of disease in a patient.

It is also important to recognise that clinicians routinely use multiple data sources 
to develop their judgment for a patient’s likely diagnosis and their likely clinical 
outcome. However, although it is simple for the clinician to do this, fusing multi-
modal data is not trivial in a machine learning framework.

�Literature Overview

There are a huge number of papers which discuss machine learning models for 
COVID-19 diagnosis or prognosis using point of care imaging. Indeed, for 2020 
and 2021, a basic search of Arxiv, BioRxiv, MedRxiv and Pubmed for papers which 
mention machine/deep learning and COVID-19 and CT/CXR/US imaging returns 
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848 results with 294 of these being preprints. The three journals publishing the most 
papers on the subject were Scientific Reports (17), IEEE Journal of Biomedical and 
Health Informatics (16) and PLoS ONE (14).

In keeping with this large corpus of literature and the fast moving nature of the 
pandemic, there have also been many systematic reviews, 27  in total with 16 of 
them published. The systematic reviews most relevant to this Chapter are [12–34].

Several of the authors of this chapter performed the systematic review [12] which 
examines the entire literature from January 1, 2020 to October 3, 2020 and identifies 
320 published and preprint manuscripts that develop machine learning models using 
chest CT or radiographs for COVID-19 diagnosis or prognostication. Unfortunately, 
as we will discuss throughout this Chapter, many of the papers contained systematic 
issues pertaining to image sourcing, quality, and documentation that introduce bias in 
developed models, ultimately making them unlikely to perform well in practice [6].

In our search of the literature, we found that 637/848 (75.1%) of papers mention 
diagnosis, detection, diagnostics, screening, recognition, discrimination, identifica-
tion or classification of COVID-19 in the title of the manuscript whilst only 94/848 
(11.1%) consider prognostication (17 papers consider both). For completion, the 
remaining papers are 59/848 (7.0%) which design segmentation models for 
COVID-19 patterns in imaging (15 of which also perform diagnosis) and the 
remaining 82 papers are literature reviews, introduce new COVID-19 datasets or 
discuss methodologies such as image reconstruction or denoising.

This significant bias towards the development of diagnosis models is understand-
able as at the start of the pandemic there was a hunger for a solution to the slow 
processing of RT-PCR tests globally (typically 24–48  h) which would allow for 
rapid triage of patients into isolation if needed. COVID-19 imaging and clinical data 
was also scarce and precious at the start of the pandemic, where non-COVID-19 
data was relatively plentiful, and it was therefore easier to develop methods which 
aim to detect the COVID-19 data among a sea of other data. Prognostic models 
require well curated data, with imaging linked to standardised outcomes which is 
harder to collect. This is a challenge with AI methods, which rely on large, diverse 
data sets, in order to succeed.

While X-ray and CT are commonly used during the treatment of respiratory 
conditions, lung ultrasound (LUS) is not an obvious choice due to the unique acous-
tical properties of the lungs. We argue that despite its challenging properties LUS 
can and should be considered as a point-of-care modality, and further show how AI 
can assist in achieving this goal. In the rest of the chapter, we discuss AI methods 
for X-ray, CT and ultrasound imaging, respectively.

�Chest X-Ray Imaging

In Europe, the US and most countries of the world chest X-ray imaging is used as 
the first-line imaging given to any COVID-19 patient once they enter the hospital. 
Chest X-rays are fast to acquire and relatively low cost, so a patient is highly likely 
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to have several in a normal admission. Early into the pandemic, when RT-PCR 
results were commonly only returned 24 h or more after the sample was taken, the 
CXR images were used in combination with clincal symptoms to make a likely 
diagnosis of the patients. In addition to the initial diagnosis of patients, CXRs can 
be used to determine a prognosis for the patient based on location and extent of the 
ground-glass opacities and consolidation in the lungs. In this section, we discuss 
many of the approaches taken to diagnosis and prognosis of COVID-19 using CXR 
images along with specific focus on those which use longitudinal imaging in their 
models and fuse data from non-imaging modalities into their input features. We 
conclude by highlighting many of the issues that are common across the literature.

�Diagnosis Models

Machine learning models for the diagnosis of COVID-19 using CXR imaging and 
tend to pose the problem as either a two class problem of COVID-19 vs. Non-
COVID-19 or a more complex multi-class problem, such as COVID-19 vs. bacterial 
pneumonia vs. other viral pneumonia vs. healthy. The latter is more nuanced as it 
requires careful definition and identification of the non-COVID-19 classes to which 
the model is likely to be applied in practice whereas a two-class model collates all 
the non-COVID-19 data into one class. Most papers classify images into the three 
classes COVID-19, non-COVID-19 pneumonia and normal while several consider 
an extra class by dividing non-COVID-19 pneumonia into viral and bacterial 
pneumonia.

Commonly, the CXR images are pre-processed by segmenting the lungs to 
remove biases in the images, such as labels imprinted on the image, and artefacts 
around the border of the CXR. In [35], the authors consider a segmentation path 
input together with the image itself, and show that this enhances performance. They 
also introduce further pre-processing techniques based on augmentations inspired 
by clinical input which further improves detection performance.

Most papers directly apply deep learning methodologies to the question of diag-
nosis. Simply using the images and associated labels to train networks which learn 
their own features. For this, most authors chose to use transfer learning, taking 
models trained on existing CXR datasets such as CheXpert and fine-tuning them to 
the COVID-19 data. Most papers use off-the-shelf network architectures based on 
the root model being used for transfer learning, including ResNet-18 or ResNet-50, 
DenseNet-121, VGG-16 or VGG-19, Inception and EfficientNet. Few papers 
develop their own custom architectures. ResNet and DenseNet architectures 
reported better performance than the others, with accuracies ranging from 0Â·88 to 
0·99. However, we caution against direct comparison since the papers use different 
training and testing settings (e.g. different datasets and data partition sizes) and 
consider a different number of classes.
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Some papers use a more traditional approach, extracting hand engineered fea-
tures from the images and linking these to the outcomes by fitting a machine learn-
ing model, such as a random forest or neural network.

�Prognosis Models

As discussed, the literature for machine learning algorithms that prognosticate for 
COVID-19 patients is small compared to diagnostic algorithms. This is due to dif-
ficulty in identifying, anonymising and extracting datasets of images and clinical 
outcomes which are linked to one another and of high quality.

Outcomes which are typically predicted by these models are those such as: death 
or need for ventilation, a need for ICU admission, progression to acute respiratory 
distress syndrome, the length of hospital stay, likelihood of conversion to severe 
disease and the extent of lung infection.

Predictors from radiological data were extracted using either handcrafted 
radiomic features or deep learning. Clinical data included basic observations, serol-
ogy and comorbidities. Most papers used models based on a multivariate Cox pro-
portional hazards model, logistic regression, linear regression, random forest or 
compare a huge variety of machine learning models such as tree-based methods, 
support vector machines, neural networks and nearest neighbour clustering.

�Use of Longitudinal Imaging

As CXR imaging is the most common imaging modality for POC in Europe, the 
USA and most countries of the world, it is common for patients to have multiple 
images captured in a single hospital stay. If a model is able to read in several images 
in sequence for a patient then it is possible to capture the changes in features of the 
disease as it progresses and this should allow for more accurate prediction of their 
outcomes. This approach introduces some methodological challenges, such as: 
images acquired on different machines and of different quality, images acquired at 
non-equidistant intervals and that the baseline images for all patients will be 
acquired at different stages of their disease depending on when they presented to 
hospital.

In the literature, there are several examples of papers which consider longitudi-
nal CXR imaging for COVID-19 prognostication, in particular [36, 37]. These 
papers employ different techniques to fuse the features extracted from the longitu-
dinal images. In [36], the authors use a self-supervised approach using momentum 
and contrastive learning (MoCo) [XXX] to train a feature extractor for the CXR 
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images. This feature extractor is applied to each image in the sequence and the rela-
tive time of the image acquistion is concatenated to the resulting feature vector. 
Therefore, for each image we have one feature vector which encodes the image 
features and the relative timing. After this, a Transformer [XXX] is applied to the 
sequence of feature vectors from all of the images and classification is made for 
whether an adverse event (death, ICU admission or intubation) takes place within 
24, 48, 72 or 96 h of the CXR.

In [37], the authors use a Cox proportional hazards model to predict the probabil-
ity of experiencing death, ICU admission, ICU discharge, hospital admission and 
hospital discharge before the observing time t. They extract features from the images 
using a convolutional LSTM, concatenate them and use fully connected layers to 
obtain a risk score.

The literature consistently suggests that using multiple CXR images gives better 
model performance than using a single time point.

�Fusion with Other Data Modalities

Very few papers discuss models which integrate both radiological and clinical data 
for COVID-19 diagnosis and prognostication. Fusing data of these different modali-
ties is a particular challenge, as these data are of different types and dimensionali-
ties. In particular, clinical data tend to be vectors or tables of features for each 
patient, potentially with multiple time points per patient. Imaging is not only 
extremely high-dimensional, with millions of pixels in a normal CXR, but there are 
also spatial relationships between pixels and structures in the image to consider. 
Methodologies for fusing this data of different modalities (which is also potentially 
longitudinal) are being actively studied in the literature [38].

There are some examples in the literature, such as [39, 40], which combine CXR 
imaging features with clinical data in a machine learning model to predict outcomes 
for COVID-19 patients. In both cases, these papers state that incorporation of clini-
cal data, in addition to imaging features, improved the performance of the model. 
The papers take very different approaches to fusing the different modalities.

In [39], the authors manually graded severity of the disease in different zones of 
the CXR and use these hand-engineered features in combination with the clinical 
data in a variety of machine learning models (support vector machines, random for-
est, linear regression and XGBoost). They find that the model developed using a 
combination of the CXR and clinical features performs better than those developed 
using only the CXR and clinical features. In [40], the authors use a convolutional 
neural network to extract the features from the CXR imaging and fuse the clinical 
data into the final fully connected layer by concatenation. They similarly find that a 
model developed using the fusion of imaging and clinical data is better than those 
developed on the modalities separately.
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�Common Issues with AI and Chest X-Ray Imaging

With no standardisation, AI algorithms for COVID-19 have been developed with a 
very broad range of applications, data collection procedures and performance 
assessment metrics. This creates various challenges such as (1) bias in small data 
sets; (2) variability of large internationally-sourced data sets; (3) poor integration of 
multi-stream data, particularly imaging data; (4) difficulty of the task of prognosti-
cation, and (5) necessity for clinicians and data analysts to work side-by-side to 
ensure the developed AI algorithms are clinically relevant and implementable into 
routine clinical care. Since the pandemic began in early 2020, researchers have 
answered the ‘call to arms’ and numerous machine learning models for diagnosis 
and prognosis of COVID-19 using radiological imaging have been developed and 
hundreds of manuscripts have been written.

In this section, we highlight some of the key systemic issues found in [12] and 
other systematic reviews.

�Duplication and Quality Issues

Many papers rely on public COVID-19 datasets, such as [41–45]. However, there is 
no restriction for a contributor to upload COVID-19 images to many of these public 
repositories. There is high likelihood of duplication of images across these sources 
and no assurance that the cases included in these datasets are confirmed COVID-19 
cases (authors take a great leap to assume this is true) so great care must be taken 
when combining datasets from different public repositories. Also, most of the 
images have been pre-processed and compressed into non-DICOM formats leading 
to a loss in quality and a lack of consistency/comparability.

�Source Issues

In the literature, many papers use the pneumonia dataset of Kermany et al. [8] as a 
control (i.e. non-COVID-19) group. However, they commonly fail to mention that 
this consists of paediatric patients aged between one and five. Developing a model 
using adult COVID-19 patients and very young pneumonia patients is likely to 
overperform as it is merely detecting children vs. adults. This dataset is also errone-
ously referred to as the Mooney dataset in many papers (being the Kermany dataset 
deployed on Kaggle [46]).

Another significant source issue identified in the systematic reviews of the litera-
ture is that data of different classes tend to come from different sources, e.g. RSNA 
[47] contains only non-COVID-19 pneumonia CXRs, Kermany [8] contains paedi-
atric non-COVID-19 pneumonia CXRs and CheXpert [48] contains CXRs for a 
range of non-COVID-19 lung diseases. The issue here arises when a machine 
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learning model learns the source of the data rather than imaging features unique to 
the diseases of interest.

It is demonstrated by Maguolo et  al. [49] that by excluding the lung region 
entirely, the authors could identify the source of the images in the Cohen et al. [41] 
and Kermany et al. [8] datasets with an AUC between 0.9210–0.9997 and ‘diag-
nose’ COVID-19 with an AUC = 0.68.

�Frankenstein Datasets

The previously discussed issues of duplication and sourcing of data become com-
pounded when public ‘Frankenstein’ datasets are used. These are datasets assem-
bled from other datasets and redistributed under a new name. For instance, one 
dataset [50] combines several other datasets [8, 41, 43] without realising that one of 
the component datasets [41] already contains another component [43]. This repack-
aging of datasets, although pragmatic, inevitably leads to problems with authors 
developing algorithms (in good faith) which are being trained and tested on identi-
cal or overlapping datasets which they believed to be from distinct sources.

�Implicit Biases in the Source Data

Images uploaded to a public repository and those extracted from publications [41] 
are likely to have implicit biases due to the contribution source. For example, it is 
likely that more interesting, unusual or severe cases of COVID-19 appear in 
publications.

The urgency of the pandemic led to many studies using datasets that contain 
obvious biases or are not representative of the target population, e.g. paediatric 
patients. Before evaluating a model, it is crucial that authors report the demographic 
statistics for their datasets, including age and sex distributions. Diagnostic studies 
commonly compare their models’ performance to that of RT-PCR. However, as the 
ground-truth labels are often determined by RT-PCR, there is no way to measure 
whether a model outperforms RT-PCR from accuracy, sensitivity, or specificity met-
rics alone. Ideally, models should aim to match clinicians using all available clinical 
and radiomic data, or to aid them in decision making.

�Artificial Limitations Due to Transfer Learning

Many papers utilise transfer learning in developing their model, which assumes an 
inherent benefit to performance. However, it is unclear whether transfer learning 
offers significant performance benefit due to the over-parametrisation of the models 
[51]. Many publications used the same resolutions such as 224-by-224 or 256-
by-256 for training, which are often used for ImageNet classification, indicating 
that the pre-trained model dictated the image rescaling used rather than clinical 
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judgement. This is particularly hard to justify, given that the features which differ-
entiate COVID-19 pnuemonia from other diseases are likely subtle and not appre-
ciable at such coarse resolutions.

�Computed Tomography Imaging

Computed tomography (CT) images are far more resource intensive to acquire and 
analyse than CXR imaging. This is due to the high relative cost of machines, require-
ment for cleaning between patients, technicians to maintain the equipment and the 
high level of skill required for their analysis. The acquisition of a scan also exposes 
a patient to a high dose of radiation. Therefore, in many parts of the world, CT scans 
were reserved for the most complex clinical COVID-19 cases after an initial 
CXR. However, in China and Russia, CT was used as a first line imaging modality 
for COVID-19 patients.

There are fewer papers in the literature which focus on CT imaging, however 
there are a sizeable number. Just as the pandemic was starting to take hold in Europe 
in March 2020, its effects were starting to ease in China. As a consequence, many 
of the earliest papers were describing models developed using Chinese data and 
focused specifically on CT imaging.

�Diagnosis Models

Diagnosis of COVID-19 from a CT scan is most relevant and useful for those coun-
tries in which CT scans are used as a first-line imaging modality. In countries which 
use CXR as first-line, a CT scan is used to assess more complex clinical disease but 
less for diagnosis of disease. Countries which use CT as a first-line modality will 
also have more CT scans for COVID-19 cases of mild disease, when it is most use-
ful to accurately diagnose COVID-19 to allow for triage and isolation.

The majority of the papers in the literature apply deep learning directly to the CT 
diagnosis problem and frame it as a classification task, distinguishing COVID-19 
from other lung pathologies such as (viral or bacterial) pneumonia, interstitial lung 
disease and/or a non-COVID-19 class.

In most of these papers, authors consider isolated 2D slices or even 2D patches 
taken from the 3D volume. This is usually due to computational and storage con-
straints, as each CT image is typically between 200 and 500 MB and tens or hun-
dreds of millions of voxels. In most 2D models, authors employed transfer learning, 
with networks pre-trained on ImageNet [52]. Almost all models used lung segmen-
tation as a pre-processing step.

Recognising that there was a relatively small cohort of COVID-19 CT scan data 
available early in the pandemic, some authors e.g. [53] use Generative Adversarial 
Network (GAN) [54] approach to create synthetic COVID-19 imaging.
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Outside of deep learning based models, other papers in the literature considered 
more traditional machine learning methods for COVID-19 diagnosis relying on 
hand-engineered features or CNN-extracted features. Software such as PyRadiomics 
[XXX] was commonly used to extract a large number of radiomic features from 
delineated regions in the CT scans and, after feature reduction, a classifier was fit to 
the remaining features, with most authors using logistic regression.

The performance of models in the literature is highly variable and optimistic 
with many reporting AUC, sensitivity and specificity values over 0.95. For refer-
ence, the gold standard RT-PCR test has a sensitivity of around 80% [XXX].

�Prognosis Models

The literature for prognostic models using CT imaging, as with CXR imaging, is 
relatively small compared to the diagnostic models but approaches have been devel-
oped using similar models and features. There is a bias for prognostic models to 
focus on CT imaging rather than CXR.

As for CXR, models were developed for predicting severity of outcomes includ-
ing: death or need for ventilation, a need for ICU admission, progression to acute 
respiratory distress syndrome, the length of hospital stay, likelihood of conversion 
to severe disease and the extent of lung infection. The features are either hand-
crafted radiomic features or learned features extracted from a CNN. Most papers fit 
models based on a multivariate Cox proportional hazards model, logistic regression, 
linear regression, random forest or compare a huge variety of machine learning 
models such as tree-based methods, support vector machines, neural networks and 
nearest neighbour clustering.

�Applications to Regions Away from the Lungs

In the literature, almost all papers for CT prognosis and diagnosis of COVID-19 
focus on either the full CT scan or the segmented lungs and use these as inputs to 
the models. However, this ignores many of the other important structures of the 
body which can be captured in a CT scan.

Most importantly, as poor cardiovascular health one of the largest risk factors for 
a poor outcome for COVID-19 patients [55], it is highly relevant to consider the 
heart features in CT images for prognostic models. For example, identifying and 
quantifying atherosclerosis, tracking changes in the features of the heart through the 
course of disease and quantifying the extent and volume of epicardial adipose tissue 
(EAT), i.e. fat around the heart.

In [56], for example, the authors use a semi-automated tool to quantify the EAT 
around the heart tissue in CT scans for COVID-19 patients and find that there is a 
link between EAT and the burden of the COVID-19 pneumonia in the lung (ground-
glass opacities and consolidation).

M. Roberts et al.



97

In [57], the authors find a higher prevalence of pulmonary embolisms (PEs) in 
COVID-19 patients and in [58] the authors discuss a deep learning algorithm for 
identifying PEs. Further study of the vascular structure could also be performed 
along with a study of changes in morphology and how these link to outcomes.

In the literature considering lung diseases and imaging, airway features have 
been postulated as markers of disease progression [59, 60]. Not only can one con-
sider the diameter changes and total volume features, but the overall morphology of 
this complex structure can also be considered and changes monitored. There is not 
currently existing literature exploring this.

Finally, we also mention that as obesity is known to be a risk factor for poor 
COVID-19 outcomes [55], it is not unreasonable to consider the features of the liver 
if an abdominal CT is acquired alongside the thoracic CT. Hepatic steatosis is an 
accumulation of fat inside the liver, which is closely linked to obesity, that is found to 
be of higher prevalence in COVID-19 patients [61]. It is unexplored whether features 
of this fatty tissue, and the liver as a whole could harbour prognostic imaging features.

�Use of Longitudinal Imaging

Acquisition of CT imaging requires exposing the patient to a non-trivial amount of 
radiation and therefore CT imaging for COVID-19 is only recommended when 
clinically necessary in the case of seriously ill patients [62] or where the patient 
condition is worse than would be expected based on the CXR. In our search of the 
literature, no papers were found which discussed using longitudinal CT imaging 
and machine learning models. This is potentially due to the fact that the added value 
of using multiple CT scans to monitor COVID-19 pneumonia has been questioned 
[63, 64] and found to be of little contribution. Therefore, CTs are not used for rou-
tine disease monitoring, and the population will be highly biased. This contrasts 
with the use of CXR for routine disease monitoring.

Therefore, the patient population with multiple scans is a highly biased cohort 
with changing serious illness and it is hard to build predictive models which gener-
alise using this.

�Fusion with Other Data Modalities

Fusing CT imaging features from another modality is particularly challenging as 
CT imaging is extremely high-dimensional, commonly with 50–100 million voxels 
or more. Therefore, to allow for fusion with much lower dimensional data e.g. clini-
cal variables, feature extraction is typically applied to the CT images by calculation 
of hand-engineered features or use of a CNN to extract learned features. These 
lower dimensional radiomic features can be easily combined with the lower dimen-
sional clinical data e.g. by concatenation.
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In [65], the authors use a convolutional neural network to extract the features 
from the CT image and encode the symptoms by convolution. These image features 
are then combined with the encoded clinical features by multiplication and the 
result is concatenated with the image features. This is then passed through several 
convolutional layers before a prediction is made.

In [66], the authors use a semi-automated algorithm to segment the lung paren-
chyma into lobes and then threshold to identify the tissue unaffected by ground-
glass opacities (GGO) or consolidation. Two radiologists also graded the images for 
severity. The authors then build a model using both imaging derived and clinical 
features, finding that a model using C-reactive protein (an inflammatory marker) 
along with the imaging features performed better than imaging features alone.

In [67], the authors train a deep learning based segmentation algorithm for GGO 
and consolidation patterns in CT scans. They fit a model combining radiomic fea-
tures from these extracted regions with the clinical metadata. This results in a sig-
nificant boost in performance over using the imaging features alone, increasing the 
AUC from 0.811 to 0.878.

�Common Issues with AI and Computed Tomography Imaging

Computed tomography (CT) imaging is a common 3D imaging modality which is 
typically used for more complex clinical diagnoses due to the high-resolution of the 
images, a typical voxel in the images is 0.7 mm × 0.7 mm × 1.0 mm. A CT image is 
reconstructed from 2D X-ray projections and there is no standard algorithm for 
performing this reconstruction, therefore the images from different scanners can 
appear quite different qualitatively. Radiomic features extracted from CT images 
are known to be sensitive to the reconstruction that is used [68].

CT images are commonly enhanced by adding contrast that absorbs X-rays and 
is added to exaggerate the difference in intensity between adjacent tissues. Therefore, 
with intensities vastly different between enhanced and non-enhanced images, 
radiomic features developed for one are unlikely be applicable to the other. Authors 
must be clear in manuscripts whether enhanced, non-enhanced or a mixture of these 
are used to train the models (and in what proportions they occur if the latter).

During the COVID-19 pandemic, CT was used in Europe in the more complex 
cases of COVID-19 where a patient was likely to benefit from it. Therefore, there is 
an inherent bias in the population of patients who underwent CT screening as they 
must be ill enough to justify its use (not mild disease) but not so ill that they are 
ineligible for a CT scan. Also, in the UK and elsewhere, each time a COVID-19 
patient used a CT scanner, the machine and the room required a deep clean for 1–2 h 
which limited the capacity of hospitals to perform CT scans on COVID-19 patients 
and hence there is a bias in the data due to this.

CT was used more commonly as a first line imaging modality in China and 
Russia. Therefore, there are many cases of mild disease within datasets from China 
and Russia.
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�Ultrasound Imaging

The diagnosis and treatment of respiratory diseases rely on the use of various imag-
ing modalities. Chest CT is considered the imaging gold standard for pulmonary 
diseases, as described in section “Computed Tomography Imaging”; however, it is 
expensive and non-portable. Another standard imaging modality utilized to investi-
gate the lung is chest X-ray, which is discussed at length in section “Chest X-Ray 
Imaging”. Both modalities involve ionizing radiations, which are potentially harm-
ful to the patient. This is particularly significant for specific patient populations such 
as children, pregnant women, and patients who require repeated examinations over 
a short period of time. Moreover, CT is generally not available in every hospital nor 
applicable at bedside, thus requiring patients’ mobility. When dealing with a highly 
infectious disease, this last aspect further increases the risk of contamination within 
the hospital. Compared to these imaging technologies, ultrasound imaging is safe, 
cost-effective, more widely available, and transportable, thus has the potential of 
reaching a much larger population, including non-hospitalized patients. More 
importantly, there is growing evidence showing that lung ultrasound (LUS) can be 
used effectively as an imaging modality for pulmonary diseases (e.g., [69–73]).

However, despite all its advantages LUS has not yet taken a major role in point-
of-care protocols. One of the reasons hindering wide-spread use of LUS is the dif-
ficulty in interpreting it, which is more challenging compared to other imaging 
modalities, and even with respect to ultrasonography of other organs. Lungs pose a 
unique challenge for ultrasound as, normally, ultrasound waves are not transmitted 
through anatomic structures filled with gas. Consequently, the lung parenchyma is 
not visible beyond the pleura [69]. This phenomenon is shown in Fig. 4.2: While for 
other organs (left) ultrasound provides detailed visualizations of the organs, when it 
comes to the lungs (right) the ultrasound waves are not transmitted through the aer-
ated alveoli and thus no anatomical structure below the pleura is visible in LUS.

a

US of the abdomen Lung Ultrasound

b

Fig. 4.2  The challenge of lung ultrasound (LUS): (a) an ultrasound image of the abdomen, show-
ing the liver and one of the kidneysa. (b) A LUS frame showing the pleural line as a bright white 
curve in the middle of the frame. The entire lung cavity below the pleura is not visible and shows 
only fog-like noise. (aimage credit quizlet.com/262841714/liverkidney-interface-diagram)
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Another key difference between ultrasound and other imaging modalities is the 
narrow field of view provided by ultrasound. While X-ray and CT can image entire 
organs and anatomical structures, ultrasound provides only a partial and superficial 
field of view. As a result, protocols for examining large organs, such as the lungs, 
require scanning each patient at multiple points, to ensure a complete scan of the 
organ in question. For LUS protocols vary from, e.g., 6 points [74] to 14 points 
[72, 75].

�What Can be Observed in LUS

Despite the limitations of LUS, it has been observed that although the visual signal 
below the pleura fails to show any anatomical structures, it still holds valuable clini-
cal information in the shape of the sonographic artifacts visible in the frame. 
Figure 4.3 exemplifies some of these sonographic artifacts.

For example, in normal aerated lung, A-lines, hyperechoic, horizontal lines aris-
ing at regular intervals from the pleural line can be seen. Figure  4.3a shows an 
example of A-lines indicated by a blue arrow. A-lines are reverberation artifacts that 
arise when the ultrasound beam reflects off of the pleura, instead of being absorbed 
or transmitted through the aerated lung cavity below it. Multiple reverberations 
result in multiple A-lines, at multiples of the pleural depth. Observing these hori-
zontal A-lines in LUS indicates a well aerated healthy lung.

A different sonographic artifact are vertical B-lines, indicated by yellow arrows 
in Fig. 4.3b. According to recent developments in LUS [77, 78], vertical artifacts 
are sonographic signs caused by complex interaction of the multiple scattering phe-
nomena that may form in the presence of an alteration occurring at the lung surface. 

a

LUS taken using a linear probe. LUS taken using a convex probe.

b

Fig. 4.3  Examples illustrating what can be observed in LUS using either a linear or convex probe. 
(a) The scan shows the pleural line (green) and a sequence of horizontal bright A-lines below it 
(blue). (b) The scan shows the pleural line (green) with some consolidations (red). Several vertical 
B-lines are visible under the pleural line (yellow). (Figure adapted from [76])
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When forming the LUS frame, the ultrasound signals produced by multiple scatter-
ing events, in case of resonance phenomena, are interpreted as a bright vertical line 
emitting from the pleural line and aligned along the ultrasound beam axis [79]. 
That is, observing B-lines in LUS indicates the presence of fluids just below the 
pleura. This is, in general, an indication of some pathological condition. The more 
B-lines observed in a scan or, the wider they are, the more severe is the patient’s 
condition.

Although LUS only shows sonographic artifacts and no anatomical structure 
below the pleural line, LUS can still be used to inspect the pleural line itself. In 
healthy patients a smooth and continuous pleural line, as shown in Fig. 4.3a, is usu-
ally observed. In contrast, when there are pleural effusions or pulmonary consolida-
tions the pleural line is observed as irregular and discontinuous, as indicated by a 
red arrow in Fig. 4.3b. Based on these observations, it has been sown that LUS can 
still be very beneficial clinically. For example, [69] showed how LUS can be used 
for diagnosing the main lung pathologic entities in patients with ARDS, replacing 
bedside CXR. More recently, the papers [74, 80] demonstrate that LUS may be used 
to guide COVID-19 patients’ management strategies, as well as resource allocation.

To conclude, its widespread availability and safety are putting LUS in a position 
to take a more substantial role as a POC modality. The main challenge hindering its 
use is the difficulty in interpreting the acquired frames, inferring the underlying 
invisible condition indirectly from the visible sonographic artifacts. This usually 
requires well-trained and highly specialized radiologists. Nevertheless, recent 
advancements in AI techniques may assist in bridging the gap by processing and 
analyzing LUS frames, allowing even novice and inexperienced clinicians to benefit 
from this ubiquitous POC modality.

�Models Assisting in Interpreting LUS

Correctly identifying sonographic artifacts, such as A-lines and B-lines, and cor-
rectly locating the pleural line is of great importance when one wishes to evaluate a 
patient’s condition from LUS scans. Consequently, several algorithms were devel-
oped to detect, segment, and classify these unique LUS features [79, 81–83], high-
lighting them to assist clinicians in interpreting LUS scans. Yet, for some of these 
methods, identifying LUS features is not the end goal but an intermediate stage 
towards achieving more complicated tasks such as prognosis or diagnosis.

Some algorithms for locating LUS features take advantage of the unique geomet-
ric properties of the pleural line, the A- and B-lines and use methods such as Radon-
transform [84, 85], dynamic programming [86] or morphological operations [87, 
88] to locate them. In contrast, more advanced AI methods rely on training data to 
accomplish these tasks. These methods range from supervised methods [79, 89–91], 
to semi-supervised frameworks [90, 92]. These approaches train deep neural net-
works for either object detection or semantic segmentation to directly infer the loca-
tion of the various LUS features. Alternatively, [92] proposes to use gradient-weight 
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class-activation mapping (grad-CAM) [93] on top of a classification network to 
identify regions of interest in LUS frames.

Ultimately, these approaches automatically highlights the pleural or the A- and 
B-lines for the clinician during her bed-side examination of the patient, allowing 
even for a non-expert to benefit from POC LUS modality.

�Diagnosis Models

AI can benefit POC LUS beyond just improving human interpretability of the scans. 
Like in X-ray and CT, AI tools can be used to assist in making differential diagnosis 
decisions based on LUS. The ultimate goal of these AI tools is assisting in diagnos-
ing a patient. This task requires integrating information from several LUS scanning 
points around the chest, each comprised of many LUS frames. However, most cur-
rent AI algorithms focus on a less ambitious goal: analyzing only a single LUS 
frame at a time, leaving the task of integrating the predictions over a sequence of 
frames and multiple scan points to future works. We focus the discussion in this 
section and the next one on AI algorithms designed to perform per-frame predic-
tions. In section “Use of Longitudinal Imaging” we cover approaches for integrat-
ing these per-frame predictions.

To facilitate training of AI models for the task of differential diagnosis of various 
pulmonary conditions based on LUS, Born et al. [94] curated the POCUS dataset. 
This dataset contains LUS records from mainly 3 different classes, COVID-19, bac-
terial pneumonia and healthy patients. They gathered LUS scans from different 
online sources and made it available online.1 The dataset was constantly updated 
between April 2020 and January 2021. By January 2021, the dataset contained LUS 
recordings from 216 patients, where the majority of which acquired with convex 
transducers and the rest with linear probes. Table 4.1 provides more details about 
the latest version of the POCUS dataset.

Due to the limited number of LUS scans acquired using a linear probes, and LUS 
scan of viral pneumonia, the majority of the works that used the POCUS dataset 
focused only on LUS recordings acquired by convex probes and ignored the non-
COVID viral pneumonia [94–98]. These works focused on developing deep neural 
networks for LUS frame classification: either classifying each frame into the cor-
responding diagnosis or providing a binary decision if the frame presents with 
COVID-19 associated markers or not. Similar to the CXR literature, few papers 
develop their own custom architectures [98], while most opt to do transfer learning 
based on existing trained models, from ResNet and Inception backbones to the more 
efficient MobileNet [94, 95, 99]. Others utilize those models as feature extractors 
for support vector machine classifier or other classifiers based on fully connected 
layers [97]. ResNet and Xception architectures reported better performance than the 

1 https://github.com/jannisborn/covid19_ultrasound
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Table 4.1  Current POCUS dataset [94]: number of videos and images per class and probe type

Convex Linear
Vid. Img. Vid. Img.

COVID-19 64 18 6 4
Bacterial Pneu. 49 20 2 2
Viral Pneu. 3 – 3 –
Healthy 66 15 9 –
Total 182 53 20 6

others, with accuracies ranging from 0.83 to 0.99 for frame based diagnosis tasks. 
However, we caution against direct comparison since the papers not only used dif-
ferent versions of the POCUS dataset but also employed different sampling rate for 
extracting frames from the dataset’s LUS videos.

�Prognosis Models

In order to stratify COVID-19 patients using LUS, it has been proposed to score 
LUS scans according to well-defined physiological findings. Similar scoring scales 
were independently proposed by [74, 100], suggesting a 4-level scoring system with 
scores ranging from 0 to 3. Score 0 indicates a healthy lung characterised by a con-
tinuous pleural-line and visible A-lines artifacts. In contrast, score 1 indicates first 
signs of abnormality mostly related to small alterations in the pleural-line, and the 
appearance of few vertical artifacts. Scores 2 and 3 are representative of a more 
advanced pathological state, with the presence of small or large consolidations, 
respectively, and significant presence of vertical artifacts (B-lines and “white lung”). 
Figure 4.4 shows example frames representative of each score.

In order to facilitate the development of AI systems to automatically score LUS 
scans according to their clinical severity, Roy et  al. [91] curated the Italian 
COVID-19 Lung Ultrasound dataset (ICLUS).2 The ICLUS dataset contains 277 
LUS videos of 35 patients, from 5 different Italian medical centers with a total of 
approximately 60,000 frames acquired by convex and linear probes. All frames in 
the ICLUS dataset were manually annotated into one of the four severity scores. See 
Table 4.2 for more details. In addition, video level annotation as well as pixel level 
annotations for the bio-markers indicative of each score, were provided for a subset 
of the data.

The ICLUS dataset give rise to several AI methods aiming at scoring LUS 
frames, thus assisting in the prognosis of the disease. Roy et al. [91] utilized the 
ICLUS dataset for frame-based, video-based and pixel-based severity score predic-
tion. They used a special neural architecture in order to achieve unified processing 
of LUS frames obtained by either linear or convex probe. In contrast [79] showed 

2 https://iclus-web.bluetensor.ai/
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Fig. 4.4  COVID-19 severity scores. LUS frames exemplifying the severity score of [73] from 
healthy (score = 0, top left) to severe (score = 3, bottom right). One can observe the pleural line 
(green), A-lines (blue), subpleural consolidations (red) and vertical artifacts (e.g., B-lines and 
“white lung”) (yellow). While the pleural line and consolidations are anatomical features, the 
A-lines and vertical artifacts are sonographic echoes. (Figure taken from [79])

Table 4.2  ICLUS dataset: number of LUS frames per severity score and probe type [91]

Convex Linear Total

Score = 0 14,690 5283 19,973
Score = 1 11,131 3164 14,295
Score = 2 15,772 3200 18,972
Score = 3 3967 1717 6335
Total 45,560 13,364 58,924

that by injecting domain knowledge into the inputs of standard image classification 
models, following the model-based AI philosophy [101], one can still handle linear 
and convex frames in a unified manner. They also achieved a boost in performance 
on two domain specific tasks: severity classification and segmentation. Specifically, 
they injected LUS domain knowledge in the form of B-line and pleural line masks 
along with the raw LUS frame. Another use of LUS features for prognosis purposes 
was demonstrated in [86]. Localization of the pleural line was used for extraction of 
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hand-crafted features, such as discontinuities in the pleural line, which in turn were 
used as an input for a support vector machine classifier of COVID-19 severity score.

A recent dataset comprised over 18,000 LUS frames, acquired by convex probes, 
from 450 patients (COVID-19 and healthy) was gathered and used for frame based 
severity score prediction by [102]. The frames where annotated with the 4 scores 
severity system proposed in [73] and with a new 7 scores severity system, which 
gives extra weight to pleural line irregularities. Using Resnet-18 and Resnet-50 they 
achieved F1 score of above 97% for both models and for both scoring systems. 
However, this dataset was not made publicly available.

�Use of Longitudinal Imaging

As explained at the beginning of this section, the ultrasound modality in general and 
LUS, in particular, provides only a partial and limited field of view. Thus, in order 
to have a complete and comprehensive assessment of the lungs, clinical studies 
require 6 [74] to 14 scanning points [72, 75]. These multiple scanning points, in 
turn, amounts to numerous LUS videos, each comprising hundreds of frames. This 
is in contrast to other modalities in which each scan provides a comprehensive view 
of the clinical condition. Therefore, when considering longitudinal imaging in the 
context of LUS, one needs to account for more fundamental levels of information 
aggregation: The first is accumulating predictions from individual LUS frames to a 
coherent estimation of the clinical condition at each scanning point. The second 
level of aggregation is combining the prediction of each scanning point to provide a 
coherent forecast for the patient as a whole. We discuss these more fundamental 
levels of longitudinal imaging in LUS next.

The lack of sufficient LUS videos in the available datasets forced most existing 
AI methods to focus on frame-level predictions. If made, aggregation is done mainly 
through naïve averaging of the frames’ prediction. One exception was introduced by 
[91], where a lightweight learned approach based on uninorms was used for aggre-
gation of frame-level predictions into video-level prediction showing better perfor-
mance compared to simple averaging.

The caveat of most current AI methods for LUS, of processing one LUS frame at 
a time and then aggregating the predictions, is the discarding of temporal informa-
tion existing in the LUS video sequence. However, exploiting temporal information 
can be very beneficial in analyzing LUS. Specifically, such information can be help-
ful in the identification of B-lines due to their flickering nature induced by the 
motion of the lungs during respiration. For that aim, the use of 3D convolutions, 
optical flow [103] or long short-term memory (LSTM) layers [96] where the most 
common approaches.
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�Common Issues with AI and Ultrasound Imaging

LUS is acquired using both convex and linear probes. An observation made by [76, 
104] suggests that using both in automatic LUS analysis system can be problematic. 
They noticed that although both anatomic structure and sonographic artifacts can be 
observed in both probes, the orientation of the sonographic artifacts changes 
between probe type. While in a linear probe, B-lines appear “axis-aligned”, when 
using a convex probe, B-lines appear “tilted” as if emitted from the focus point of 
the probe. This difference has little effect on a human observer, but can be confusing 
for an automatic LUS analysis system. This observation calls for making an explicit 
adjustment to the various models, either by new neural architectures (e.g., [76, 91]) 
or by domain-specific pre-processing of the data (e.g., [79]) in order to make these 
models suitable across probe types. Alternatively, developing dedicated AI systems 
restricted to a single probe type hinders the use of other probe types’ available train-
ing data.

Another issue arising in developing AI methods for LUS is the relatively small 
amount of available training data. Existing datasets, ICLUS [91] and POCUS [94], 
have only several thousands of LUS frames. When it comes to LUS videos, or 
indeed multiple scans of patients, the numbers are significantly lower, in the range 
of only a few hundreds at best. This quantity does not allow, at the moment, the 
development of elaborated schemes for information integration over frames in a 
LUS video or between different videos of the same patient. On the other hand, try-
ing to enrich the datasets by curating LUS data from publicly available sources may 
also be problematic. LUS frames were available online long before the COVID-19 
outbreak, thus acquired by older US machines than the COVID-19 ones. As a result, 
AI systems trained to perform, e.g., diagnosis, on such data may learn to classify 
idiosyncrasies related to LUS machines rather than actual clinical findings. This 
might be the case with some of the results reported on the POCUS dataset.

To conclude this section, LUS has the potential of playing a more significant role 
as a point-of-care modality. Currently, its interpretability is a challenge that allows 
only expert clinicians to take advantage of LUS effectively. AI models can poten-
tially bridge the gap and make LUS more widely used. The COVID-19 pandemic 
has drawn attention to this gap and initiated a surge in the development of relevant 
AI techniques. These AI models are just starting to emerge; hence they tend to be 
simplistic, working on single frames rather than aggregating information across 
frames and scanning points to provide a more holistic prediction for each patient. 
However, considering the ubiquity of the LUS modality vis-a-vis the difficulty and 
the expertise needed to gain useful clinical information, it seems like AI can signifi-
cantly bridge this gap.
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�Conclusions

In this section we summarise findings made from the literature, including the suc-
cess stories of machine learning for the COVID-19 pandemic, the pitfalls which 
must be given more focus along with the lessons learned and recommendations.

�Success Stories

The COVID-19 pandemic highlighted, in many ways, how unprepared the world 
was to tackle and respond to a highly infectious virus. In particular, for the machine 
learning and imaging communities, although we had a plethora of literature regard-
ing chest imaging and machine learning, we did not have a robust method to apply 
to a new disease quickly, that could be validated rapidly. In addition to the model-
ling issues, data acquisition was also difficult, with lengthy detailed ethics requests 
required for each hospital to obtain high quality data—along with commonly requir-
ing data extraction by the very same clinicians who are on the front line treating 
patients. However, we highlight here several of the success stories of this pandemic 
which serve to provide a blueprint for the next pandemic response.

Large, rapid dataset collection. Most imaging studies outside of COVID-19 
are hampered by having small datasets at different sites with images acquired on 
different machines. This leads to many biases appearing in the development pro-
cess. The pandemic presented a unique opportunity to allow researchers to collate 
imaging data at a scale and pace which is commonly not possible with large datasets 
assembled for many different instruments. The UK’s National COVID-19 Chest 
Imaging Database (NCCID) assembled by NHSX, the British Society of Thoracic 
Imaging (BSTI), Royal Surrey NHS Foundation Trust and Faculty is a great exam-
ple of an initiative to collate data in a systematic way which machine learning 
researchers can use to develop and validate their algorithms. The NCCID required 
only one umbrella ethics submission for all centers involved and images were col-
lated at a single center for anonymisation and upload into the cloud. Crucially, the 
burden of the work fell on non-clinical staff to manage the data collation—rightly 
keeping more clinicians on the front line.

Managing expectations. The pandemic has highlighted areas which were lack-
ing focus in the machine learning for imaging community, namely how to rapidly 
learn a new class of data from limited examples. It highlighted also how a short-
circuit exists in the research community, whereby access to biased public datasets 
and widely accessible machine learning frameworks (e.g PyTorch, Tensorflow, 
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Keras) allowed a large number of researchers to simultaneously fit models fairly 
easily—without appreciation for the clinical biases in the data, biases in their meth-
odologies and biases in how models had been evaluated. Through systematic 
reviews such as [12, 13], the clinical and machine learning community is more 
aware of the issues pervasive in the machine learning literature, in particular for 
COVID-19, and can make a fairer assessment of the models being developed, keep 
their expectations grounded in realty and allow them to ask informed questions.

Appreciation of the need to collaborate. Collaborations across disciplines 
allow for one community to appreciate the others challenges and understand each 
others limitations. During the COVID-19 pandemic this has been highlighted the 
tangible benefits of collaboration. Fundamentally, understanding the clinical path-
way for COVID-19 patients is critical to allow for development of high quality 
models to diagnose and prognosticate for the disease. Understanding when and how 
ventilators are adjusted, the criteria for patients to be admitted to the intensive care 
units, when and where CXR/CT and US imaging are requested and when followup 
imaging is required are all essential to allow for appreciation of biases in the datas-
ets and methodologies used. Healthy collaborations allow these to be explored in 
detail and for clinicians to appreciate the limitations of existing machine learning 
methodologies.

�Pitfalls to Focus On

In this section we focus on some of the common and continuing areas in which we 
need to learn and improve for the application of machine learning to images in the 
time of a pandemic.

Willingness to share data and resources. Crucial to any machine learning task 
is high-quality data and therefore hospitals and other data contributors need to have 
a willingness to share data with researchers. For imaging, even if there is willing-
ness, an infrastructure to extract, anonymise and share images is also required. 
Unfortunately, in the COVID-19 pandemic, even with the NCCID initiative, the 
hospitals who could share data were those who had capacity for clinicians and infor-
matics staff to extract it. This inclusion bias is critical to tackle as it is necessary that 
the algorithms which are developed can also apply in those resource stretched hos-
pitals which could not provide data. Federated learning techniques, which do not 
require sharing of imaging data outside of each institution, such as [105, 106] may 
be critical in the future to ensure that complications due to sharing and moving of 
data between sites is not a hindrance to research.

Clearly defining the diagnosis control group. Throughout the literature, diag-
nosis models for COVID-19 based on machine learning methods rely on distin-
guishing COVID-19 from a control class or classes. However, it is unclear what this 
control group should be in the context of COVID-19. Commonly, in the higher 
quality manuscripts, authors have identified different non-COVID-19 viral pneumo-
nias, bacterial pneumonias and COVID-19 pneumonia as separate classes and 
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trained models to separate these pneumonias. In poorer quality models, healthy 
patients have been used as controls, or even exclusively paediatric patients with 
non-COVID-19 pneumonias. The key aspect here is identifying the population in 
which the model will be applied and ensuring the data used to develop the model 
reflects this population. For example, if the model is only to be applied by radiolo-
gists attempting to distinguish different pneumonias, then training on these alone is 
reasonable. However, if the model is to be used as a screening tool, the control 
group should include all different pathologies which are seen in the clinic.

Regulatory considerations. In the literature, many models have been developed 
and discussed but there is minimal consideration of how these models would pass 
through regulatory processes to be adopted in the clinic. Many models are described 
with insufficient documentation to allow for regulation to even be considerable. It is 
also a reality that regulating software as a medical device is a long and expensive 
process, which is not only beyond the resources (and skillsets) of many research 
groups but means that urgent solutions developed during the pandemic cannot hope 
to be useful in the course of it due to time delays. It is for policy makers to consider 
how this particular area of regulation could be improved for the next pandemic.

Missing entries in the data. Missing data is a reality of most real-world clinical 
datasets and most machine learning models require complete training data. 
Therefore, it is typical to use data imputation techniques to replace this missing data 
with intelligent guesses. However, the type of missingness affects the quality of this 
imputation, i.e. whether the data are missing completely at random, missing at ran-
dom (with missingness dependent on observed values) or missing not at random 
[107]. It is important to understand the type of missingness in the data used to 
develop the methods and ensure that this is also expected in the data to which the 
model will be applied.

Non-standardised variables across sites. When models are developed for use 
across multiple sites it is imperative that the variables are comparably recorded at 
each site (both in terms of the concept being encoded and the units). As machine 
learning progresses towards more federated approaches with multiple institutions, it 
is important that variables are mapped into a common standard, e.g. using OMOP 
dictionaries. Not only does this allow for federated approaches to be adopted more 
easily, but it ensures that models developed at one site can be rapidly applied at 
other sites.

�Lessons Learned and Recommendations

The COVID-19 pandemic has highlighted many issues for the community using 
machine learning with imaging and clinical data. In this section we will highlight 
several of the lessons learned and recommendations (many of which are covered 
in [12]).

Recommendations for study design. It is unfortunate that the same degree of 
care which is applied to clinical trial design is not applied more extensively to 
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machine learning. In particular, exploratory analysis on a small dataset (analagous 
to a phase 1 study), scaling to include more data with more diversity to determine 
whether the model is identifying signals in the date (phase 2) before allowing for 
development on the entirety of the dataset (phase 3). It is most common that authors 
jump to phase 3, short-cutting a lot of important exploratory steps which can iden-
tify biases.

Recommendations for data. Public repositories of imaging for COVID-19 
patients should be used with extreme caution. Due to the lack of verification proce-
dures to ensure patients are RT-PCR positive or negative, along with the ability for 
anyone globally to contribute images, this leads to significant risks of bias (e.g. 
source issues and Frankenstein datasets) as discussed earlier. Authors must also aim 
to match demographics across cohorts, an often neglected but significant potential 
source of bias (which may even be impossible with public datasets that do not 
include demographic information). Many public datasets obtain their images from 
preprints and published manuscripts which are in low-resolution or compressed for-
mats (e.g. JPEG and PNG), rather than their original DICOM format. If this reduc-
tion in resolution is biased across the different image classes, this leads to a serious 
issue for those models reliant on convolutions and hand engineered features which 
may simply learn to identify the new resolutions.

For CXRs in particular, researchers should be aware that the view (front-to-back 
vs. back-to-front) that has been used to acquire that CXR is important as, for exam-
ple, in sick, immobile patients, an front-to-back CXR view is used for practicality 
rather than the standard back-to-front CXR projection. The most useful algorithms 
are those that can diagnose disease at an early stage however many datasets will 
include an overrepresentation of severe disease which will likely reduce the models 
applicability.

In the literature, the timing between imaging and RT-PCR tests was also largely 
undocumented, which has implications for the validity of the ground truth used. A 
negative RT-PCR test does not necessarily mean that a patient does not have 
COVID-19 and we must encourage authors to evaluate their algorithms on datasets 
from the pre-COVID-19 era, such as performed by [108], to validate any claims that 
the algorithm is isolating COVID-19-specific imaging features. In many papers, it 
is common for non-COVID-19 diagnoses to be determined from the imaging alone, 
with those same images used to develop the model. This is known as incorporation 
bias and leads to an over optimistic model performance.

Recommendations for evaluation. The importance of using a well-curated 
external validation dataset of appropriate size in order to assess generalizability to 
other cohorts cannot be overstated. Any useful model for diagnosis or prognostica-
tion must be robust enough to give reliable results for any sample from the target 
population rather than just on the sampled population. Calibration statistics should 
be calculated for the developed models to inform predictive error and decision curve 
analysis [109] performed for assessing clinical utility. If a model outputs a predic-
tion of death at p = 0.6 vs. p = 0.8, clinical judgment is likely to change so it is 
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important to know how well calibrated the model is. Authors must also disclose how 
they ensured that images from the same patient were not included in the different 
dataset partitions, such as describing patient-level splits. It is primarily an issue for 
datasets containing multiple images from each patient or those which process 3D 
volumes as independent 2D samples.

It is important to include confidence intervals, when reporting results, to reflect 
the uncertainty in the estimate, especially when training models on the small sample 
sizes commonly seen with COVID-19 data. Moreover, it is important and not an 
onerous task to demonstrate model interpretability. Examples of interpretability 
techniques include: (1) informing the clinician of which features in the data most 
influenced the prediction of the model, (2) linking the prognostic features to the 
underlying biology and (3) overlaying an activation/saliency map on the image to 
indicate the region of the image which influenced the model’s prediction and (4) 
identifying patients which had a similar clinical pathway. Many papers derive their 
performance metrics from the test data alone with an unstated operating point to 
calculate sensitivity and specificity. Clinical judgment should be used to identify the 
desired sensitivity or specificity of the model and the operating point should be 
derived from the development data. The differences in the sensitivity and specificity 
of the model should be recorded separately for the validation and test data.

Recommendations for replicability. It is not possible to reproduce many exist-
ing models due to updating of publicly available datasets or codes since the publica-
tion of the manuscripts. Therefore, we recommend that a cached version of the 
public dataset be saved, or the date/version quoted, and specific versions of data or 
code be appropriately referenced. We acknowledge that although perfect replication 
is potentially not possible, details such as the seeds used for randomness and the 
actual partitions of the dataset for training, validation and testing would form very 
useful supplementary materials. Furthermore, it is necessary that the manuscript 
states any image resizing, cropping and normalisation used to ensure the work is 
reproducible.

Recommendations for authors. It is recommended that authors assess their 
manuscript against appropriate established frameworks, such as RQS, CLAIM, 
TRIPOD, PROBAST and QUADAS [110–114]. This will ensure reproducibility, 
and that models are developed in a careful manner.

Recommendations for reviewers. For reviewers, we also recommend the use of 
the checklists, discussed in the previous point, in order to better identify common 
weaknesses in reporting the methodology. The most common issues in the papers 
considered in [12] was the use of biased datasets and/or methodologies. For non-
public datasets, it may be difficult for reviewers to assess possible biases if an insuf-
ficiently detailed description is given by the authors. We strongly encourage 
reviewers to ask for clarification from the authors if there is any doubt about bias in 
the model being considered. Finally, we suggest using reviewers from a combina-
tion of both medical and machine learning backgrounds, as they can judge the clini-
cal and technical aspects in different ways.
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�The Next Pandemic

For the next pandemic, we must be better prepared, with rapid data collection and 
sharing, and models which are purpose built and trainable to include new classes 
quickly and robustly. We need an infrastructure to share data at scale, and we need 
regulatory improvements which allow for validated algorithms to translate into 
clinic rapidly.

As a community, we need a blueprint for how to optimally respond to the next 
pandemic. According to the UK National Audit Office, the COVID-19 pandemic 
has cost the country over £370 billion as of January 2022 [115] with the testing and 
contact tracing program alone allocated £37 billion [116]. This astonishing amount 
highlights the trade-off if governments do not invest in pandemic response research 
and development to ensure we are not taken by surprise again. A particularly encour-
aging social enterprise is the Trinity Challenge [117] which ran a competition in 
2021 for teams to win funding for their ideas “to ensure we are better prepared 
against health emergencies”. There were 8 prize winning teams, all developing tools 
using machine learning and data analytics to increase global preparedness for future 
pandemics.
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Chapter 5
Machine Learning and Laboratory Values 
in the Diagnosis, Prognosis 
and Vaccination Strategy of COVID-19

Anna Carobene, Lorenzo Famiglini, Eleonora Sabetta, Assunta Naclerio, 
and Giuseppe Banfi

�Introduction

In March 2020, the World Health Organization (WHO) declared a pandemic status 
for a new disease, called COVID-19, caused by infection with the novel beta-
coronavirus SARS-CoV-2. Nearly 2 years later, there have been more than two hun-
dred 70 million cases of infection, approximately five and a half million deaths 
worldwide, and more than eight billion vaccine doses have been administered [1].

In the management of the state of emergency, early diagnosis undoubtedly plays 
a key role both for patients affected by COVID-19, whose prognosis may benefit 
from early treatment, and identifying of infected but asymptomatic or pauci-
symptomatic subjects, which is essential in the containment of contagions [2].

To date, the gold-standard tool for the diagnosis of SARS-CoV-2 infection is the 
amplification by rRT-PCR (Reverse Transcription Polymerase Chain Reaction) of 
viral genomic material (RNA) taken from the upper airways, by oro-pharyngeal 
and/or nasopharyngeal swab [3]. However, this molecular approach has significant 
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limitations due to the method’s sensitivity, estimated to be around 85% and the time 
and cost required for the analysis [4].

To improve the pandemic management, the need for enhanced diagnostic capac-
ity for SARS-CoV-2 infections soon emerged, with rapid, accurate, and easily 
accessible methods. To address this need, some researchers focused their efforts on 
developing machine learning (ML) models that could help define the diagnosis, and 
in some cases even the prognosis, of patients with COVID-19 [5].

ML is a branch of artificial intelligence (AI) . It is a term that refers to several 
computational methods that allow the machine to learn from experience and develop 
algorithms on a data set, providing it with the ability to perform tasks [6–8]. There 
is no doubt that IA/ML techniques are finding wide space in all fields of medicine, 
as shown by the exponential growth of publications in IA/ML/Deep Learning (DL) 
in recent years (from 203 papers published in 2005, up to 12,563 papers in 2019 
indexed on PubMed and more than 31,000 in 2021) [9].

Among the specialties in which IA/ML applications find more space, radiology, 
oncology, and surgery certainly stand out, fields in which models are developed 
with the support of imaging, and, as for cardiology and neurology, also of cardio-
logical and neurological diagnostic examinations. In contrast, as Ronzio et al. [10] 
point out, laboratory medicine is still not well represented.

However, even in this area, the number of publications is growing. Indeed, if the 
review by Cabitza et al., published in 2018 [11] had identified 37 ML papers pub-
lished between 2007 and 2017 in the laboratory medicine field, of which only three 
were published in medical journals, the review by Ronzio et al. published in 2021 
identifies 44 papers published in only 4 years, between 2017 and 2020, 71% of 
which were published in the last 2 years [10]. Let’s consider the number of publica-
tions in the previous 10 years, not only on ML models but more generally on AI 
studies with laboratory medicine data, the increase of papers follows an exponential 
trend [12].

Herman et al. [13] have recently reviewed ML systems that are currently in clini-
cal laboratory practice or are being proposed for such use in recent literature, ML 
systems that use laboratory data outside the clinical laboratory, challenges to the 
adoption of ML, and future opportunities for ML in laboratory medicine. Authors 
described how AI and ML have and will continue to influence the practice and scope 
of laboratory medicine dramatically, pointing out how this has been made possible 
by advancements in modern computing and the widespread digitization of health 
information. These technologies are being rapidly developed and described, but in 
comparison, their implementation thus far has been modest. The concern of Herman 
and co-authors is that the participation of the clinical laboratory community is 
essential to ensure that laboratory data are sufficiently available and incorporated 
conscientiously into robust, safe, and clinically effective ML supported clinical 
diagnostics [13].

Early ML models developed for diagnostic purposes for COVID-19 are based on 
computed tomography (CT) or chest radiography data, often combined with con-
ventional molecular diagnostic findings [5, 14]. Promising results have emerged 
from these studies but also important critical issues, mainly due to the high number 
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of false negatives obtained with chest radiography or the impossibility of using CT 
for screening considering, for example, the high radiation dose, high costs, and a 
limited number of available instruments [15].

Efforts were then focused on the development of ML models based on the results 
of blood tests routinely performed in the biomedical laboratory, starting from the 
scientific evidence that some blood parameters are significantly altered in patients 
with COVID-19 and can therefore be used as good markers of disease [16–19].

Laboratory examinations have the advantage of having reduced time and costs 
and are minimally invasive for the patient, allowing their repetition at close intervals.

Due to the low cost and no need for specific assay equipment, laboratory test 
remains a simple, accessible, near real-time, and cost-effective biomarker, repre-
senting the basic routine blood examinations, usually also available in low-resource 
settings (such as in some developing countries or in a geographical area that is, in 
the meantime, affected by other socio-sanitary and humanitarian emergencies). 
Moreover, it is possible to obtain an enormous amount of information from a labora-
tory test; accordingly, laboratory medicine represents an excellent field of applica-
tion for ML systems [20].

Therefore, in this context, there has been a strong interest in exploiting the poten-
tial of ML-based on hematochemical parameters to obtain new accurate, rapid, 
inexpensive, and easily accessible tools to improve the management of COVID-19 
patients. The development of these approaches in the current health emergency aims 
to meet the need to have valuable models not only for early diagnosis, supporting 
the clinician in the management of the patient and allowing a timely therapeutic 
intervention but also for prognostic/predictive purposes, i.e. in the prediction of the 
evolution of the disease to identify those patients at higher risk of serious adverse 
events and therefore to be subjected to closer monitoring and to be started to a more 
aggressive treatment [11, 21, 22].

Another aspect to consider about the infection with SARS-CoV-2 regards the 
induced antibody response targeting multiple antigens that changes over time. 
While not suitable for diagnosing clinical cases, serology is a promising tool for 
identifying individuals with a previous infection by detecting antibodies generated 
in response to SARS-CoV-2 infection [23]. Antibody levels are not constant and 
change over time, so the utility of serological testing depends on the kinetics of the 
anti-SARS-CoV-2 antibody response during and after infection. Taking advantage 
of this complexity, a mathematical model of antibody kinetics and ML classifiers to 
identify serological signatures of SARS-CoV-2 disease generated using multiplex 
assays has been recently applied [23].

However, there are some problems in recognizing simple patterns in large, com-
plex data sets. It is critical not to make false classifications that lead to incorrect 
diagnosis and treatment decisions [24]. Many factors can influence the representa-
tiveness of datasets obtained from hematochemical parameters for assessing the 
robustness of a model: differences in testing equipment (cf. the concepts of harmo-
nization), in reference ranges/ethnic variability, in disease manifestations/pheno-
typic variability and how humans react to contextual factors (cf., biological 
variation) make the reference population incredibly vast and various, from which 
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also very different datasets can be drawn to challenge the model’s performance [24, 
25]. This could explain why ML based on lab data has not yet caught on with other 
medical disciplines [11].

In this regard, some evidence shows the use of the only CBC data in algorithms 
developed by ML for diagnostic and prognostic purposes as appropriate for which 
the leading aspect does not reside on the practicability and economic issues, even, if 
necessary, but also and especially on the robustness of the model based on its repro-
ducibility [26–30]. And the CBC data compared to the other hematochemical 
parameters are characterized by a restrained within and between-subjects biological 
variation [31–34], which supports the reproducibility of results for the same patient 
at different times, and by a negligible analytical variation [35] which guarantees the 
reproducibility of the same data between laboratories in various settings, through 
other equipment, or on heterogeneous populations.

The purpose of this chapter is to consider the multiple published studies on ML 
approaches developed in this area since the beginning of the pandemic to date, 
focusing on the heterogeneity in terms of selection of input data and accuracy of 
results obtained from the different models produced. To determine this heterogene-
ity, there are some aspects, such as the importance of the selection and standardiza-
tion of input data or the external validation of the model, which are essential in 
applying ML in laboratory medicine. The robustness and accuracy of the developed 
model depend, in fact, on these aspects, to the point of making it or not a valuable 
tool in clinical practice.

�COVID-19, Machine Learning and Laboratory Values: 
The State of the Art

This chapter considers only studies combining laboratory test results with ML mod-
els. To identify which ML models are most effective as a diagnostic and prognostic 
support tool for COVID-19 has been reviewed the literature present in PubMed (a 
free search engine of biomedical scientific literature that is continuously updated 
[9]) and in Scopus (a database of abstracts and citations for articles of research-
related publications, created in 2004 by the Elsevier publishing house [36]).

The search was carried out up to 28/12/2021, filtering the results for the period 
2020–2021

–– PubMed: the following keywords were included in the site’s search engine: Title/
Abstract (“blood tests” OR “blood exams” OR “laboratory tests” OR “laboratory 
exams”) AND (“COVID-19” OR “COVID” OR “SARS-CoV-2” OR “coronavi-
rus”) AND (“machine learning” OR “deep learning” OR “artificial 
intelligence”).

–– Scopus: the following keywords were included in the search engine: Title-ABS-
KEY (“blood tests” OR “blood exams” OR “laboratory tests“OR “laboratory 
exams”) AND (“covid-19” OR “covid” OR “sars-cov-2” OR “coronavirus”) 
AND (“machine learning” OR “deep learning” OR “artificial intelligence“).
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Documents meeting the following inclusion criteria were included: English lan-
guage, available online in letters, articles or conference paper, articles presenting 
models based on laboratory data only or laboratory data accompanied by vital signs/
symptoms/comorbidities using techniques of ML, articles published from 2020 to 
2021 that presented ML models for diagnostic and prognostic purposes.

�Literature Search Results

The literature search in PubMed, years 2020–2021, identified 123 articles, and in 
Scopus 156. Of the selected articles, 115 were reported in both databases, and 98 
were excluded because they did not meet the selection criteria. Therefore 68 studies 
have been specified and included in this review (Fig.  5.1). Of the 68 selected 

123 Papers in 

PubMed

156 Papers in 

Scopus

279
Papers detected

115 in both DBs

17 Irrelevant studies

5 Editorials

4 Book chapters

1 No laboratory data

16 Review/ Meta-analysis

53 CT/RX Images data

1 Preprint paper

2 No ML models

166 Papers evaluated
(115 both DBs, 9 PubMed, 42 Scopus)

68 papers included
(34 diagnostic papers,
34 prognostic papers)

Fig. 5.1  Initial number of publications on diagnosis and prognosis for COVID-19 patients using 
artificial intelligence techniques identified by PubMed and Scopus (years 2020–2021), number of 
publications excluded because of selection criteria and final number of papers included in 
the review
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publications, 34 describe the development of ML models for diagnostic purposes 
and 34 for prognostic purposes.

The complete reference list of the studies selected is shown in Appendix 1. For 
the sake of clarity, the reference list in Appendix 1 is structured as follows: “D” 
(studies pointed out as D1–D34) is for studies related to diagnostic purposes. While 
“P” for prognostic purposes (studies pointed out P1–P34).

The literature search revealed the publication of the first ML diagnostic study, 
applied to laboratory medicine for the management of COVID-19 patients, starting 
in June 2020 (D6), and the publication of the first prognostic study just one month 
later, July 2020 (P3) (Appendix 1, Table 5.1).

Of the 68 papers selected for this review, 39 are published in biomedical jour-
nals, 23 in IT-specific journals (18 out of 23 are also reported in PubMed), while 
seven are IT conference papers (reported only in Scopus) (Table 5.1).

In most studies (63/68), the Materials and Methods section lacks a complete 
description of the analytical method and/or instrumentation with which the labora-
tory analyses considered for developing ML models were performed (Table 5.1).

The instruments used from which it would be possible to trace the analytical 
method are reported only in five studies, whereas the unit of measurement is reported 
in 34 publications. Among the medical journals, 12 do not report any information 
related to the laboratory test used (Table 5.1).

The characteristics reported in the papers evaluated (dataset, the purpose of the 
study, features selected, ML models) for diagnostic and prognostic studies, respec-
tively, are summarized in Figs. 5.2 and 5.3.

�Diagnostic Studies

Description of the Population  Publications for diagnostic purposes are based on 
cohorts of subjects characterized by highly variable numerosity (ranging from 106 
to 115,394). Study D2, for example, includes 171 subjects, of whom 24.6% are 
COVID-19 patients, but the cohort is well characterized. In contrast, the paper D10, 
published in an IT-specific journal, has a very large cohort (115,394 subjects), of 
which only 0.3% are COVID-19 positive. The prevalence of COVID-19 positive 
subjects in the investigated population is highly variable (0.3–66.0%, in D10 and 
D29, respectively). This feature is probably the most critical aspect of comparing 
performances across the various studies. All diagnostic studies were developed on 
data collected during the first phase of the pandemic, i.e., within the first 7 months 
of the year 2020. Of these, four were set in the USA (D1, D3, D5, D9), 5 in Italy on 
different cohorts (D2, D4, D13–14, D28), 2  in the UK (D10, D18), 1  in Egypt 
(D29), 1 in Iran (D26), 4 in other European countries [Spain (D16), Turkey (D29), 
Slovenia (D17) and Austria (D12)] and 17 papers (D6–D8, D11, D15, D19, D21–
D25, D27, D30–D34) referred to the same Brazilian cohort and dataset [37] 
(Fig. 5.2).
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Table 5.1  List of publications selected and discussed in this review, from which bibliographic 
characteristics are given

ID 
paper 

First Author  Journal  
Month/year

of
publication  

PubMed Scopus 
Study 
(D/P)  

Availability of information on 
analytical methods (analyzer, 

reagents, and units of 
measurement) 

D1  Joshi et al.  Journal of Clinical Virology  08/2020 X X D No information  

D2  Formica et al.  Clinical Medicine Journal  07/2020 X - D Units of measurement only 

D3  Yang et al.  Clinical Chemistry  11/2020 X X D Analyzer only  

D4  Cabitza et al.  
Clinical Chemistry and 
Laboratory Medicine  

10/2020 X X D 
Analyzer/reagents/unit of 
measurement 

D5  Plante et al. 
Journal of medical Internet 

research 
12/2020 X X D No information  

D6  Avila et al.  PeerJ 06/2020 X X D No information  

D7  Banerjee et al. 
International 

Immunopharmacology 
09/2020 X X D No information  

D8  AlJame et al.  
Informatics in medicine 

unlocked 
10/2020 X X D No inf ormation 

D9  Bayat et al.  Clinical Infectious Diseases 08/2020 X - D Units of measurement only 

D10 Soltan et al.  The Lancet Digital Health  02/2021 X X D Units of measurement only 

D11  Freitas Barbosa et al.  
Research on Biomedical 

Engineering 
01/2021 - X  D No information  

D12  Tschoellitsch et al. Laboratory medicine 12/2020 X - D Units of measurement only 

D13  Carobene et al.  Biochimica Clinica  09//2021 - -X  D Analyzer and units of measurement 

D14 Brinati et al.  Journal of Medical Systems 8/2020 X X D No information  

D15 Alves et al. 
Computers in Biology and 

Medicine  
5/2021 X X D 

Units of measurement and reference 
values only 

D16 
Planchuelo-Gómez et 

al. 
Frontiers in Neurology  12/2020 X X D 

Units of measurement and reference 
values only 

D17 Kukar et al. Scientific Reports 12/2021 X X D No information  

D18 Baktash et al. QJM 11/2021 X - D Units of measurement only 

D19 Babaei Rikan et al. Biomed Signal Process Control 11/2021 X - D No information  

D20 Çubukçu et al. Am J Clin Pathol  11/2021 X - D 
Analyzer/reagents/unit of 
measurement 

D21 Cobre et al. 
Computers in Biology and 

Medicine  
7/2021 X X D No information  

D22 Darapaneni et al. 

2020 IEEE 15th International 
Conference on Industrial and 
Information Systems, ICIIS 

2020 - Proceedings 

11/2020 - X  D No information  

D23 Almansoor et al. 

2020 International Conference 
on Data Analytics for Business 
and Industry: Way Towards a 

Sustainable Economy, ICDABI  

10/2020 - X  D No information  

D24 Doewes et al. World Journal of Engineering  5/2021 - X  D No informati on 

D25 AlJame et al. Scientific Reports 12/2021 X X D No information  

D26 Marateb et al. Frontiers in Medicine  11/2021 X X D Units of measurement only 

D27 Wu et al. 
Computer Methods and 

Programs in Biomedicine 
11/2021 X X D No information  

D28 Cabitza et al. 
Computer Methods and 

Programs in Biomedicine 
9/2021 X X D 

Analyzer/reagents/unit of 
measurement 

D29 Hany et al. 

2021 International Mobile, 
Intelligent, and Ubiquitous 

Computing Conference, 
MIUCC 2021  

5/2021 - X  D 
Units of measurement and reference 
values only 

(continued)
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D30 Dairi et al.
IEEE Transactions on 
Instrumentation and 

Measurement
12/2021 - X D No information

D31 Barbosa et al.
Journal of Biomolecular 
Structure and Dynamics

8/2021 X X D
Units of measurement and reference 
values only

D32 Ahmad et al. Complexity 5/2021 - X D No information

D33 Souza et al. Soft Computing 5/2021 X X D No information

D34 Czako et al.

Proceedings - 2020 IEEE 16th 
International Conference on 

Intelligent Computer 
Communication and 

Processing, ICCP 2020

9/2020 - X D No information

P1 Assaf et al.
Internal and emergency 

medicine
11/2020 X X P Units of measurement only

P2 Booth et al. Modern Pathology 10/2020 X X P No information

P3 Zhu J. S. et al. 
Journal of the American 
College of Emergency 

Physicians
07/ 2020 X - P No information

P4 Chow et al. PLoS One 12/2020 X X P Units of measurement only

P5 
Jimenez-

Solem et al.
Scientific Reports 02/2021 X X P Units of measurement only

P6 Razavian et al. Digital medicine 10/2020 X X P Units of measurement only

P7 KO at al.
Journal of medical Internet 

research
12/2020 X X P No information

P8 Li et al. PeerJ 11/2020 - X P Units of measurement only

P9 Hou et al.
International Journal of 

Medical Sciences
8/2021 X X P Units of measurement only

P10 Schöning et al.
Journal of

Translational Medicine
1/2021 X X P Units of measurement only

P11 Aktar et al. JMIR Med ical Informatics 4/2021 X X P No information

P12 Karthikeyan et al. Frontiers in Public Health 5/2021 X X P Units of measurement only

P13 Castro et al.
Journal of the Academy of 

Consultation-Liaison 
Psychiatry

5/2021 X X P Units of measurement only

P14 Chen et al. Journal of Medical Virology 4/2021 X X P
Units of measurement and reference 
values only

P15 Marcos et al. PLoS ONE 4/2021 X X P Units of measurement only

P16 Statsenko et al. BMJ Open 2/2021 X X P Units of measurement only

P17 Woo et al.
American Journal of the 

Medical Sciences
10/2021 X X P Units of measurement only

P18 Luo et al. PLoS ONE 6/2021 X X P Units of measurement only

P19 Yu et al. PLoS ONE 4/2021 X X P No information

P20 Famiglini et al.
Proceedings - IEEE 

Symposium on Computer-
Based Medical Systems

6/2021 - X P Analyzer and units of measurement

P21 Pulgar-Sánchez et al.
Computers in Biology and 

Medicine
9/2021 X X P Units of measurement only

P22 Chen et al.
Journal of Medical Internet 

Research
4/2021 X X P Units of measurement only

P23 Nguyen et al. Scientific Reports 12/2021 X X P Units of measurement only

P24 Lee et al.
Journal of the American 

Geriatrics Society
12/2021 X X P

Units of measurement for just a 
subgroup of  Lab paramenters

P25 Chung et al. Frontiers in Physiology 11/2021 X X P No information

P26 Gabbay et al. Applied Sciences (Switzerland) 11/2021 - X P No information

P27 Qomariyah etr al.

8th International Conference on 
ICT for Smart Society: Digital 
Twin for Smart Society, ICISS 

2021 - Proceeding

8/2021 - X P
Units of measurement and reference 
values only

P28 Mahboub et al. Frontiers in Medicine 5/2021 X X P No information

P29 Darapaneni et al

2021 IEEE International IOT, 
Electronics and Mechatronics 
Conference, IEMTRONICS 

2021 - Proceedings

4/2021 - X P No information

P30 Tang et al.
Frontiers in Cellular and 
Infection Microbiology

3/2021 X X P Units of measurement only

P31 Zhu et al.
J Am Coll Emerg Physicians 

Open
7/2020 X - P Units of measurement only

P32 Lu et al. PeerJ 4/2021 X X D Units of measurement only

P33 Chung et al.
Journal of Medical Internet 

Research
4/2021 X X D Units of measurement only

P34 Ahmed et al. Applied Sciences (Switzerland) 7/2021 - X D No information

Table 5.1  (continued)

Articles published in IT-specific and conference papers, non-biomedical journals, are shaded in 
gray and light green respectively
D/P: D diagnostic study, P prognostic study
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•   Country of origin

USA, (12%)
South America (Brazil), (50%)
North Africa (Egypt), (3%)
Western Asia (Iran), (3%)

Europe (Austria, Italy, Spain, Slovenia, Turkey), (26%)
UK, (6%)

March – April 2020, (71%)
March – November 2020, (23%)
Not specified, (6%)

< 200, (9%)
200 - 1000, (20%)
1000 - 10.000, (62%)
> 10.000, (9%)

Outpatients, (6%)
Hospitalised, (15%)
Admitted at the Emergency Department, (29%)
Not specified, (50%)

Age
Sex
Ethnic group

CBC, (100%)
Clinical chemistry tests, (70%)
Coagulation tests, (44%)
Immunochemistry tests, (6%)
Blood gas, (24%)
Not specified, (6%) Heart rate,

Respiratory rate,
Oxygen saturation,
Blood pressure,
Body temperature,
Oxygen flow rate

Fever,
Headache,
Runny nose/sneeze,
Cough/sore throat,
Fatigue,
Other

Hypertension,
Chronic kidney disease,
Diabetes / Liver disease,
Cancer,
Chronic respiratory disease,
Other comorbidities

Random Forest (RF), (68%)
Support Vector Machine (SVM), (53%)
Logistic Regression (LR), (50%)
k-Nearest Neighbors (KNN), (38%)
Gradient Boosting (XGBoost), (32%)
other

Cross-validation, (70%)
Nested cross-validation, (12%)
Boostrapping validation, (6%)
Other, (3%)
Not declared, (9%)

Supervised, (91%)
Unsupervised, (9%)

AUC, (88%)
Accuracy
Sensitivity & Specificity
NPV & PPV
Other

Performed, (29%)
Not Performed, (71%)

Internal longitudinal Database (6%)
Cross sectional Database (23%)

Dataset

•   Demographic characteristics, (56%)

•   Laboratory tests, (100%)

•   Vital signs, (3%)

•   Clinical symptoms, (26%) 
    (COVID 19 related)

•   Comorbidities, (6%)

•   Algorithm

•   Validation approaches

•   Performance metrics 

•   External validation

Machine Learning

Parameters
(features)

•   Number of subjects

•   Data collection period

•   Type of patients

Fig. 5.2  Overview of the characteristics reported in the diagnostic studies evaluated. The variables 
included in the dataset (number and type of subjects and their origin, data collection period), in the 
features selected (demographic characteristics, laboratory tests, vital signs, clinical symptoms, 
comorbidities), and in the machine learning application (type of algorithm, mode of data valida-
tion, performance metric) are considered
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•   Country of origin

Dataset •   Number of subjects

•   Data collection period

•   Type of patients

•   Demographic characteristics, (88%)

•   Laboratory tests, (100%) 

•   Pharmacological treatment,  (9%)

•   Vital signs, (62%)

•   Clinical symptoms, (26%)
    (COVID 19 related)

•   Comorbidities, (68%)

< 200, (21%)
200 - 1000, (32%)
1000 - 10.000, (44%)
> 10.000, (3%)

North America (USA, Canada), (29%)
South America (Brazil, Ecuador), (9%)
Asia (Israle, China, Korea, Indonesia, Dubai), (44%)
Europe (Denmark, Italy, Spain, Switzerland), (12%)
Not declared, (6%)

March - Apr 2020, (6%)
Jan - Aug 2020, (45%)
March - Dec 2020, (41%)
Not specified, (9%)

Hospitalised, (26%)
Admitted at the Emergency Department, (3%)
Patient data records, (6%)
COVID 19 positive patients, (50%)
Other, (12%)
Not specified, (3%)

•   Hospitalization,
•   Length of stay,
•   Risk of severity,
•   Risk of sepsis,
•   Need for intensive care unit admission,

•   Need for mechanical ventilation,
•   Risk of delirium,
•   Mortality rate prediction,
•   Favorable prognosis

Age/Sex
Ethnic group 

CBC, (100%)
Clinical chemistry tests, (70%)
Coagulation tests, (44%)
lmmunochemistry tests, (6%)
Blood gas, (24%)
Not specified, (6%) Heart rate,

Respiratory rate,
Oxygen saturation, 
Blood pressure,
Body temperature,
Oxygen flow rate

Purpose of
the task

Parameters
(features)

Fever,
Headache,
Runny nose/sneeze,
Cough/sore throat,
Fatigue,
Other

Hypertension,
Chronic kidney disease,
Diabetes / Liver disease,
Cancer,
Chronic respiratory disease,
Other comorbidities

Random Forest (RF), (44%)
Support Vector Machine (SVM), (18%)
Logistic Regression (LR), (26%)
k-Nearest Neighbors (KNN), (9%)
Gradient Boosting (XGBoost), (36%)
other, (74%)

Cross-validation, (41%)
Nested cross-validation, (3%)
Other, (9%)
Not declared, (47%)

Supervised, (97%)
Unsupervised, (3%)

AUC, (76%)
Accuracy
Sensitivity & Specificity
NPV
Other

Performed, (24%)
Not Performed, (76%)

Internal longitudinal Database, (25%)
Cross sectional Database, (50%)
Not specified, (25%)

•   Algorithm

•   Validation approaches

•   Performance metrics 

•   External validation

Machine Learning

Fig. 5.3  Overview of the characteristics reported in the prognostic studies evaluated. The vari-
ables included in the dataset (number and type of subjects and their origin, data collection period), 
in the purpose of the study, in the features selected (demographic characteristics, laboratory tests, 
vital signs, clinical symptoms, comorbidities, pharmacological treatment), in the machine learning 
application (type of algorithm, mode of data validation, performance metric) are considered
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Description of Parameters  An essential element of variability concerns the num-
ber and type of parameters (features) considered to develop the different ML models 
for diagnostic purposes. Regarding biochemical values, all studies include CBC 
parameters, 24 also consider clinical chemistry values, 15 consider coagulation 
tests, and eight studies also include blood gas analysis parameters. Demographic 
data, such as ethnicity, sex and age, are considered only half of the diagnostic mod-
els. At the same time, very few studies include clinical parameters, comorbidities 
and COVID-19-specific symptomatology in the ML model (Fig. 5.2). Few studies 
report only the features (laboratory parameters) had in the model, without adding 
any related information.

Description of Models  Twenty-six different supervised ML models are evaluated 
in the papers selected in this review. In most of these studies, 27 out of 34, the same 
dataset is analyzed with more than one model. The ML models primarily considered 
in the different studies are Random Forest (RF), Support Vector Machine (SVM), 
Logistic Regression (LR), k-Nearest Neighbors (KNN), and Gradient Boosting 
(XGBoost) (Fig. 5.2). Three studies (D16, D30, D33) have been performed using 
the following unsupervised ML models: Principal Component Analysis (PCA), 
Variational autoencoder (VAE), Generative adversarial networks (GAN), restricted 
Boltzmann machine (RBM), self-organizing maps (SOM).

Description of Results  The results of the ML models are reported for most studies 
in terms of AUC (Fig. 5.2). However, three studies expressed the performances only 
in sensitivity and specificity [D1]. The performance of the studies described in 
terms of AUC covers a wide range: from a minimum of 74% [D12] to a maximum 
value of 99% [D8, D27, D30]. Only 10 out of 34 diagnostic studies reported exter-
nal validations, two of them using internal longitudinal databases and eight cross-
sectional databases. Of the reported data, the best accuracy value on an external 
validation was obtained using the support vector machine (SVM) model, which 
returned an AUC of 98% [D13].

�Prognostic Studies

Description of the Population  Generally, studies for prognostic purposes are 
based on cohorts of subjects of smaller numbers than those considered in the diag-
nostic studies. Like for diagnostics studies, the cohorts are highly variable (87 [P4] 
to 64,733 [P24]). As for the diagnostic studies, data for these studies were collected 
in the first months of the pandemic in different countries with different pandemic 
curve trends, even if three studies did not declare the period of the data collection 
(Fig. 5.3). Patients included have established positivity to COVID-19 by rRT-PCR; 
in one study [P6], salivary or molecular tests performed on pharyngeal swabs were 
also adopted.
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Description of Parameters  CBC and clinical chemistry parameters are primarily 
included among the features also in the prognostic models, but, unlike the diagnostic 
models, other variables are considered in most studies. Mainly, in 30/34 studies, 
demographic variables are included, while comorbidities and vital signs are consid-
ered in 23/34 and 21/34 studies, respectively (Fig. 5.3). Symptoms are included in 
9 studies and pharmacological treatments in only three studies [P15, P19 and P28]. 
Four studies used only laboratory tests data to develop the prognostic models [P2, 
P18, P27 and P29]. Only in a few studies different sampling has been reported. P5 
study, for example, reported four different time points for sampling: the time of 
diagnosis of positivity, the first 12  h after hospital admission, 12 h before ICU 
admission, and 12 h after ICU admission. Coagulation tests have been included in 
62% of the study, while blood gas test data in 24% of the studies. Few studies 
included cardiac biomarkers, like troponins (TnI/TnT) and brain natriuretic peptide 
(BNP or proBNP), and inflammatory markers, like interleukins (ILs), procalcitonin 
(PCT) and tumour necrosis factor (TNF) (Fig. 5.3).

Description of Prognostic Purposes  As shown in Fig.  5.3, prognostic models 
have been developed for various purposes, including the ability to predict: hospital-
ization, length of hospital stay, the risk of severe, the risk of sepsis, the need for 
intensive care unit admission, the need for mechanical ventilation, the prediction of 
delirium, mortality rate prediction, and favorable prognosis. Note that the definition 
of “risk of severity” is not unique in all studies: some studies have been defined, 
including intensive care unit admission, mechanical ventilation, and/or death, in 
others as ventilation or death or also as intensive care unit admission or death. P8 
and P9 studies developed ML models to predict ICU admission and mortality for 
different purposes, P19 and P23 to predict the need for mechanical ventilation and 
separately the mortality, and P28 the length of stay and the mortality. P5 developed 
models for the prediction of the hospitalization, admission to intensive care unit, 
need for mechanical ventilation and mortality, as four different purposes.

Description of Patterns  In 18 out of 34 studies, the purpose of the prognosis has 
been evaluated using one ML model, while in the others, the dataset has been ana-
lyzed by more than one model. Globally, 22 supervised ML models are examined to 
develop a prognostic tool; RF is the most used algorithm, but high accuracy values 
were obtained with other ML algorithms (Fig. 5.3). Models involving the combined 
use of multiple algorithms are used in three studies: P6, P7 and P20.

Description of Results  Most of the models developed for prognostic purposes 
have reported the performance metrics in terms of AUC; however, 10/34 reported 
metrics expressed only as accuracy, sensitivity and specificity. In the three prognos-
tic purposes listed in the previous paragraph (hospitalization, ICU admission, need 
for mechanical ventilation), accuracy values of around 80% were reported. In con-
trast, AUC values higher than 90% were reached in the case of models able to pre-
dict prognosis, mortality or increased risk of developing a severe form of COVID-19.
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�Considerations on the Literature Reviewed

In this review, among the 166 papers identified by search strings in Scopus and 
PubMed, 68 papers that used AI and ML techniques in the COVID-19 setting using 
only laboratory data have been selected. Most of the COVID-19 diagnostic studies 
developed ML models using imaging. These studies generally yield good results 
but, compared with models developed with only laboratory data, are associated with 
higher costs, longer timeframes, and more difficult patient management with 
increased risk of infection within the hospital and radiology department [38]. To 
obtain a helpful ML model in patients with COVID-19, several characteristics 
should be considered, including the purpose of the model, the patients to whom the 
model should be applied, the parameters, or features, selected, the ML algorithm, 
the performance metrics and the validation of the model. Therefore, it should be 
emphasized that the evaluation includes both clinical and laboratory aspects and 
mathematical–statistical elements. Considering only, or mainly, computational ele-
ments can lead to models that are not very useful and/or not very applicable. To this 
end, different professionals must cooperate to create, validate, and apply the ML 
model. Therefore, the further studies considered in this review will be commented 
on, given the elements mentioned above.

�Heterogeneity in Patient Selection

It is important to emphasize that the purpose of an ML model for diagnostic pur-
poses is not to replace the diagnosis by molecular swab, which remains the gold 
standard, but to assist the clinician in all those situations where the molecular swab 
has limitations (e.g. false negative, or in case of long waiting times for the result of 
the swab). The patient, identified as likely positive by the ML model, could be 
promptly and cautiously separated from the others pending the outcome of the 
molecular swab or its repetition [12].

The studies here evaluated present extreme heterogeneity in the patient selection. 
Most of the diagnostic models were obtained on emergency department (ED) patient 
populations, while in the remaining studies, inpatients or outpatients were consid-
ered. In some studies, the origin of the patients was not specified [D8, D11–12, D15, 
D20–25, D27, D30–D34]. In several the papers considered, the clinical description 
of the patients is not reported: in fact, in these papers ML model has been evaluated 
in cohorts of unselected patients, using as the only inclusion criteria the availability 
of the molecular swab result, other biochemical tests, and, in some cases, age sex or 
belonging to a specific ethnicity [D1, D3, D7–10]. This lack of accuracy in the 
patient’s characterization is typical for the studies that used the same Brazilian data-
set available online [37].

Sometimes, the authors state that they have included some clinical parameters in 
the analysis but do not report any [D5, 12]. In other cases, a partial description is 
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present (presence of symptoms suggestive of COVID-19) [D3, D8, D14–15, D17, 
D21–22, D25–26] and/or some exclusion criteria such as the presence of specific 
comorbidities are in addition reported [D2]. Finally, in some studies, the clinical 
presentation of subjects was considered and accurately described [D4] and/or the 
pattern was evaluated in different subgroups (in the whole sample or in the subset of 
asymptomatic versus symptomatic subjects) [D4].

It should be considered that even the characteristics of a patient with COVID-19, 
including clinical presentation, prevalence by age (which has changed over time), 
the introduction of new therapies that have significantly ensured improved progno-
sis (e.g. hyperimmune plasma), biochemical and instrumental tests, can vary very 
abruptly and present an extreme heterogeneity. From this point of view, a model 
developed using a dataset from a certain subgroup reached a high diagnostic accu-
racy, may perform much less in another clinical setting.

In a recent paper provocatively titled “The importance of being external. 
Methodological insights for the external validation of machine learning models in 
medicine”, authors state that there is still a gap in the literature on how to interpret 
external validation results and hence assess the robustness of ML models [25]. 
Cabitza et al., by using eight different external validation CBC datasets collected 
across three different continents during different pandemic waves, report how the 
correlation between accuracy and similarity should serve as a warning sign that 
reproducing good performances across very heterogeneous settings can be overam-
bitious and unrealistic [25].

It should be noted that focusing on accuracy alone is not always helpful. Its sen-
sitivity to distortion in case of unbalanced datasets, which is datasets where one 
condition (e.g., death or ICU admission) is infrequent. Likewise, AUC and F1 could 
be misleading, as they do not distinguish between types of errors, e.g., false-negative 
errors in detecting potentially severe health problems (aggressive tumors, fast infec-
tions). Balanced accuracy and utility metrics could be more useful to assess the 
clinical utility of a classification model.

These considerations can also be made, and above all, in the case of predictive 
models: for these models, the patient’s clinical course, the pharmacological therapy, 
the use of oxygen devices, the age, and the presence of possible comorbidities are 
fundamental elements. The predictive models considered in this review also present 
a wide variability both for the inclusion criteria of the selected population and for 
the prognostic endpoint of the study. In most cases, the model was calculated on 
inpatients or outpatients, and, in at least half of the studies, there is a detailed 
description of the clinical and anamnestic characteristics of the selected patients. 
Endpoints considered included mortality (at different time points) [P2–3, P5, P7], a 
severe form of COVID-19 characterized by respiratory failure with need for 
mechanical ventilation and/or admission to the intensive care unit [P1, 4–5], risk of 
sepsis [P30] or delirium [P13], the probability to be hospitalized and length of stay 
[P28], or a favorable prognosis [P6] (Fig. 5.3). The heterogeneity of the choice of 
endpoints makes it difficult to compare models.
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�Laboratory Parameters Used by Machine Learning Models

A second critical aspect related to applying the ML model to the patient with sus-
pected (diagnostic models) or specific (predictive models) diagnosis of COVID-19 
is the choice of features or laboratory tests. It should be kept in mind that rRT-PCR, 
although considered the best diagnostic system (gold standard), has limitations in 
sensitivity and specificity, and often for the correct classification of patients, some 
additional criteria are used (e.g., CT and/or clinical presentation) [27]. Therefore, 
the analytical method for diagnosing COVID-19 used in the different studies, with 
which the ML model is compared, indeed represents an additional factor of 
heterogeneity.

In selecting laboratory tests to be used in ML models, a key role should be played 
by the laboratory professional. There are, in fact, some critical elements that should 
be considered: the relation between variables and COVID-19 pathology; the avail-
ability of the variables (features) or diagnostic test in the context in which the ML 
model is to be applied; the characteristics of the diagnostic test.

Although from a theoretical point of view, the ML model can highlight a link, 
previously unknown, between a marker and the pathology, the features selection 
should interest, or at least include those variables that the scientific literature has 
already reported as associated or altered in the various stages of the COVID-19 
disease.

A vast number of laboratory tests have been reported as altered in recent meta-
analyses, with a possible role for monitoring, stratification, and prognosis: analyti-
cal, hematologic (leukocytosis, lymphopenia, neutrophilia, anemia, 
thrombocytopenia), biochemical (hypoalbuminemia, increased lactate dehydroge-
nase, aspartate aminotransferase, alanine aminotransferase total bilirubin, creati-
nine, troponin, C-reactive protein, infection markers (interleukins and procalcitonin) 
and coagulative (increased d-Dimer and prothrombin time) alterations [15–18, 39, 
40]. Rapid changes in these parameters may occur during COVID-19, which may 
be particularly critical for the ML model and its application. For example, it is plau-
sible to hypothesize that the clinical and laboratory picture of a patient who arrives 
late in an emergency department is very different from that observed in subsequent 
months. Therefore, the weight of the various laboratory tests could be different not 
only in the various phases of the disease but also in the different periods during the 
pandemic [12, 25].

As already observed for the selection of patients, the choice of parameters also 
presents a high heterogeneity. There are ML models developed using only CBC 
parameters [D1–2, 6–7, D13–15, D18, D20, D28, P18, P20, P25, P33], or CBC and 
clinical chemistry, or CBC, clinical chemistry, and coagulation, or also including 
blood gas tests (Figs. 5.2 and 5.3).

Moreover, other variables, like the clinical history, comorbidities, and pharma-
cology therapies, in addition to laboratory tests, were considered by predictive mod-
els. Relative to the number of predictors selected, there are parsimonious models, 
characterized by a small number of variables (less than 10 in D1, D29, P2 and P18), 
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and more frequently models with a vast number of predictors (more than 50 in D4, 
D10, D21–25 D27 and P3, P12, P14–15, P30–31).

It is then undoubtedly necessary to consider whether the selected diagnostic tests 
are available in the clinical setting where the ML model will be used. In this regard, 
to consider the possibility that the laboratory test may be requested, the timing and 
availability in the territory are necessary. The choice of parameters is, in fact, often 
debatable and seems not to be performed with an expert in laboratory medicine. For 
example, a diagnostic model includes a marker that cannot be requested urgently 
and of little or no diagnostic significance (urea or cholinesterase included in D8 and 
D12), with particularly long analytical times or excessively expensive, is not very 
applicable. Similarly, a model, diagnostic or predictive, that included a marker that 
is scarcely present in most hospital laboratories would be of little use.

In contrast, an ML model using only CBC data could be used anywhere, espe-
cially in developing countries that suffer from shortages of reagents and specialized 
laboratories [38]. The low variability of results in CBC parameters, both for the 
biological component [31–34] and the analytical component [35], could also make 
the use of a model based solely on these parameters more effective. Another essen-
tial aspect of being considered is, in fact, the analytical one (unit of measurement, 
reference interval, analytical method, instrumentation, traceability). Assuming, for 
example, the non-specificity of the measurement of serum creatinine, a parameter 
used by most of the studies considered, of Jaffe methods compared to enzymatic 
methods and the impact that the standardization process has had on the quality of its 
measurement [41, 42], it is evident that at least for some laboratory parameters, 
information related to analytical methods is fundamental. In this regard, it is cer-
tainly noteworthy a mini review dedicated to the results of d-Dimer in COVID 19 
patients, in which a great deal of confusion is reported in the way data are regis-
tered, and thus, the considerable misinformation that results [43].

Except for a few [D4, D13, D20, D28, P20], most diagnostic and predictive mod-
els do not report analytic methods and/or instrumentation (Table 5.1). Considering 
what has been described, reviewing the cited papers, one gets the impression that, 
for most of them, the authors did not make a reasoned selection of laboratory param-
eters but instead have developed the various models simply by using all the data 
available in the management systems of individual health care facilities.

The evidence of a non-uniformity in the use of clinical data, due to the significant 
increase in recent years of studies with AI techniques, including ML, and the conse-
quent poor reproducibility of the models developed [44], has made it necessary to 
draft guidelines that could improve the quality of AI studies in the medical field. 
The recently published MINIMAR (MINimum Information for Medical AI 
Reporting) guidelines were created with this intent [45]. MINIMAR considers a 
minimum list of information that should be reported in publications but does not 
indicate any information on how to report laboratory test results necessary informa-
tion to allow reproducibility of the study, which paradoxically is precisely the pur-
pose of the guidelines [45]. It is not a coincidence that guidelines dealing with 
studies using laboratory medicine results [46–49] always include a request for an 
adequate description and characterization of the procedures used to obtain them 
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(instrument used, analytical principle, unit of measurement, method optimization, 
generation, specificity). The analytical procedures must measure the same quantity 
to get comparable and reliable results. The description of the analytical methodol-
ogy used to obtain the laboratory data is necessary to precisely identify the measur-
and [50].

This chapter is not certain to address the complex and multifaceted issues related 
to standardization and harmonization, and thus reliability and reproducibility of 
laboratory results. However, as laboratory professionals, we are equally aware that 
the risk of misuse of laboratory data is genuinely high without knowledge of these 
aspects.

�Types of Models and Their Validation

As it is logical to expect, most of the algorithms used in the analyzed studies belong 
to supervised algorithms. Only three diagnostic studies and one prognostic [D16, 
D30, D33, P21] developed ML models based on unsupervised algorithms. In short, 
and simplifying a lot, with supervised algorithms, one tries to build a model from 
“labelled” training data to make predictions about future data. By “labelled”, we 
mean that the dataset already contains the output or response information sought: 
the patient does or does not have SARS-CoV-2 infection (diagnostic models), the 
patient is alive or dead at 24–48 h, the patient has or has not been hospitalized, and 
the patient has or has not required mechanical ventilation (predictive models). By 
contrast, in the unsupervised case, only input data are given. The goal is to try to 
model the underlying structure or distribution of the data and find unknown patterns 
[51]. However, it is interesting to note the number of different algorithms and vary-
ing complexity (Figs. 5.2 and 5.3). In particular, the most frequently used super-
vised algorithms include RF (23 out of 34 diagnostic models, 15 of 34 predictive 
models) and LR (17/34 and 12/34, respectively) (Figs. 5.2 and 5.3).

A second aspect concerns the validation procedure used in the various studies.
The techniques most frequently used are split-sample validation: hold-out (by 

splitting the data into training and test), K-fold cross-validation (it’s more robust 
than the former), K-fold nested/repeated CV, and bootstrapping techniques for esti-
mating confidence intervals.

These methods present, obviously, different advantages and problems [52, 53] 
and constitute examples of internal validation, whose application is handy to verify 
the stability of the model. On the contrary, the external validation carried out by 
using an independent dataset, different from that used to train the model, allows 
estimating the reproducibility of a model and its generalizability to the timing of the 
data collection and the space (other hospital or geographic zone). Therefore, exter-
nal validation is fundamental to evaluating the quality of the proposed model. A 
combination of the two procedures, the so-called internal–external validation, is 
also possible, particularly useful in those contexts where the amount of data 
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available is limited. For one-third of the diagnostic models considered, the authors 
reported external validation with one or more validation datasets (Fig. 5.2).

A further noteworthy element concerns the numerosity of the dataset used, which 
conditions the choice of the validation algorithm and procedure and, indeed, the 
model’s accuracy. The studies considered present very different sample sizes, rang-
ing from 170 [D2] to 115,394 [D10] for the diagnostic models and from 87 [P4] to 
64,733 [P24] for the predictive models.

�Model Implementation

Two ulterior aspects are fundamental for applying the model: the representativeness 
and the availability of the dataset and the explainability of the algorithm. It is also 
essential to make available the models by creating online tools to give the possibil-
ity to test the algorithms developed.

The availability of all the information used to generate the model allows us to 
evaluate the validity of the presented model definitively and verify its possible use. 
This aspect is particularly critical in the context of Big Data, ML algorithms and all 
those situations characterized by high computational complexity: it is the funda-
mental element for a true reproducible science [54]. To this end, it is necessary that 
the original data, the source code (for data cleaning, analysis, and presentation), is 
freely accessible. All analytical methods used are described in detail. Many authors 
do not agree to share their data for different reasons; however, such sharing, and 
data transparency in general, is the fundamental prerequisite for a free science to 
advance on a robust foundation. Such transparency would truly allow clinicians, in 
collaboration with their laboratory colleagues, to understand whether the proposed 
model can be used in their setting, through local validation of their data, before 
actual implementation. Although for only one study (D10) the source code is avail-
able (available at https://github.com/andrewsoltan/CURIAL-manuscript), for some 
of them the dataset is freely accessible [D4, 8, 14–15, 21, 23–24, 27, 30, 33–34; 
P10–12, 15, 20, 26, 29, 32].

A second important aspect is an availability to the end-user (the clinician) of IT 
tools that allow implementation of the model. These tools can be realized in the 
form of applications directly implemented in the management system of the indi-
vidual operating units or the middleware of the laboratory; this would have the 
advantage of an automatic compilation of input fields, once the laboratory results 
are available, reducing both the response time and the rate of input errors. In this 
regard, it is interesting to note that some of the diagnostic and predictive models 
considered have been implemented in real applications available online [D 4, D14, 
D17, P10, P26].

For a detailed description of one of these applications, see Appendix 2.
In the light of what has been discussed above, some relevant conclusions can 

be drawn:
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–– The studies considered are characterized by extreme heterogeneity in terms of 
the type of patients, their numerosity, the laboratory parameters selected, the 
algorithms used, and their validation.

–– The use of diagnostic and prognostic models requires an accurate description of 
the patients, of the statistical and analytical methods used (and if possible, the 
publication of the dataset and the source code); moreover, the availability of a 
web application, or possibly of a computer tool inserted in the hospital manage-
ment systems, allows the implementation and the usability of the model.

–– To obtain clinically usable models, effective collaboration between data scien-
tists and clinicians is fundamental; however, laboratory medicine professionals 
must deepen concepts related to the world of Big Data and ML algorithms to 
understand their potentialities and correctly interpret their results. In “A Brief 
Guide to Medical Professionals in the Age of Artificial Intelligence” [55], the 
authors hope that clinicians will apply themselves to an understanding of the 
basics of these new technologies so that they will be able to evaluate opportuni-
ties for clinical studies. We can only share this wish. In this sense, the Italian 
Society of Clinical Chemistry and Clinical Molecular Biology (SIBioC) is 
already working to promote an interdisciplinary operative presence [6, 20].

�The Role of Artificial Intelligence in the Vaccination Strategy 
Against SARS-COV-2 Through Laboratory Tests

Twelve months after the early COVID-19 cases were reported in Wuhan, China 
[56], the first COVID-19 vaccine was authorized by the US FDA for emergency use, 
and many Countries started national vaccine campaigns [57]. At the end of 2020, 
administrations began worldwide with RNA-based vaccines using the SARS-CoV-2 
Spike protein (S-protein) epitopes to induce protective immunity [58]. The 
BNT162b2 mRNA vaccine, one of the FDA-approved vaccines, has shown up to 
95% protection against the worst form of COVID-19 disease, providing significant 
public health advantages [59].

However, previous studies on the Coronaviridae family had shown both a short-
lived antibody response and the possibility of reinfection in recovered individuals 
[60, 61]. Consequently, it has been considered essential to assess the efficacy of 
vaccination against SARS-CoV-2. For this purpose, the antibody titer against the 
SARS-CoV-2 S-protein and its longevity in sera of vaccinated subjects was evalu-
ated. The first data were obtained in healthcare workers cohorts, as a prioritized 
category administered with the BNT162b2 mRNA vaccine; it was then observed 
that the S-protein antibody response was persistent at 6 months, even with a certain 
decline [62, 63]. This decrease was partly expected as all vaccine-induced short-
lived plasmablasts do not necessarily differentiate into long-lived plasma cells [64].

The antibody titer analysis showed that, also for SARS-CoV-2, gender-based 
variables seem to play a significant role in determining the immune response [63]. 

5  Machine Learning and Laboratory Values in the Diagnosis, Prognosis and…



140

From the literature, it is known that males and females show variability in innate 
and adaptive responses throughout life [65] as males are more susceptible to viral 
infections due to the inhibitory role of androgens in the production of IFN-γ. On the 
other hand, women show a more robust humoral response after vaccine administra-
tion [63]. In addition to these intra- and inter-individual variability factors limiting 
the routine use of serological tests as an indicator of the immune coverage, we must 
consider the difficulty in harmonizing the different commercial serological tests [66].

Despite these limitations, the potential of serological tests, in directing doses to the 
neediest subjects (for example, seronegative individuals) should not be underesti-
mated. Such strategies could redefine inoculation priorities as a function of antibodies 
titer and consider targeted vaccination protocols, particularly for older people, whose 
humoral response to infections could be less efficient due to immunosenescence [65].

A valid vaccination strategy aiming to reduce severe morbidity, mortality, and 
harmful societal impact due to the transmission of SARS-CoV-2, allows optimiza-
tion of public health interventions in facing the pandemic. The allocation criteria are 
focused on different risks: (1) acquiring infection, (2) severe morbidity and mortal-
ity, (3) negative societal impact, (4) transmission of the infection [67]. Applying 
allocation criteria to specific population groups could establish whether a category 
should be prioritized in receiving the immunization. In vaccine scarcity scenarios or 
contexts of organizational complexity, serological testing could be a valuable index 
for allocating doses to individuals based on their serostatus.

Indeed, low-income countries, where the probability of exposure and infection is 
higher due to extreme environmental conditions (e.g., the lack of personal protec-
tive equipment or inability to work from home [67]), the power of a serological 
triage strategy could be essential in controlling the pandemic. Moreover, less than 
5% of the African population is fully vaccinated, causing a high risk of further 
waves, even if rich countries are engaging in the COVAX project, a global collab-
orative co-financing vaccine procurement strategy [68, 69].

�Real-World Vaccination Strategies

A proper prioritization strategy should consider numerous variables such as age, 
gender, clinical history, and serostatus. In different viral infections, serological eval-
uation plays a crucial role in identifying unprotected individuals, distinguishing pri-
mary infection from reactivation, and testing the immune response elicited by 
vaccination. The antibody titer dosage could be an index of the immune response, 
informing about immunization coverage and durability against a specific pathogen 
(e.g., HBV and VZV).
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To date, for the Hepatitis B virus, assessment of seropositivity against the S anti-
gen is decisive in evaluating eventual revaccination. An anti-HbSAg concentration 
>10 mIU/mL measured 1–3 months after administering the last dose of the primary 
vaccination series is considered a reliable indicator of immunization [70]. Also, in 
varicella-zoster virus (VZV), antibody titer helps identify unprotected individuals 
and differentiate primary infection from reactivation. The humoral response begins 
to be detectable by the time of rash appearance, and testing timing is essential in 
exclusion of infection; secondly, due to high false-negative rates for IgM and IgG by 
validated commercial diagnostic systems, in cases of suspicion and presence of 
negative serological tests, the subject should be retested for antibodies within 2–3 
weeks, guiding clinical decisions [71].

Other prioritization strategies could be based on age, gender, and comorbidities 
(e.g., HPV, Influenza Virus). For Human Papillomavirus vaccination when the first 
vaccination campaign started in Europe and Italy, the primary targets were pre-
adolescent girls to obtain immunization before initiation of sexual activity and sub-
sequent exposure to HPV [72].

Clinical history and comorbidities could guide the prioritization scheme for frag-
ile subjects, as happens for the Influenza Virus. In many countries, vaccination to 
prevent influenza and its complications is recommended for “high risk” groups, 
such as the elderly, patients with chronic conditions, and institutionalized popula-
tions [73].

For SARS-CoV-2, in the early phases of the pandemic, the vaccine allocation 
framework emphasizes the prevention of severe morbidity and mortality to preserve 
essential health and emergency services [67]. So, to safeguard individuals aged 
80  years and older, residents in long-term care facilities (LTCF), and healthcare 
workers, they were designated as a primary category to receive vaccine inoculation 
[74]. As vaccines become more available in later phases, the focus shifts towards 
immunization of non-essential categories at higher risk of acquiring infection, 
transmitting the infection to others, and at risk of negative societal impact (e.g., 
caregivers, teachers). Thus, this strategy could cause unequal access to vaccination 
between hospital-based healthcare personnel and informal caregivers or healthcare 
personnel outside of hospitals because the latter are not included in the prioritized 
category in the first phase [63].

Test&Vaccine strategies are conceived to address vaccination towards high-risk 
subgroups or select post-serological testing categories constituting a helpful short-
cut in vaccine scarcity scenarios or developing a prioritization scheme. Despite 
these considerations, a real-world Test&Vaccine strategy takes more time to be 
enforced due to the elevate number of variables to consider. The most significant 
ones are sex, gender, age, serostatus, laboratory parameters, clinical features, and 
clinical scores.
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�Artificial Intelligence Potentialities

Machine learning algorithms constitute a helpful resource in analyzing substantial 
amounts of data in Laboratory Medicine. As the knowledge and application in this 
field will proceed, they could be applied to reduce costs, support clinical decision-
making, and improve outcomes [11]. In the case of the SARS-CoV-2 pandemic, the 
significant aims considered were the reduction of COVID-19 incidence, mortality 
and years of life lost (YLL), severe illness, the pursuit of equality and the equity 
strategy in dose allocation. Although serological evaluation could be a marker of 
immunization, only Bubar et al. [75] considered serological status a relevant vari-
able for their algorithm among the test and vaccine strategies briefly commented 
below. A SEIR (susceptible, exposed, infectious, recovered) model was developed 
to assess different prioritization strategies considering vaccine efficacy and its abil-
ity to reduce mortality and block transmission correlated with age variations in sus-
ceptibility, fatality rates, and immune decline. The population enrolled was classified 
into different subgroups: (1) children and teenagers, (2) adults aged 20–49 years, (3) 
adults aged 20 years or over, (4) adults aged 60 years or over, and (5) all individuals. 
It has been reported that a highly effective transmission-blocking vaccine priori-
tized to younger subgroups of the population reduces the cumulative incidence, 
assuming the fact that the latter are considered higher transmission groups with a 
minor infection fatality rate. Assuming a return to high contact rates and pre-
pandemic behavior and considering virtually all plausible vaccine characteristics, 
the proposed vaccination strategy prioritizes individuals over 60 years and those 
with comorbidities, minimizing mortality and YLL. This recommendation is robust 
because of the vast differences in infection fatality rate by age. When vaccine effi-
cacy is leaky or poorly effective in adults, the categories to prioritize are younger 
age groups. Moreover, they assess targeted vaccination based on serological status, 
finding that vaccinating seronegative individuals improves efficiency in settings 
where seroprevalence is high [76]. Potentially, serological testing could redirect 
doses to seronegative individuals, improving the marginal impact of each dose 
while potentially reducing existing inequities in the COVID-19 pandemic 
managing [75].

Further Test & Vaccine strategies have been based on epidemiological character-
istics and clinical features both combined with age. In particular, age is a standard 
used variable because of its association with susceptibility, seroprevalence, severity, 
and mortality [75].

Ioannou et al. [77] developed a logistic regression model (COVIDVax) that con-
siders sex, age, race, ethnicity, body mass index, diabetes, chronic kidney disease, 
congestive heart failure, and two clinical scores (Care Assessment Need score and 
Charlson Comorbidity Index). The enrolled population was well balanced in ethnic-
ity, including White, Black, and Hispanic individuals. The model exhibited excel-
lent stratification of risk of SARS-CoV-2—related deaths (that would occur by the 
time 50% of Veterans enrollees are vaccinated) with an area under the receiver oper-
ating characteristic curve (AUROC) of 85.3% (95% CI 84.6–86.1%), superior to the 
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AUROC of using age alone (72.6%; 95% CI 71.6–73.6%). As a result, prioritizing 
population using the COVIDVax model has proved to be more efficient (63.5%) 
than considering age alone (45.6%) or the US Centers for Disease Control and 
Prevention phases of vaccine allocation (41.1%). It highlights that many deaths 
expected to occur during vaccine roll-out could be prevented before sufficient herd 
immunity is achieved.

As previously reported, African nations are still waiting for vaccine stocks attest-
ing the total number of people who received all doses prescribed by the initial vac-
cination protocol at 26.8% out of the total population [69]. In Mellado et al. [68], a 
deep neural network model (DNN) was constructed on fourteen characteristics of 
enrolled subjects living in Gauteng province in South Africa: age, eleven relevant 
comorbidities, gender and ethnicity, information about the type of hospitalization 
(general ward, ICU, high-level care, and isolation), and whether the subject was 
discharged alive or died in care. The data were clustered into two datasets: severe 
illness (ICU, high-level care, and mortality) and less severe illness (subject dis-
charged from the general ward). The DNN model indicates that by vaccinating 
about 20% of the adult population, the probability of severe COVID-19 illness can 
be reduced by over 80%. Moreover, the DNN output provides a dimensionless num-
ber between 0 (highest risk of severe condition) and 1 (lowest risk of severe condi-
tion). AI-derived recommendations can be elaborated for classifying the risk of 
severe illness (1–greatest, 5–lowest risk) by demographic interval and by comor-
bidities. It results that a subgroup to be prioritized is constituted by adults >60 years 
old with cardiac disease, diabetes, and hypertension who have shown to be at higher 
risk of severe illness, reaching the same conclusion as Bubar et al. [75].

Combining age with crescent vaccine efficacy (VE: 10–100%), Matrajt et  al. 
[78] obtain different desirable outcomes in reducing mortality. The population 
enrolled was divided into five vaccination groups: young aged between 0 and 
19 years, adults between 20 and 49 years old, adults between 50 and 64 years old, 
adults between 65 and 74 years old, and those 75 and older. The model proves that 
vaccine effectiveness ≥50% would be enough to mitigate the ongoing pandemic, 
provided that a high percentage of the population is optimally covered. Thus, for 
low vaccine effectiveness, independently of vaccination coverage, it is optimal to 
allocate vaccines to high-risk (older) age groups first. In contrast, for higher vaccine 
effectiveness, there is a switch in the allocation of vaccines to high-transmission 
(younger) age groups first to obtain high vaccination coverage.

Vaccine prioritization strategies have opened a debate in Science and Ethics: the 
COVID-19 pandemic has highlighted social inequalities and has led to questions 
about the disparity existing in the healthcare system [67]. Pressman et al. [79] have 
developed a COVID-19 vaccine equity index (CVEI) to reach equitable outcomes in 
different subgroups (non-Hispanic White, non-Hispanic Black, non-Hispanic Asian, 
and Hispanic). The CVEI identifies and quantifies disparities in outcomes for each 
racial/ethnic group considered and illustrates the potential impact of vaccine distri-
bution on advancing equality. Applying conditional probability and statistical the-
ory, they measure equity in administering doses for unvaccinated individuals 
deriving an index to spotlight these existing inequities. The index measures equity 
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when the same patient outcomes are achieved despite socio-demographic factors 
(e.g., age, gender, race/ethnicity). By contrast, equality focuses on behaviours and 
actions, where all socio-demographic subgroups receive the same treatment. In this 
context, the desired outcome was to reduce severe illness, hospitalizations, and 
death. Equity is achieved when the likelihood of these adverse outcomes is compa-
rable across all groups considered.

�Conclusions

Vaccination strategies could consider serological tests as a companion diagnostic to 
allocate vaccines in various scenarios. The shortcut provided by ML models has the 
tangible effect of selecting categories to be prioritized in different settings and cal-
culating how much the vaccination coverage obtained with a conventional prioriti-
zation strategy (mainly based on age comorbidities and social impact) deviates from 
the laboratory parameters based strategy. So, serological tests would potentially 
transform vaccination in a tailored path fitting to each immune response.
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�Appendix 2: Tool Online

It is an example of an IT tool, available online, for the application of one of the 
diagnostic models of ML evaluated in this review (D4). This model was obtained 
using the data of patients belonging to the emergency department (ED) of the San 
Raffaele Hospital and the Galeazzi Orthopedic Institute and was validated using the 
datasets of patients from the ED of Desio and Monza Hospitals, and from the Papa 
Giovanni XXIII Hospital of Bergamo (27, 38). The tool is accessible free of charge 
at: https://covid19-bloodtests-ml.herokuapp.com

The tool requires the insertion, through a mask, of the blood count data, includ-
ing the leukocyte formula (as absolute counts), age (the only mandatory data), sex, 
the possible presence of symptoms related to COVID (data entered as presence/
absence), and if known, the prevalence of the disease. RDW and MPV parameters 
are not included in the model. The characteristics of the variables used by the appli-
cation (parameter, expected input, use in the model, and unit of measurement) are 
shown in Fig. 5.4.

The indication of the presence or absence of COVID-related symptoms (fever, 
cough, dyspnea, sore throat, loss of taste or smell, neurological symptoms, and oth-
ers) is intended to differentiate patients who present in ED with suspected COVID 
from patients who present for different reasons (trauma, gynecological problems, 

Fig. 5.4  CBC data entry mask for COVID-19 diagnosis based on a machine-learning model avail-
able at: https://covid19-bloodtests-ml.herokuapp.com
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intestinal obstructions, and others) and to whom, in any case, a nasopharyngeal 
swab has been requested.

After entering the data in the form (Fig. 5.4), by pressing the “Submit” button the 
result of the model is obtained as “positive” or “negative”, accompanied by a prob-
ability score expressed as a percentage. This result can be visualized in two different 
ways: stick (stick view) or circular (Fig. 5.5a, b respectively).

In the stick view (Fig. 5.5a), the score is displayed as color intensity: the more 
intense the color, the greater the probability of the result (the intensity of the band 
can be compared with that of the control, C, taken as a reference of 100%). In the 
circular view (Fig. 5.5b), the score is displayed as the position of the circle along the 
horizontal dimension of the figure (from the negative to the positive end), while the 
size of the circle represents the confidence interval of the score (the smaller the 
diameter, the greater the confidence).

By way of example, Figs. 5.4 and 5.5 show real data of a COVID positive patient 
with an estimated probability of 83.8% of actually being positive. The application 
also includes an “Insert test values” button with which you can simulate a test 
example.

a

Fig. 5.5  Expression of the result of the machine learning model in terms of “positive” or “nega-
tive” accompanied by the confidence of the result in probabilistic terms, with stick (a) or circular 
(b) visualization
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RWD	 Real world data
RWE	 Real world evidence
SARS-CoV-2	 Severe acute respiratory syndrome coronavirus 2

�Introduction

The public health crisis caused by the COVID-19 pandemic has among other things 
exposed the need for novel data-driven techniques in Infectious Medicine. Big data 
collection and analysis are surrounding the COVID-19 patient journey already 
today as a result of digital transformation of healthcare providers (Fig. 6.1). These 
capabilities are growing rapidly, aimed at improving the speed and precision of 
biomedical research and development, real-world data (RWD) and evidence (RWE) 
generation, clinical decision support or diagnostics. However, the opportunities that 
artificial intelligence (AI) and machine learning (ML) bring to the field of Infectious 
Medicine come with their own caveats. Heterogeneous, small or proprietary datas-
ets make the development of novel machine learning techniques challenging in this 

Fig. 6.1  Schematic overview of the role data and artificial intelligence may play in COVID-19 
patient journey. Diagram shows in a clockwise circular fashion the patient journey from infection 
to diagnosis, to disease, to recovery, and finally to long-term sequelae and potential reinfection. 
Tangential to the patient journey, the diagram depicts intersection of real world data, early research 
data and literature, diagnostic data, clinical research data and literature contributing to epidemiol-
ogy and detection of SARS-CoV-2, diagnostics of COVID-19, clinical care and decision support, 
and finally long-term care and prevention. These data sources contribute to the early research and 
clinical research as depicted on the diagram
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domain. Conversely, simply applying techniques from other domains to biomedical 
data without due validation and safety evaluation may prove catastrophic.

The pandemic has drawn the minds of the global research community to the 
problems surrounding Infectious Medicine resulting in an avalanche of research 
works on preprint servers and in the peer-reviewed journals. To make the works 
published on AI application to Infectious Medicine available at a glance, in this 
chapter we have structured them into the following topics of AI and ML for: SARS-
CoV-2 early research using pathogen sequence data, research of SARS-CoV-2 anti-
virals, COVID-19 Infectious Medicine early research using language data, Real 
World Data Analysis of COVID-19, molecular diagnostics of COVID-19, image-
based diagnostics of COVID-19 and clinical decision support, and COVID-19 med-
ical care. While all connected to COVID-19, these topics touch upon various aspects 
of the COVID-19 patient journey (described in Fig. 6.1). Hence, the research under-
taken in these topics often has rather different terminology and tools. While the 
works reviewed in this chapter are far from a comprehensive list, we believe this list 
provides a perspective on the breadth of AI application to the Infectious Medicine 
of COVID-19.

�AI and ML for SARS-CoV-2 Early Research Using Pathogen 
Sequence Data

From the moment of identification of the novel coronavirus species, which later 
became widely known as SARS-CoV-2 [1], to the most recent research on SARS-
CoV-2 variants [2, 3], sequencing data played a pivotal role in guiding humanity 
through the current pandemic. In fact, it would be fair to say that the growing capac-
ity in pathogen sequencing is what makes the currently ongoing SARS-CoV-2 pan-
demic different from the pandemics of the past. With large sequence datasets 
available through projects like the global initiative on sharing all influenza data 
(GISAID) [4], the Bioinformatics research community is looking to ML techniques 
to help make sense of the developing epidemiological situation. For example, Park 
et al. have developed an ML-powered scoring approach capable of linking pathogen 
genome sequence to case fatality rate [5]. To achieve this authors integrated a num-
ber of well-established approaches into a statistical metamodel allowing them to 
highlight putative parts of the variant genome. Another example by Saha and co-
authors employs a deep learning (DL) approach based on Long Short-Term Memory 
(LSTM) architecture [6] to attempt a retrospective SARS-CoV-2 prediction from a 
number of pathogen sequences [7]. Accompanied by the k-mer approach to gener-
ate Bag-of-Unique-Descriptors set of features from pathogen sequence, authors 
show remarkable performance of their methodology. Taking the complexity a step 
further, Mateos and colleagues proposed a DL-based detector of SARS-CoV-2 co-
infection with another RNA-virus [8]. Employing raw RNA-seq data their proposed 
algorithm detected the presence and relative concentrations of viruses with >99% 
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precision and recall. While without any doubt these examples show the field at its 
infancy, it is very likely that more successful applications of the novel ML tech-
niques will follow suit.

�AI and ML for Research of SARS-CoV-2 Antivirals

The SARS-CoV-2 pandemic exposed not only the dangers of the emerging patho-
gens, but also the dire lack of broad range antivirals available off-the-shelf. In the 
face of an excruciatingly lengthy drug development process and a healthcare emer-
gency buildup early in the pandemic, unsurprisingly, drug repurposing—i.e. an 
approach of finding well-tested drugs for off-label use (reviewed in [9]) became a 
popular line of research. Aiming at developing the second line of defense to support 
the vaccination campaign with SARS-CoV-2 antivirals, several researchers pro-
posed a number of computational approaches to sift through the databases of exist-
ing drugs with well-demonstrated safety profiles. For example de Siqueira Santos 
and colleagues proposed a tandem of two approaches [10]. First approach employed 
a matrix factorization algorithm for broad-spectrum antivirals ranking. Second, uti-
lized graph kernels to rank drugs according to the perturbation they cause on a 
human interactome subnetwork. Both approaches that de Siqueira Santos et al. pro-
posed were capable of focusing on host and pathogen factors equally.

Richardson and colleagues employed the proprietary BenevolentAI’s knowl-
edge graph they built from structured medical information, including numerous 
connections extracted from scientific literature using ML [11]. Using this approach 
they focused on AP2-associated protein kinase 1 (AAK1). Their analysis yielded 
six high-affinity leads binding AAK1, of which they selected one—the janus 
kinase inhibitor baricitinib. Given that the pharmacokinetics and pharmacodynam-
ics of baricitinib are well established Richardson and colleagues proposed a clini-
cal trial for this compound. In another graph-based approach [12], authors proposed 
a COVID-19 related biological network aiming mostly at virus targets or their 
associated biological processes (i.e. host factors). Authors proposed a set of fea-
tures based on protein-protein interactions, as well as drug-target interactions. 
Using these features and two clustering algorithms (spectral partitioning and 
betweenness value) Aghdam and co-authors identify five clusters containing drugs 
putatively applicable for repurposing as SARS-CoV-2 antivirals. Rather than look-
ing at the interactome or drugs as indivisible entities, a study performed by 
Gawriljuk and colleagues focused on using ML for extracting the quantitative 
structure–activity relationship (QSAR) of small molecules against viral host fac-
tors [13]. Specifically, authors employed Bernoulli Naïve Bayes and other Bayesian 
models, AdaBoost Decision trees, Random Forest, support vector machine classi-
fier, k-nearest neighbors, and DL combined with five-fold cross validation. Their 
approach predicted seven candidates for repurposing with varying confidence. 
Remarkably, authors have also performed the validation of identified leads using 
in vitro tissue culture.
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�AI and ML for COVID-19 Infectious Medicine Early 
Research Using Language Data

Coinciding with the beginning of the SARS-CoV-2 pandemic, recent advances in 
DL for natural language processing (NLP) including transformer architectures [14] 
provided data scientists with tools to analyze large text datasets at scale. To harness 
the ability of these methods to analyze research literature related to SARS-CoV-2 in 
an automated fashion, Wang and colleagues proposed collating relevant research 
articles into a large public dataset they named COVID-19 Open Research Dataset 
(CORD-19) [15]. This in turn, sparked the attention of NLP researchers to infec-
tion biology and emerging pathogens. For example, Köksal and colleagues pro-
posed a framework employing CORD-19 to search for protein-compound pairs in 
the research literature [16]. While admittedly somewhat prone to biases [17], 
CORD-19 has demonstrated the applicability of NLP techniques and AI to research 
literature in infection biology. Automated search for protein-compound interac-
tions may well contribute to accelerating antiviral drug discovery. Similar efforts 
include more narrow application datasets aimed to address more advanced NLP 
tasks, e.g. question answering. Möller et  al. for instance, proposed using a pre-
trained transformer model, which they fine-tuned on their own question answering 
dataset [18].

�AI and ML in Real World Data Analysis of COVID-19

With sizes of medical data repositories growing and with real world data (RWD) 
and real world evidence (RWE) gaining incredible traction, it is clear that ML may 
be used beyond clinical and pre-clinical research [19]. Needless to say, with a 
global scale event like the SARS-CoV-2 pandemic, RWD and RWE are playing a 
crucial role in understanding the rapid development of the situation (see Fig. 6.1). 
This, for example, can be seen in the global effort to collect SARS-CoV-2 variants 
sequencing data [4], as well as accumulation of large epidemiological data [20]. 
Such datasets allow to perform remarkable retrospective in silico studies, infeasible 
previously due to sheer scale requirements. For example, Park et al. have used the 
global sequencing data to model disease severity of SARS-CoV-2 variants in a 
metaviromic fashion [5]. In another example, de Figueiredo and colleagues have 
used such an approach to build a model aimed at mapping global trends in vaccina-
tion uptake, as well as understanding global barriers to uptake [21]. However, it is 
important to understand that RWD does not equal RWE, and many datasets come 
with an inherent bias, which may be exacerbated through modern day ML algo-
rithms [22].
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�AI and ML in Molecular Diagnostics of COVID-19

A rapid and reliable identification of infected individuals and their subsequent isola-
tion has been a key measure in the fight against the spread of the pandemic. Common 
methods for detection of acute or past COVID-19 infection include testing for the 
presence of viral genetic material, viral proteins, or virus-targeting antibodies in the 
patient’s serum [23]. The current gold standard for confirmation of suspected 
COVID-19 cases is reverse transcription quantitative polymerase chain reaction 
(RT-qPCR). In this method, viral RNA is first reverse transcribed into DNA and 
later exponentially amplified using sequence-specific primers, which leads to high 
sensitivity and allows the quantification of the starting material. Similarly, reverse 
transcription loop-mediated isothermal amplification (RT-LAMP) allows the detec-
tion of viral genome fragments, but compared to RT-qPCR alleviates the need for 
temperature changes during the amplification procedure, enabling a portable detec-
tion system. Rapid antigen tests are implemented as lateral flow tests, in which 
chromatography is combined with immunodetection of a viral protein of interest, 
typically the nucleocapsid protein. Detection of virus-targeting antibodies in blood 
samples, which may indicate a past infection, is possible by enzyme-linked immu-
nosorbent assay (ELISA).

While detection of viral genetic material in nasopharyngeal or oropharyngeal 
swabs by RT-PCR is the recommended procedure for confirming SARS-CoV-2 
infection by WHO [24], shortages of reagents, certified labs, and trained personnel 
can impede a timely diagnosis. To aid rapid COVID-19 detection, several ML meth-
ods have been developed to draw information from routine blood samples. Studies 
have shown that increased blood levels of aspartate aminotransferase (AST), lactate 
dehydrogenase (LDH), C-reactive protein (CRP) and ferritin, which arise as conse-
quences of tissue damage and inflammation, can serve as diagnostic markers for 
COVID-19 [25, 26]. Diagnostic indicators also include low lymphocyte counts, and 
low leukocyte counts in general. Such laboratory results can also be combined with 
other ML methods for COVID-19 diagnosis to improve the classification accuracy 
of chest computed tomography (CT) imaging [27], which is further discussed below.

�AI and ML in Image-Based Diagnostics of COVID-19 
and Clinical Decision Support

Methods like chest X-Ray (CXR) and CT scans are common medical imaging tech-
niques, which are widely used to find the infection spread within the patient’s lungs. 
Unlike RT-qPCR, medical imaging techniques are non-invasive and cost-effective 
techniques that are ubiquitous worldwide. CT scans are capable of visualizing 
organs in a 3D representation including the thin tissues. These techniques are widely 
used to detect abnormalities in lungs such as tumors, excess fluids, and pneumonia. 
COVID-19 being a similar disease can be well diagnosed using CT scans. CXRs 
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detect and represent the dense tissues in the organs in 2D view, which require much 
less sophisticated hardware. This, in turn, makes it easily affordable for hospitals 
and laboratories all over the world. Numerous experiments showed that CT scans 
detect significant differences between various respiratory diseases including 
COVID-19 [28]. In addition, during the COVID-19 pandemic in Italy, using CXR 
in conjunction with RT-qPCR reduced the fluctuating sensitivity of the RT-qPCR 
test findings [29]. CXRs were also useful for severe pneumonia and critically sick 
COVID-19 patients in terms of diagnosis and therapy [30]. With pathology informa-
tion, CXRs assist radiologists in confirming the existence of COVID-19 infection. 
An epidemic condition requires not just early diagnosis but also the most accurate 
and sensitive test findings to assist therapy. Clinical investigations of COVID-19 
diagnosis and other comparable respiratory illnesses reveal that CT scans and CXRs 
can be utilized for early patient categorization and infection severity evaluation. 
CXRs are less expensive than CT scans, yet most countries have an adequate supply 
of CT equipment. Because both CT scans and CXRs are equally useful in identify-
ing COVID-19 infection, using both imaging modalities can aid in the screening of 
COVID-19 patients.

There has been a substantial amount of research publications on the application 
of DL and convolutional neural network (CNN) techniques in the identification of 
COVID-19 patients utilizing CXR and CT images. For example, Xu et  al. [31] 
developed a prediction model to distinguish COVID-19 pneumonia from influenza. 
The maximum degree of precision achieved by the prediction model was 86 per-
cent. Apostolopoulos and Mpesiana [32] evaluated the performance of the CNN 
architectures developed in recent years (VGGNet-19, MobileNet-v2, Inception, 
Xception, and Inception ResNet-v2) as tools for automatic detection of coronavirus 
disease using medical imaging data. The researchers employed a process known as 
Transfer Learning which utilizes already learned features from common image 
datasets (e.g. CIFAR). This approach boosts the overall performance on poorly 
defined and irregular small datasets, which is typical for medical images. Their 
dataset consisted of 1442 X-ray images of patients, including 714 with bacterial and 
viral pneumonia, 224 with proven COVID-19 illness, and 504 with healthy lungs. 
According to the results, VGGNet-19 and MobileNet-v2 have the highest classifica-
tion accuracy. Ai et al. [33] created a CNN based on the InceptionV2, Inception-
ResNetV3, and ResNet50 models to classify COVID-19 chest radiographs into 
COVID-19 positive and negative classes. They identified a high correlation between 
CT imaging and PCR results. In [34] the authors utilized InceptionV3 to identify 
COVID-19 abnormalities in lung CT scans. The InceptionNet model was tested on 
1065 CT scans, and 325 infected patients were detected with an accuracy of 85 
percent. In [35] a more systematic approach was taken. According to the results of 
their numerical experiments, the VGGNet-19 model outperforms the ResNet-50, 
InceptionV3, Xception on the CT image dataset, achieving 88.5 percent precision, 
86 percent recall, 86.5 percent F1-score, and 87 percent accuracy. Meanwhile the 
tuned Xception version gives the highest precision, recall, F1-score, and accuracy 
values of 98 percent respectively on the CXR image dataset. Furthermore, by 
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averaging the two modalities, CXR and CT, VGG-19 achieved the best score, which 
is 90.5 percent for accuracy and the F1-score, 90.3 percent for recall, and 91.5 per-
cent for precision.

Noteworthy, despite the enormous research efforts to construct ML models for 
COVID-19 diagnosis and prognosis, there are methodological problems and several 
biases throughout the literature, leading to overly optimistic reported results. review 
article demonstrates that the majority of published ML models for image-based 
diagnostics and clinical decision support [36] are not plausible candidates for clini-
cal translation in their currently reported form, as they lack high-quality datasets, 
are hard to reproduce and cross validate. To this end, in [37] authors implemented 
the EfficientNetB0 model. The model was tested on several independent datasets of 
CXR images and validated by RT-qPCR. The model reached over 95% diagnostic 
accuracy and was cross validated against the performance of trained radiologists, 
particularly in detecting early disease. Additionally, the authors provide an auto-
mated pipeline for dynamical image retrieval and segmentation from hospital chest 
radiography equipment. Such an approach can vastly facilitate and standardize 
COVID-19 patient care.

�AI and ML in COVID-19 Medical Care

Application of ML methods can be particularly valuable for predicting epidemio-
logical developments, infection risk factors and disease prognosis [19]. Such fore-
casts can inform political decision-making in public health and guide dynamic 
adjustments of epidemic measures as well as allocation of medical support. While 
substantial efforts have been taken to create reliable forecasting models, the urgency 
of the pandemic has imposed severe time constraints for the development of robust 
AI tools, leaving most in an experimental state [38].

�Prevention, Infection Risk and Epidemiology

A logistic regression algorithm for risk prediction of future SARS-CoV-2 infection 
in a cohort of nearly 12,000 patients found age, ethnicity and sex as factors associ-
ated with infection risk [39]. Conversely, a study performed by Roy and Gosh found 
little to no impact of ethnicity and sex, while highlighting population density, test-
ing rate and airport traffic as important contributing factors for disease spread [40]. 
It is now acknowledged that epidemiological development and transmission risk 
factors can be highly dependent on local circumstances, even within the same coun-
try [41].

To predict epidemiological development globally and in individual countries, 
logistic and LSTM models have been employed with some success [42, 43]. The 
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susceptible-infected-removed (SIR) model has also been used to simulate the spread 
of COVID-19 [44]. Despite potentially providing useful heuristics that can aid con-
tainment measures, accurate forecasting was shown to be computationally intrac-
table [45].

�Treatment and Prognosis

ML has provided insight into factors associated with a severe course of disease, 
identifying patients that may require additional medical attention. Using logistic 
regression analysis, studies have found a positive correlation between increased 
mortality and high levels of the pro-inflammatory cytokine IL-6 as well as low 
CD8+ T cell counts [46, 47]. Metaanalyses found that shortness of breath (dys-
pnoea), smoking, old age (>75 years), male sex, obesity, and various other comor-
bidities increase the mortality of hospitalized COVID-19 patients [48, 49]. 
Combining a CNN with autoencoders for the analysis of CT images was a feasible 
method for survival chance prediction in [50].

�Conclusions

The call to fight the global pandemic has been well received by the global AI and 
ML researchers. The sheer volume of research contributions on AI and ML in 
Infectious Medicine of the COVID-19 has led to the development of multiple new 
subfields of biomedical AI. However, in many cases it would be premature to expect 
an immediate application of this research in fighting the pandemic. Critically, the 
clinical application requires all software to meet strict safety standards, as well as 
obtain meticulous regulatory approval. The necessity for such hurdles lies in painful 
lessons of the past, where software malfunctions caused loss of health and life (e.g. 
the infamous Therac-25 incidents). Furthermore, as the biomedical data analysis 
becomes more and more dependent on balckbox models these lessons of the past are 
ever so poignant.

At the same time, the increased influx of data science practitioners to Infectious 
Medicine shows great promise for the field. Once the necessary quality and repro-
ducibility standards are established for ML and DL application to COVID-19 and 
other infectious disease data, direct clinical application may become a reality. 
Furthermore, it is hard to overestimate the importance of AI for early research and 
development. For example, drug repurposing is already profiting significantly from 
algorithmic improvements resulting in improvement in lead generation. Perhaps a 
pattern where AI techniques are applied complementary to other more traditional 
approaches may become prevalent in the future.
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Chapter 7
AI and ICU Monitoring on the Wake 
of the COVID-19 Pandemic

Alfredo Vellido and Vicent Ribas

�Introduction

Clinical medicine has a unique place in society as a hub between science and prac-
tice, between the advancement of knowledge and its direct application as a service 
to society. Such sensitive role requires both the consideration of ethics and a strong 
governance and regulation: from the Hippocratic Oath to the European Medical 
Device Regulation, from clinical guidelines to medical ethics committees.

The modern concept of EBM talks about the use of current best evidence in clini-
cal decision making, opening the door to new forms of non-traditional evidence, 
such as those made available by the digitalization and networking of the medical 
environment. Among those, none with higher impact and potential than data-centred 
approaches making the best of the synergies between the advances in computing 
and in data-acquisition devices at the point of care. In this context, and mediated by 
the push of large IT companies trying to muscle their way into the health and medi-
cal markets, AI, most usually in the form of ML, with its Deep Learning (DL) vari-
ant, is likely to play a central role [1].
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The modern ICU (probably more than most other clinical settings) is a major 
data generator and, therefore, a natural challenge for AI data-centred analysis. In 
this brief chapter, we summarily review the ascending impact of AI in the pre-
pandemic ICU and the critical care domain. This followed by an assessment of the 
ways in which AI-based methods are addressing the massive challenges for the ICU 
posed by the COVID-19 pandemic that started in 2020.

�ICU Monitoring Through AI

Please re-name this heading and add your own subheadings.

Cross-References
Include a list of related entries from the handbook here that may be of further inter-
est to the readers.

�ICU Monitoring and AI in Pre-pandemic Times

Critical care caters for critically ill patients who depend on life support and invasive 
monitoring techniques. They are therefore technologically dependent on life-
sustaining medical devices.

Intensive care specialists oversee the “chain of survival” and, thus, apply cardio-
pulmonary resuscitation, defibrillation and, if necessary, advanced life support. This 
requires assessing whether a patient will suffer a sudden deterioration that may 
require resuscitation.

As a result, monitoring techniques based on advanced medical devices and the 
need of critical patient status prediction coalesce to make data-based decision-
making very relevant in critical care. This decision making can be based on data 
analysed using AI and ML methods, an area that is making quick and substantial 
advances.

One of the main problems in the ICU is the management of sepsis and its associ-
ated organ dysfunction. The integration of multi-level (i.e. socio-demographics, epi-
demiological, genetic, systemic and cellular-level data) and multi-modal data (such 
as patient records, monitoring data, lab tests, biomarkers and so on) through ML-
based solutions provides a valuable opportunity to further understand the mecha-
nisms of organ dysfunction, its phenotyping, and assessing the clinical response to 
interventions at the onset (or prior to) of organ dysfunction [2].

In this context, the current ML trend in critical care is the integration of multi-
modal data with point of care devices for assessing the specific protein and meta-
bolic biomarkers required to develop robust clinical decision support systems for 
diagnosis and early-management of organ dysfunction. These solutions will enable 
the adoption of more effective management and personalized care by taking a 
systems-level approach for fine-tuning treatment and vital support.
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Such approaches should ultimately lead to a reduction in time to diagnose, days 
on vasopressor support, days on mechanical ventilation and, ultimately, of mortal-
ity. Data-centred integrated solutions based on AI and ML aim at ensuring:

	1.	 the efficient prediction and assessment of organ dysfunction;
	2.	 the phenotyping and assessment of patients; and
	3.	 the timely delivery of treatment recommendations based on the assessment of 

the clinical trajectory of each patient.

Further and comprehensive surveys of the of AI and ML applications on critical care 
are beyond the scope of this chapter and the reader can find in, for instance, [3, 4].

�The Impact of the COVID-19 Pandemic on the ICU 
and the Role of AI

The modern management of ICUs guarantees their smooth operation in normal 
times, but catastrophic or unpredictable events, such as the COVID-19 pandemic 
that started in 2020, can quickly overwhelm and throw critical care out of balance, 
due to lack of material and human resources and even physical space at the hospital. 
For this reason, data-based prediction of ICU requirements through the develop-
ment of risk scoring systems for general critically ill patients, may become an 
extremely useful tool to alleviate that burden through preventive planning. This pre-
diction can naturally be based on ML models [5, 6], although this would require 
identifying biomarkers that are specific for the COVID-19 patient, as in [7]. A more 
advanced ML application that, beyond the prediction of critical illness and in-
hospital mortality, also helps to predict bed utilization and valuates the impact of 
patient influx scenarios on utilization, was recently presented in [8]. It used a mul-
tistate survival model to analyze a nationwide registry following the day-by-day 
clinical status of all hospitalized COVID-19 patients in Israel for two months.

COVID-19 deaths are the result of a viral sepsis, which is defined as “life-
threatening organ dysfunction caused by a dysregulated host response to infection” 
[9]. In this context, scores for assessing organ dysfunction have become fundamen-
tal for managing COVID-19 patients in the ICU. The new consensus definitions 
(Sepsis-3) also establish the qSOFA (for quick Sequential Organ Failure Assessment) 
“[which incorporates], altered mentation, systolic blood pressure of 100 mmHg or 
less, and respiratory rate of 22/min or greater, [providing] simple bedside criteria to 
identify adult patients with suspected infection who are likely to have poor out-
comes”. However, several studies have reported poor performance of this indicator 
for predicting risk and mortality [10, 11].

Different studies have tried to address this lack of specificity through the defini-
tion of patient phenotypes for assessing risk and patient trajectories in the ICU. These 
phenotypes have provided health practitioners with a detailed and interpretable 
health status of septic patients (accurate diagnosis, and disease trajectory), whilst 
setting the basis for the adoption of effective therapy.
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For sepsis in general, Seymour et al. [12] defined four different phenotypes of 
sepsis through probabilistic clustering: low vasopressor titration, patients with 
chronic conditions and lower renal function, patients with more inflammation and 
pulmonary dysfunction and patients with liver dysfunction and septic shock. An 
older study by Ribas et al. [13] also defines 11 phenotypes for sepsis with logistic 
regression over latent factors. In this study, five of the eleven phenotypes (patients 
requiring ventilator support, high organ dysfunction, high severity, or impaired 
hepatic function) were found to be relevant for predicting ICU outcomes.

Besides the agreement between these two independent data-driven approaches 
for patient phenotyping, they clearly establish a phenotype for critical-care patients 
with lung dysfunction and requiring ventilator support. In particular, COVID-19 
patients present acute hypoxemic respiratory failure (AHRF) as the most common 
cause for admission in the ICU. The management of AHRF in the ICU is supportive 
while treating the underlying cause of this lung failure. Traditional ventilatory sup-
port includes invasive ventilation (i.e. intubation and coupling with a mechanical 
ventilator), as well as less invasive methods such as high-flow nasal oxygen (HFNO) 
and non-invasive ventilation (NIV) for the less critical cases. Regardless of the ven-
tilation approach, [12, 13] clearly show the association of mechanical ventilation 
with poor ICU and hospital outcomes. The mechanisms underlying hypoxemia in 
COVID-19 patients is not yet fully understood, so that new models have been pro-
posed for assessing the extension of the pulmonary infection and pulmonary fibrosis.

A recent work by Pezzano et al. [14] proposes model based on DL called the CoLe-
CNN+ for assessing ground-glass opacities and lesion segmentation in the lung. 
Lesion segmentation is fundamental for assessing lung function, the status of the ill-
ness, its severity and treatment planning. In fact, the area covered by the lesion approx-
imately corresponds to the area where the pulmonary alveoli are not working normally.

Despite the increase in accuracy detecting COVID-19 lesions through CT 
images, the reading time necessary to interpret 3D CT volumes and extract the mor-
phological properties of the lesion have had a negative impact in the already over-
whelmed radiology services around the world. Indeed, manual segmentation is a 
very time-consuming task, which takes approximately seven hours to accurately 
delineate the lesion on a CT scan with 250 slices. In this context, DL strategies can 
reduce this time significantly and, thus, expedite the lung-function assessment, 
treatment planning and administration.

A feasible convolutional neural network (CNN) workflow for this task includes 
the following steps:

	1.	 Lung segmentation,
	2.	 COVID-19 detection,
	3.	 Lesion segmentation.

The lungs are first segmented from the input CT image to reduce the searching area. 
Afterwards, the detection algorithm is used to analyze the lungs’ area in order to 
detect the presence of COVID-19. In the case of a positive finding, the CT image is 
processed by the last network (COVID-19 lesion segmentation) in order to identify 
the areas affected by the disease.
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In this study, the authors managed to segment fibrotic lesions caused by 
COVID-19 (ground-glass opacities) with an impressive 99% accuracy.

This valuable information about lung injury and functionality, can be used for 
enhancing the phenotypes outlined above through multiscale integration of data. 
This integration of data at different system levels can lead to more accurate patient 
trajectory definition and ultimately dynamically assessing bundled responsiveness 
to therapy.

�Conclusions

The digitalization of healthcare systems is quickly advancing data-centred 
approaches to EBM. Beyond the hype, AI and ML are beginning to be become part 
of medical devices for decision support. The ongoing COVID-19 pandemic has 
generated a flurry of activity in the AI community and the resulting research can be 
of particular use in critical care: for preventive patient risk assessment, critical ward 
management, organ dysfunction assessment associated to viral sepsis, or lung func-
tion monitoring, to name just a few of the potential representative problems that 
could be tackled using this type of data-based approaches and which we have 
sketched in this brief chapter.

Sepsis associated COVID-19 has become a prevalent pathology in the ICUs 
worldwide, and one with relatively high mortality rates associated. Its medical man-
agement is therefore both a sensitive issue and a serious challenge to healthcare 
systems.

The clinical indicators of sepsis currently in use are known to be of limited rel-
evance as outcome predictors. In this context, several phenotyping models have 
been proposed to mitigate this issue by leveraging upon different data-driven 
approaches. Even though these phenotyping methods have been developed for 
assessing the risk associated to patients with organ dysfunction in general, the very 
definition of these phenotypes clearly shows the importance of lung dysfunction in 
patient outcomes. Ventilator support being the main feature in this phenotype, which 
subsumes the COVID-19 patient population in the ICU. This phenotyping can be 
significantly improved by adding functional and lesion information from CT scans, 
which has been proven to be a valuable source of information for assessing patient 
prognosis. The redefinition of patient phenotypes through the integration of data at 
different system levels with machine-learning techniques can lead to more accurate 
patient trajectory definition and ultimately dynamically assessing bundled respon-
siveness to therapy.
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Chapter 8
Symptom Based Models of COVID-19 
Infection Using AI

Songqiao Liu, Yuan Hong Sun, Alex A. Waese-Perlman, Nathan Yee Lee, 
Haibo Zhang, and Kang Lee

�Introduction

Coronavirus Disease 2019 (COVID-19) caused by the Severe Acute Respiratory 
Syndrome Coronavirus-2 (SARS-CoV2) has spread around the world in a global 
pandemic [1–4]. Early and daily detection of suspected COVID-19 patients is the 
most important approach not only for tracing close contacts to prevent further 
spread [5], but also providing crucial information for healthcare providers and offi-
cials to make resource allocation and policy decisions [6].

Most patients with COVID-19 experience a variety of characteristic symptoms. 
Such symptoms can serve as early indicators of infection as well as severity such that 
appropriate medical decisions can be made. However, not all COVID-19 symptoms 
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are of equal importance. Some symptoms may be indicators of serious infection 
whereas others may suggest that infection is mild. Therefore, patients with different 
presentations of symptoms may have different outcomes. Treating patients the same 
way regardless of their severity and outcomes is clearly not a viable strategy. This is 
not only because it wastes valuable medical resources but also because some treat-
ments are highly invasive (e.g., ventilator) and should be used only when absolutely 
necessary. Thus, it is critical that different presentations of COVID-19 symptoms are 
used to assist medical personnel in making the appropriate treatment decisions for 
different patients infected with COVID-19.

In addition, COVID-19 symptoms can sometimes be confused with symptoms 
from other illnesses such as the common cold, influenza, or pneumonia [7, 8]. Such 
similarities lead to several problems: (1) some patients with other illnesses may 
seek confirmation by using RT-PCR or serologic assays in COVID-19 clinics, which 
is unnecessary and wastes precious testing resources; (2) some patients with 
COVID-19 may not seek clinical confirmation because they misjudge their symp-
toms as other illnesses, potentially leading them to expose others to the disease 
unwittingly; and 3) patients with COVID-19 and those with other illnesses may 
seek medical attention at the same outpatient clinic due to bearing similar symp-
toms, which may result in cross infection and possibly lead to cluster outbreaks. 
These problems highlight the urgent need to use different presentations of symp-
toms in differentiating patients infected with COVID-19 versus others diseases. 
Such differentiation will assist patients to make appropriate decisions about whether 
they should seek medical attention in a COVID-19 clinic.

To more effectively identify the symptoms of COVID-19 and predict its risks, 
machine learning techniques have been successfully applied to large datasets col-
lected from COVID-19 patients and hospitals worldwide since the onset of the pan-
demic. Unlike the traditional statistical methods such as Generalized Linear 
Modeling that is only able to detect linear relations between variables, machine 
learning algorithms are able to detect both linear and nonlinear relations. Machine 
learning models are therefore more capable than traditional methods for establish-
ing accurate predictive models between the predictor and predicted variables. 
Utilizing patient demographics and health data, machine learning algorithms have 
indeed been successfully implemented to predict variable clinical conditions such 
as mental health disorders [9]. Given this evidence, it follows that machine learning 
should be capable of classifying patients with COVID-19 infection, as it is believed 
that COVID-19 presents a unique combination of symptoms.

This chapter reviews the three existing studies that used large scale patient 
COVID-19 symptom data along with various machine learning techniques. The 
three use cases are (1) to predict mortality of patients with COVID-19 infection; (2) 
to determine whether an individual has COVID-19 infection or not, and (3) to dif-
ferentiate COVID-19 infection from such other diseases as flu and common cold 
that share similar symptoms.
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�Using Machine Learning Methods to Determine Mortality 
of Patient with COVID-19

Quiroz-Juárez et al. [10] investigated whether the machine learning approach can 
predict mortality of a patient infected with COVID-19 based on a series of predic-
tors including presenting symptoms. To do so, they obtained a dataset with 4.7 mil-
lion patients from Mexico who were suspected or confirmed to have been infected 
with COVID-19. Among them, 200,000 were deceased. The dataset was extracted 
from the database published by the Mexican Federal Government regarding 
COVID-19 patients from all states in Mexico. The dataset contains a detailed record 
of each patient’s demographics, medical history (including pre-existing conditions), 
symptoms, hospitalization status (e.g., intubation, ICU) and whether the patient sur-
vived or became deceased (Table 8.1).

The patients in the dataset were further divided according to the progression of 
their treatment at the hospitals or clinics. Stage 1 patients only received initial medi-
cal assessment and care. Stage 2 patients had their COVID-19 status confirmed and 
presented COVID-19 symptoms. Stage 3 patients were admitted into a hospital or 
sent back home. Stage 4 patients were hospitalized and were either intubated or 
admitted into an intensive care unit.

Table 8.1  Included and excluded characteristics for the COVID-19 risk assessment model

Category Included characteristics Excluded characteristics

Medical History Diabetes Pregnancy
COPD Smoking
Immunosuppressive drugs Asthma
Hypertension
Chronic renal failure
Cardiovascular diseases

Demographics Gender Indigenous
Birth state Indigenous language
State of residence Migrant
Age Foreigner

Category 3a recent medical 
information

USMER designation Exposure to positive 
patients

Medical facility sector
State (treatment)
Days symptom-treatment

Category 3b recent medical 
information

COVID-19 status

COVID-19-related 
pneumonia
Hospitalization status
Intubation
ICU

8  Symptom Based Models of COVID-19 Infection Using AI
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The researchers then trained a multilayer perceptron (MLP) neural network with 
one hidden layer with two sigmoid neurons. The predicted variable was whether the 
patients survived or became deceased. The dataset was then partitioned, with 70% 
for training, 15% for testing, and 15% as holdouts. The holdout dataset was never 
used in training and testing of the model, allowing it to be used as a validation data-
set for assessing the generalizability of the trained and tested models. Model perfor-
mance was evaluated in terms of accuracy, sensitivity, and specificity. The 
researchers also used additional machine learning techniques, and analyzed the 
same data in the same fashion to compare whether MLP was a superior technique to 
use for their purpose of predicting patient mortality. These techniques include logis-
tic regression (LR), support vector machine (SVM), and k-nearest neighbors (kNN). 
Results showed that MLP overperformed these techniques by a few percentage 
points in terms of accuracy, sensitivity, and specificity. In addition, the MLP model 
performance increased when patients progressed from Stage 1 to Stage 4 (see 
Table 8.2). For example, the mortality prediction accuracy increased from 83.5% at 
Stage 1, to 93.5% at Stage 4, sensitivity increased from 86.3% to 96.1%, and speci-
ficity increased from 82.4% to 90.9%.

In an attempt to explain the MLP model’s excellent performance to predict mor-
tality, the researchers further extracted the normalized absolute values of the synap-
tic weights for the two sigmoid neurons in the hidden layer for each clinical stage. 
They found that the most important predictors varied from Stage 1 to Stage 4 
(Fig. 8.1).

For example, for the first neuron, the top two predictors were days with symp-
toms and treatment and patient age at Stage 1, COVID-19 related pneumonia and 
age at Stage 2, whether the patient is taking immune-suppressive drugs and gender 
at Stage 3, and patient age and days with symptoms and treatment at Stage 4. In 
contrast, for the second neuron, the top two predictors were patient age and medical 
facility at Stage 1, patient age and days with symptoms and treatment at Stage 2, 
patient age and hospitalization status at Stage 3, and days with symptoms and treat-
ment and patient age at Stage 4. Because the MLP model took into consideration all 
predictors in nonlinear combinations for the two neurons in the hidden layer, 
Fig. 8.1 only provides a glimpse of how the predictors worked together in the MLP 
model to achieve high performance in predicting mortality.

The researchers have implemented the model into a web application form where 
physicians can quickly fill out and identify which COVID-19 patients are high risk 
(https://www.mathworks.com/matlabcentral/fileexchange/87202-idecovid19).

Table 8.2  Neural Network accuracy, specificity, and sensitivity for clinical stages 1–4

Stage Accuracy (%) Specificity (%) Sensitivity (%)

1 84.3 82.4 86.3
2 90.5 89.1 91.9
3 93.1 90.8 95.5
4 93.5 90.9 96.1
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�Using Machine Learning Methods to Detect the Presence 
of COVID-19 Infection

Instead of predicting the severity and mortality of patients infected with 
COVID-19, Zoabi et al. [11] was among the first to use public health data in 
determining the likelihood of COVID-19 infection presence based on presenting 
symptoms. The research team obtained a dataset of 51,831 tested individuals (of 
whom 4769 were confirmed to have COVID-19) from Israel collected between 
March 22th, 2020 and March 31st, 2020. This nationwide dataset was released 
by the Israeli Ministry of Health publicly and contained patients who were 
tested for SARS-CoV-2 via RT-PCR assay of a nasopharyngeal swab11. The 
dataset consisted of the following eight predictors: sex (male/female), 
age ≥ 60 years (true or false), cough, fever (true or false), sore throat (true or 
false), shortness of breath (true or false), headache (true or false), and contact 
with an individual confirmed to have COVID-19 (true or false).

The researchers used this dataset to train and internally test machine learning 
models by separating the dataset into a training set (80%) and a testing set 
(20%). Using a gradient boosting tree-based technique with the LightGBM25 
Python package, researchers trained various computational models that could 
predict whether a patient would be diagnosed with COVID-19 or not. To ascer-
tain the external validity of the computational models, the team validated the 
models against a prospective dataset from a new dataset released by the Israeli 
Ministry of Health from April first through April 7th (47,401 tested, of which 
3624 were confirmed to have COVID-19).

Out of the models produced by the training-testing process, the best model 
achieved about 90% AUC (area under the curve) of the ROC (receiver operating 
characteristic) curve, with excellent sensitivity and specificity (Fig. 8.2). This 
suggests that the best model provides a good sensitivity and specificity of clas-
sifying patients into ones with confirmed COVID-19 infection vs. without such 
infection. One potential problem of the model’s high accuracy could be due to 
the unbalanced nature of the data. That is, there were far more uninfected par-
ticipants than infected ones, which could potentially lead to an inflated model 
accuracy. To address this concern, researchers also tested on a balanced dataset. 
Although the AUC based on the balanced dataset was 86%, they still success-
fully replicated the model initial results based on the unbalanced holdout 
dataset.

The researchers further used SHapley Additive exPlanations (SHAP), based 
on Shapley’s importance values, to determine the most important predictors to 
predict the model’s high performance. Shapley importance value is a solution 
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Fig. 8.2  Receiver Operating Characteristic curves of the predictive model of the prospective test 
set. The light band around the curve represents pointwise 95% confidence intervals derived by 
bootstrapping. The grey line represents an area under curve (auROC) score of 0.50, or a random 
predictor [11]

concept based on game theory, first proposed by Nobel Prize winner Lloyd 
Shapley [12]. Historic use of the Shapley concept is predicated around explain-
ing how to distribute benefits in complex cooperative relations, with the under-
lying notion that any benefits obtained by individuals should be proportional to 
the value of their contributions. The concept has seen a repurposing in recent 
years, being used to provide a novel explanation for why a machine learning 
model makes certain predictions. This is achieved by determining the relative 
contribution of each feature to said prediction, also known as the ‘feature impor-
tance’ [13, 14]. The researchers found that among the top predictors, the pres-
ence of coughing, fever, and exposure to someone with COVID-19 are the most 
important for predicting the presence of COVID-19 in a patient (Fig. 8.3).
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Fig. 8.3  SHapley Additive exPlanations (SHAP) beeswarm plot for the COVID-19 prediction 
model, showing SHAP values for the most important features of the model. Features in the sum-
mary plots (y-axis) are organized by their mean absolute SHAP values. Each point corresponds to 
an individual person in the study. The position of each point on the x-axis shows the impact that 
feature has on the classifier’s prediction for a given individual. Values of those features (i.e., fever) 
are represented by their color [11]

�Using Machine Learning Methods to Differentiate COVID-19 
and Influenza/Common Cold Infections

The algorithm presented by Zoabi et  al. [11] was validated by a largely healthy 
comparison group. As a result, it was unclear whether the machine learning approach 
could be used to differentiate individuals who are suffering from different kinds of 
respiratory diseases. To address this question, we conducted a study to investigate 
whether patients with COVID-19 and common flu or cold could be differentiated 
using the machine learning approach. We obtained two datasets of patients from 24 
hospitals across Jiangsu Province, China. Inclusion criteria were patients with con-
firmed COVID-19 between January 1 and March 15, 2020 in one dataset (N = 599), 
and patients with seasonal flu or common cold (January 1 to October 30, 2019) in a 
large hospital in China in another dataset (N = 832).

To conduct machine learning, the dataset of COVID-19 and that of seasonal flu 
and common cold patients were randomly divided into three subsets: training (70%), 
testing (15%), and holdout (15%) (see Fig. 8.4).

Extreme gradient boosting decision trees (XGBoost) (https://github.com/dmlc/
xgboost) were used to train the first machine learning model to classify the two 
cohorts of patients with the training set. XGBoost uses the principle of gradient 
boosting to construct decision trees from the data for binary classification [15]. 
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Gradient boosting involves an ensemble of predictions from individual decision 
trees (i.e., weak learners) using boosting techniques. Specifically, prediction errors 
are minimized by using gradient descent. Additionally, XGBoost also decreases the 
likelihood of overfitting using regularization techniques. During training, XGBoost 
decreases the weights of all the samples that the tree classifies well and increases the 
weights of all samples that are difficult to classify [16]. It repeats the process until a 
set number of trees are constructed to obtain a best fit model [17, 18] (Fig. 8.1).

After we trained the first model, the training and testing sets were combined into 
a single dataset and then randomly divided into a second training and testing set 
(again 70% vs. 15% split for each cohort). We then trained a second model using the 
new training set and tested it with the second testing set (Fig. 8.4). We repeated this 
recombining-dividing-training-testing process, 100, 200, and 500 times to obtain 

COVID-19 versus Season Flu & Common Cold
Datasets
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Randomization

COVID-19
Holdout Subsets
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Fig. 8.4  A schematic description of the machine learning process. Patients with COVID-19 and 
patients with seasonal flu or common cold were randomly divided into three subsets respectively: 
training subset (70%), testing subset (15%), and holdout subset (15%). The XGBoost trained 
model was then tested to classify the two cohorts of patients in the testing subset. The training and 
testing subsets were recombined and then randomly divided into another training and testing sub-
set. This recombining-randomly dividing training-testing process were repeated 500 times to 
obtain 500 models. The 500 trained and tested models were validated against the holdout subset to 
ensure that all models’ performance was generalizable to classify a new group of patients. This 
holdout subset was never used in training and testing and therefore pristine
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100, 200, and 500 models, respectively (Fig. 8.3). Training multiple models allowed 
us to prevent the potential undue influence of any particular training-testing dataset 
partitioning on our assessment of machine learning performance.

After we trained and tested the models, we further validated the models against 
the holdout set to ensure that all models’ performance we observed during training 
and testing was generalizable to classify a new dataset (Fig. 8.5). Because the hold-
out set was never used during training and testing and hence pristine, it provided an 
accurate assessment of our models’ generalizability.

To measure model performance, mean squared error (MSE in %) was used to 
assess a model’s classification performance. The percent of variance accounted for 
MSE (100% - MSE) was reported in our study. We henceforth refer to the percent 
of variance accounted for as R2. The greater R2 is, the better the model is at clas-
sification. We also used the receiver operating curve (ROC) and the area under curve 
(AUC) to evaluate the model’s performance and its sensitivity and specificity at 
different probability thresholds.

In addition, we obtained a measure of relative importance for each predictor in a 
XGBoost trained model. Predictor importance reflects how much a predictor vari-
able contributes to the performance of a model. It is based on the frequency of a 

Table 8.3  Age, sex, body temperature and self-reported symptoms at admission

COVID-19 (N = 599)
Seasonal flu or common cold
(N = 832)

P
value

Age (years) 46.5 ± 15.4 30.1 ± 15.6 <0.001
Sex (male) 287 (47.9%) 376 (45.2%) 0.309
Temperature (°C) 37.1 ± 0.7 38.1 ± 0.9 <0.001
Fever 61.4 91.2 <0.001
Cough 52.6 79.1 <0.001
Sputum 35.2 65.0 <0.001
Fatigue 24.0 47.4 <0.001
Chest pain 19.2 3.1 <0.001
White sputum 18.2 25.7 <0.001
Malaise 14.7 5.9 <0.001
Chill 13.4 77.3 <0.001
Myalgia 9.3 2.9 <0.001
Diarrhea 8.2 4.2 <0.001
Shortness of breath 7.0 2.0 <0.001
Headache 7.0 53.1 <0.001
Nausea 5.5 6.0 <0.001
Sinus congestion 5.1 32.3 <0.001
Yellow sputum 2.5 0 <0.001
Vomiting 2.3 5.5 0.003
Dyspnea 1.8 0 <0.001
Sore throat 1.3 2.8 0.067
Runny nose 0.8 11.7 <0.001

Note: Results are reported in % or otherwise separately indicated. Statistical tests were performed 
using either t-test or Chi-square analysis whichever was appropriate
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Sputum?
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Fig. 8.5  Examples of decision trees in one of the 100 XGBoost models. Each model contains 40 
trees. Each tree gives a score that the model uses to predict the overall probability. Each node asks 
a question regarding a predictor variable. This process eventually leads to a “leaf”, or a score based 
on log odds ratios. The leaf value represents the probability of the data point belonging to the 
COVID-19 cohort. The leaf value can be either positive or negative, with the value 0 representing 
50% probability. The final probability prediction is obtained by taking the sum of all leaf values 
(raw scores) in all the trees and then transforming it between 0 and 1 using a sigmoid function. A 
higher sum score means a higher probability of COVID-19 class. The goal was to produce a model 
with the best parameters to achieve the least mean squared errors. We found the best fitting model 
of 40 decision trees with a maximal depth of 2 layers

predictor being selected for tree branching, weighted by the squared improvement 
to the model as a result of each tree branching, and then averaged over all trees.

The demographic characteristics, temperature, and self-reported symptoms at 
admission from the two cohorts of patients are shown in Table 8.3. The two cohorts 
shared many similar symptoms, and no symptoms were unique to either patient 
cohort. However, the frequencies of some of the symptoms were significantly dif-
ferent between the two cohorts, suggesting that using these symptoms, machine 
learning may indeed be able to classify the two cohorts correctly.

The trained XGBoost models performed exceedingly well in classifying patients 
with or without COVID-19 during training and testing as showed in Table 8.4. This 
superior performance was reflected in terms of the near perfect R2 (p < 0.0001) and 
the high AUC (p < 0.0001). If AUC = 50%, it suggests a model can only classify two 
cohorts at the chance level. Models excluding age and sex performed slightly worse 
than those with the two elements (p < 0.05). When age, sex and temperature were 
removed from the models, the performance decreased significantly in terms of both 
R2 and AUC (p < 0.01).

We found that model performance (R2 and AUC) was highly similar for between 
all models, be it the 100, 200 or 500 models. Thus, all results reported were based 
on the 100 models (Table 8.4).

Table 8.5 confirmed that the machine learning models with age, sex, tempera-
ture, and self-reported symptoms as predictors generalized very well to the holdout 
patients, whose data were never seen during training and testing. This excellent 
performance was supported by high R2 and AUC.

The models without age and sex performed slightly worse than with such infor-
mation (p < 0.05), suggesting that the demographics may be not critical for classify-
ing the two cohorts of patients. However, the models with age, sex, temperature, and 
symptoms performed much better than the models with symptoms only, suggesting 
temperature is an important predictor for classifying whether or not patient have 
COVID-19 (Fig. 8.6).
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Table 8.5  Model performance in the holdout (validation) set

R
2

(100-MSE) AUC

Models with age, sex, temperature and 19 symptoms

Mean ± SD 94.7 ± 0.3 98.2 ± 0.2
95% confidence interval
Models with temperature & 19 symptoms

94.9–94.8 95.1–95.4

Mean ± SD 93.9 ± 0.3 97.4 ± 0.2
95% confidence interval:
Models with 19 symptoms

93.9–94.0 97.4–97.4

Mean ± SD 91.4 ± 0.3 95.40 ± 0.3
95% confidence interval 91.4–91.5 95.4–95.5

aNote: MSE: mean squared errors; AUC: area under curve. All measures are in %. All AUC means 
were significantly greater than the chance level (50%) with p < 0.0001

Table 8.4  Model performance in the training and testing sets

R2

(100 – BCE) AUC

Training set
Models with age, sex, temperature & 19 symptoms

Mean ± SD 95.7 ± 0.2 98.7 ± 0.1
95% confidence interval 95.7–95.7 98.7–98.7
Models with temperature & 19 symptoms

Mean ± SD 95.2 ± 0.2 98.5 ± 0.1
95% confidence interval 95.1–95.3 98.4–98.5
Models with 19 symptoms

Mean ± SD 94.2 ± 0.2 97.72 ± 1.1
95% confidence interval 94.2–94.3 97.4–97.8
Testing set
Models with age, sex, temperature & 19 symptoms

Mean ± SD 94.4 ± 0.9 97.6 ± 0.8
95% confidence interval 94.3–94.6 97.4–97.8
Models with temperature & 19 symptoms

Mean ± SD 93.9 ± 1.0 97.3 ± 0.9
95% confidence interval 93.7–94.1 97.1–97.4
Models with 19 symptoms

Mean ± SD 93.0 ± 1.1 96.5 ± 1.1
95% confidence interval 92.8–93.3 96.3–96.8

aNote: MSE: mean squared errors; AUC: area under curve. All measures are in %. All AUC means 
were significantly greater than the chance level (50%) with p < 0.0001

Figure 8.7 shows the relative importance of all predictors in terms of their con-
tributions to the performance of the 100 models. In addition to temperature, several 
symptoms including chills, sputum, headache, sinus congestion, and chest pain 
were among the most important predictors in classifying the two patient cohorts 
(Fig. 8.7). However, simply having one or more of these top ranked symptoms did 
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Fig. 8.6  Body temperature distributions of patients with COVID-19 versus seasonal flu or 
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Fig. 8.7  The mean relative importance measures (90% confidence intervals) of all predictors in 
the 100 models using age, sex, temperature and 19 symptoms as predictors. The greater the mea-
sure, the greater the contribution of a predictor to the classification of COVID-19 versus seasonal 
flu or common cold patients
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not necessarily lead to an accurate classification of patients. For example, among 
the patients, 30% had both chills and sputum, 11.8% had chills, sputum, and head-
ache, 4.6% had chills, sputum, headache, and sinus congestion, and 2.1% had all top 
five symptoms. A reliable and accurate performance to classify the two cohorts of 
patients was achieved by considering the unique patterns of the presence and 
absence of all symptoms along with age, sex, and body temperature.

We created a website that implemented the models for easy access by physicians 
and patients online (https://survey-demo.deepaffex.ai/). The website included a 
form that physicians or patients can fill out, which asks for information about the 
patient’s demographics and symptoms. After the form is submitted, the model com-
putes the percent likelihood of the patient having COVID-19.

�Summary, Limitations, Challenges, and Future Applications

The present chapter showcases three studies that use the machine learning approach 
along with patient data to predict COVID-19 patient mortality, determine the pres-
ence of COVID-19, and differentiate between patients with COVID-19 and patients 
with flu and common cold. All three studies produced computational models that 
are highly accurate, with high sensitivity and specificity. These findings suggest that 
the machine learning approach is a viable methodology to address present and 
future public health issues. In addition, our hypothesis that the COVID-19 cohort 
presents a unique non-linear combination of not only patient demographics, medi-
cal history but also presenting symptoms was confirmed, validating their impor-
tance for making appropriate medical decisions.

Further, these studies provide useful insights about COVID-19. For example, 
Zoabi et al. [11] found that cough and fever are the top predictors of COVID-19 
infection. Our study showed that a patient with low but not high fever was signifi-
cantly more likely to be infected with COVID-19. Quiroz-Juárez et  al. [10] 
revealed that patient age, days with symptoms and treatment, and whether patients 
present symptoms of pneumonia are highly important in presenting mortality at all 
stages of disease progression. Finally, all three studies indicate that the accuracy 
of classification is not predicated around the absence or presence of predictors. 
Rather, it is the combinatory patterns of their presence and absence that allow 
computational models to accurately classify different cohorts of patients. These 
insights are highly useful in assisting physicians with making patient specific 
medical decisions, and also provide insight for public health officials to devise 
public health measures. For example, current screening practices at various public 
locations (e.g., airports, shopping malls) involve the use of contactless thermal 
sensors to detect individuals with high temperature as an indication of COVID-19 
infection. Our work revealed that COVID-19 patients who have a fever tend to 
have lower body temperatures than those with the flu or common cold. This 
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finding suggests that these modern COVID-19 detection practices are not only 
insufficient but possibly misleading.

The success of the machine learning approach showcased here can be attributed 
to a number of factors. First, the success of the three studies benefited from the 
availability of the large-scale datasets that are publicly accessible. It illustrates the 
importance of the open science movement that is underway in many scientific dis-
ciplines, including medicine and public health. Second, the advance of AI in general 
and machine learning techniques in the last two decades has made it possible for 
researchers to train, test, and validate accurate and robust computational models 
quickly and efficiently. This has been made possible by increased processing capac-
ities and decreased computational costs due to Moore’s Law as well as the existence 
of publicly shared and free programming codes (e.g., those on GitHub). Third, the 
three studies not only produced accurate computational models but also use such 
methods as the python based SHAP to identify the key predictors that explain why 
the computational models are accurate. This information is highly crucial for medi-
cal decision making and public health policy implementation because physicians, 
public health officials, and the general public not only wish to know a model to be 
accurate but also what factors contribute to its accuracy.

The advantage of the machine learning approach lies not only in its ability to 
produce highly accurate models, but also its ease to be implemented in an online 
platform to be used by everyone. For example, Quiroz-Juárez et  al. [10] imple-
mented their model on a website such that physicians can implement the required 
patient data to predict the likelihood of mortality of the patients under their care so 
as to make appropriate medical decisions. Our models were also implemented on a 
website that any individual in the world with internet access to self-assess the likeli-
hood of COVID-19. Such self-assessment can be performed by people without hav-
ing to leave their homes for a swab test. Although our machine learning models 
cannot be used to make or rule out the diagnosis of COVID-19, they can be used to 
identify suspected cases in need of medical attention [19]. Further, as the training 
dataset is expanded with more patients, the accuracy of model prediction will only 
continue to improve, which may make it possible to use such models as a reliable 
and inexpensive COVID-19 screen test.

Several limitations of the current machine learning approach must be acknowl-
edged. First, the patient data used in the three studies, though large, were collected 
at the early stages of the pandemic. Since then, COVID-19 virus has evolved, which 
have led to different presenting symptoms depending on the nature of the variant. To 
ensure their accuracy at the present, the models need to be retrained with updated 
datasets. Second, although all models’ performance generalized well to the pristine 
holdout sample, the studies are in general retrospective in nature. Prospective clini-
cal studies are needed to validate the models’ real-world utility. Third, all models 
were developed with data from COVID-19 patients who presented some symptoms. 
They are not suitable to identify asymptomatic COVID-19 patients [20–22], a chal-
lenge that calls for a specifically designed study with possibly different machine 
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learning approaches. Fourth, although the models used a sufficiently large sample to 
perform machine learning, the patients were all geographically and racially homo-
geneous, the generalizability of these models to classify patients of different races 
and from different geographic locations is yet to be tested. Nevertheless, these 
machine learning models can easily be expanded with global data for future inter-
national application.

The chapter showcases three studies that confirmed the hypothesis that patients 
with COVID-19 present a unique combinatory pattern of symptoms along with per-
sonal information, which in turn can be used to predict patient mortality, detect the 
presence of COVID-19, and differentiate between patients with COVID-19 and 
patients with common cold or flu. They demonstrate that the machine learning 
approach is a powerful tool to solve specific problems which arose during the 
COVID-19 pandemic. The lessons learned from these studies can be applied to not 
only the ongoing pandemic, but also future public health crises. In the future, 
through international collaboration, large and diverse patient datasets should be 
quickly be made available. International teams should collaborate to develop 
machine learning models to address pressing questions concerning a similar public 
health crisis in a timely and convenient fashion. Such models should then be imple-
mented on websites and mobile devices for wide use so as to assist medical and 
public health decision making, which in turn should lead to strategical allocation of 
scarce healthcare resources to where they are truly needed.
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Chapter 9
AI Techniques for Forecasting Epidemic 
Dynamics: Theory and Practice

Aniruddha Adiga, Bryan Lewis, Simon Levin, Madhav V. Marathe, 
H. Vincent Poor, S. S. Ravi, Daniel J. Rosenkrantz, Richard E. Stearns, 
Srinivasan Venkatramanan, Anil Vullikanti, and Lijing Wang

�Introduction

COVID-19 is the largest pandemic the world has seen since the 1918 Influenza 
pandemic. As of February 2022, worldwide, we had approximately 433  M con-
firmed cases, 33 M active cases, and 5.95 M confirmed deaths; see https://nssac.bii.
virginia.edu/covid-19/dashboard/. The pandemic and its unprecedented social, 
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economic, and political impact have been discussed in many publications (e.g., [1–
7]). Computational and mathematical models have been used extensively during the 
COVID-19 pandemic to support policy makers and citizens’ response efforts (e.g., 
[8–15]). An essential use of such models is in forecasting infectious disease dynam-
ics. Over the past several years, there has been an increasing interest in developing 
systems that provide early warnings regarding epidemics. This is borne out by a 
large number of epidemic forecasting challenges such as the FluSight by the Centers 
for Disease Control and Prevention (CDC) [16–19], “CHIKV Challenge” by 
DARPA [20], and the IARPA Flu challenge [21] that rely on collaborative efforts to 
forecast various disease parameters. COVID-19 strengthened these initiatives; in 
April 2020, CDC, in collaboration with academic partners, initiated the COVID-19 
Forecast Hub (henceforth referred to as The Hub), a consortium of modeling teams 
to coordinate the forecasting efforts (viz.covid19forecasthub.org). In this chapter, 
we summarize various mathematical and computational approaches to forecasting 
infectious disease dynamics, and pay particular attention to forecasting dynamics of 
infectious diseases such as COVID-19 and seasonal influenza-like illness (ILI). In 
section “Discussion”, we briefly discuss the applicability of these methods in study-
ing other infectious diseases and questions related to forecasting viral dynamics.

Challenges  Several challenges present themselves when forecasting infectious 
disease dynamics. We now highlight some of the critical challenges.

Data  Availability of timely, well-informed, and fine-grained data is crucial for gen-
erating reliable epidemic predictions. Challenges in this context include: (i) fre-
quency of updates (timing and quality); (ii) access to surrogate data such as real-time 
mobility data, digital health device data, social media feeds, weather data, etc., that 
is often useful in improving forecast quality; (iii) spatial resolution of the measure-
ments; (iv) noise and other inaccuracies in the reported data and (v) heterogeneity in 
reporting structures of data across states and local health districts; see [8, 19, 22, 23] 
for further discussion on this topic.

Targets  A target corresponds to the particular epidemic signal of interest. Previous 
efforts like FluSight1 focused on out-patient visits for ILI and have included long-
term targets such as season onset, peak week, peak intensity and short-term targets 
of 1–4 week ahead forecasts. In COVID-19 forecasting efforts, the scientific com-
munity has considered a number of different targets, including the following: mul-
tiple disease indicators such as cumulative or daily/weekly confirmed case counts, 
deaths, and hospitalization counts. Death counts, although reliable, have proved 
problematic in policy planning as they are lagging indicators of the disease preva-
lence. Case counts are typically near-real-time indicators of the state of the pan-
demic but are severely limited by the testing capacity. Other targets include: peak 
week, cumulative incidence during the peak week. However, they are dependent on 
multiple factors such as the epidemic-specific pathogen variant, human behavior, 

1 https://www.cdc.gov/flu/weekly/flusight/index.html.
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non-pharmaceutical interventions (NPIs), etc., and have been hard to forecast. See 
[24, 25] for additional examples of targets studied in the literature.

Physical, Spatial, Temporal, Socio-economic, and Political Dependencies  Epidemic 
dynamics in a given region co-evolve with other neighboring regions. They also 
depend on a number of exogeneous factors such as weather, socio-economic and 
political dynamics. For instance, epidemic dynamics in a county depend on the 
dynamics in neighboring counties and local, state and federal policies, socio-eco-
nomic considerations such as compliance, and political leanings. A natural method to 
capture these inter-dependencies is to use network models, but obtaining the neces-
sary data to synthesize the networks and drive the dynamics remains a challenge. 
Calibrating these coupled models is another challenge. For example, considering the 
United States network with 3000+ counties and W weeks of data, there are technically 
over 3000 × W entries in the spatio-temporal transmissibility matrix to be calibrated, 
making traditional Bayesian techniques computationally intensive and susceptible to 
overfitting due to the limited training data size. Lack of data and improper use of 
machine learning methods can also lead to overfitting and thus poor generalizability.

Model Evaluation  Evaluation of forecasting performance is crucial for model 
improvement. Traditionally, epidemic forecasting involves point and probabilistic 
forecasts. However, there are multiple metrics available and the performance of a 
model can vary based on the choice of a metric employed for evaluation. Hence 
choosing the appropriate metrics for evaluating model performance for forecasting 
a specific target is crucial. In section “Metrics for Forecast Evaluations”, we discuss 
a variety of metrics that have been employed in the context of epidemiological sig-
nal forecasting.

Limits to Forecasting  In various domains, including epidemics, ecology, weather, 
and evolutionary biology, limits to forecasting have been discussed. For example, 
Drake [26, 27] provides several important reasons (such as the nature of stochastic 
disease propagation models and high sensitivity of disease parameters to changes in 
the environment) to observe that while systems may provide good forecasts of some 
epidemic measures (e.g., timing), there are limits on the effectiveness of such sys-
tems in forecasting other measures (e.g., final epidemic size). May [28] emphasizes 
the need for caution in concluding the dynamics of ecological systems when there 
is uncertainty in the structure and parameter values of the underlying network 
model. A similar observation was made by Jacob [29] in evolutionary biology. In 
section “Theoretical Foundations for Forecasting in Network Models”, we will 
briefly discuss limitations on the efficient computations of epidemic forecasts from 
the perspective of computational complexity; for a more comprehensive discussion 
on this topic, we refer the reader to [30].

Additional Challenges While Forecasting During an Ongoing Pandemic  We 
make four additional points as they pertain to forecasting during an ongoing pan-
demic (cf. Fig. 9.1) (i) the causal reasons for each wave were different; (ii) the state 
of the underlying social systems was different; (iii) different individuals were 
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Heterogenous spatio-temporal spread pattern
in cases per 100K for different waves

Varying duration,
peak Intensity, and
growth rates across waves
Reasons: Varying
interventions, testing
capacity, transmissibility
characteristics of
variants, etc.

Fourth wave (Omicron):
• Immune escape
• Relaxed social
  interventions
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• Booster vaccinations
• Behavioral adaptations

Third wave (Delta):
• Relaxed social interventions
• Unvaccinated individuals
Measures:
• Vaccinations
• Behavioral adaptations
• Mask wearing
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• Relaxed social interventions,
  holidays, university reopening
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• Behavioral adaptations
• Mask wearing
• Partially vaccinated population
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Fig. 9.1  Multiple waves of the COVID-19 pandemic in the US and their characteristics. Similar 
waves were observed in other countries. The waves observed in all the states/counties in the US 
were similar, although the intensity and timing differed quite a bit as shown in the choropleth maps 
(where darker shades indicate higher average number of cases per 100 K reported during the cor-
responding wave). The underlying causal reasons for each wave were different, making forecasting 
extremely challenging. (The concept of a wave is subjective. We considered periods of substan-
tially high COVID-19 activity as a wave.) In the choropleth maps, the scales are different across 
the maps. The data used to generate each map was analyzed independently and divided into seven 
equal-count intervals (quantiles)

affected physically, socially and economically, furthermore different social, behav-
ioral and political considerations were at play during each phase, (iv) the shape of 
the curves, the intensity, peak and the growth was different for each phase and (v) 
the advent of social media, international trade and travel and prevailing political 
polarization introduced new challenges in the form of misinformation, breakdown 
of global supply chains, reduced compliance and higher levels of hesitancy than one 
would have anticipated. These factors along with the challenges stated earlier made 
forecasting COVID-19 pandemic challenging—it is thus not surprising that meth-
ods have often struggled to produce accurate and timely forecasts.

Organization  This chapter is organized as follows. In section “A Review of Model 
Types and Limits to Forecasting”, we briefly review several models used in the lit-
erature for forecasting. In section “Preliminaries” we mention some fundamental 
problems in forecasting under several models. Section “AI-driven Engineering”, 
presents an ensemble model and a hybrid forecasting model as examples of state-of-
the-art forecasting systems. Section “Theoretical Foundations for Forecasting in 
Network Models”, discusses the computational intractability of short-term forecast-
ing for network-based epidemic models. Section “Discussion” concludes the chap-
ter with a discussion on some general issues and possible research directions in 
infectious disease forecasting.
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�A Review of Model Types and Limits to Forecasting

As remarked earlier, forecasting epidemic dynamics has become a very active area 
of research over the last two decades. The class of models used varies depending on 
the application, data availability, computational requirements and the choice of the-
oretical or data driven constructs. We briefly summarize the state-of-the art below; 
see [31] for additional discussion and references.

Statistical Methods  This class of forecasting methods employs statistical models 
on time-series data, determines model parameters from observed data and leverages 
the model to make future predictions. These methods assume that the observed data 
is the outcome of a parametric random process whose parameters are unknown. A 
popular class of models are the autoregressive models (such as AR, ARMA, and 
ARIMA) which assume that the observed time series at the current time step can be 
expressed as a linear combination of past observations. In the context of ILI fore-
casting, in addition to the ARIMA terms of the ILI time series, other exogenous 
variables such as search trends, social media data, weather data, etc. have been 
employed as exogenous regressors to enhance nowcast performance. Yang et  al. 
[32], Rangarajan et al. [33], Kandula et al. [34], Soebiyanto et al. [35], and Paul 
et al. [36] assume a Gaussian distribution on the data when modeling ILI rates and 
activity level. AR models for count data are modeled using Poisson [37] and nega-
tive binomial distributions [38, 39], and these result in a class of generalized linear 
models. Owing to a large number of explanatory variables, techniques such as 
LASSO [40], log-likelihood ratio test [33], and block coordinate descent methods 
[41] are employed to select a sparse subset of most relevant variables. In the pres-
ence of sufficient seasonal data, a Bayesian weighted average of trajectories from 
past seasons to model the current season as a mixture of Gaussian models is shown 
to perform reasonably well in the case of influenza in [42, 43] and dengue in [44]. 
Though technically not a statistical method, method of analogues is a non-parametric 
model which attempts to find the most relevant historical segments of data or near-
est neighbors with respect to the observed data and uses a weighted average of the 
nearest neighbors to produce forecasts [43]. Exponential smoothing is another class 
of non-parametric regression models which employ exponentially decaying weights 
on historical samples (e.g., Petropoulos et al. [45]). Given that the observed data is 
governed by several underlying parameters, a natural attempt is to consider complex 
models such as compartmental models that encapsulate the interaction between 
these parameters. These underlying parameters, such as number of actual infec-
tions, susceptibles, transmissibility, etc., are typically unobserved states in the 
model and their estimation has been addressed by a popular class of statistical tech-
niques called Filtering methods. The objective of filtering methods is to estimate the 
probability distribution of the model’s states given the observations. Ensemble 
Kalman filter [46], Ensemble adjusted Kalman filter [47], particle filtering [48] and 
their variants are some of the popular algorithms used for recursive estimation of 
model parameters. These methods have been extensively explored in modeling 
influenza epidemics, and a detailed comparison of the filtering techniques is pro-
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vided in [49]. The filter-based modeling framework, in conjunction with ILI met-
rics, testing data, and web-based ILI estimates, has been used for both retrospective 
analysis and real-time forecasting [50–52]. The filter-based methods rely on accu-
rate modeling of the relationships between underlying parameters to be effective. 
Since obtaining accurate models of such relationships has been particularly chal-
lenging for the novel SARS-CoV-2 virus, the use cases for filtering methods in that 
context have been limited.

Deep Learning  Unlike statistical methods, deep learning (DL) does not make any 
assumption on the underlying data (statistical or domain knowledge) but typically 
attempts to find a non-linear mapping between the input and output data. In the pres-
ence of sufficiently large datasets and model parameters, DL strategies have the 
ability to approximate complex mapping functions [53] and are hence gaining 
increasing prominence in epidemic forecasting. The mapping is realized through a 
deep neural network (DNN) whose structure varies depending on the data being 
analyzed. Some common structures used in the literature are feedforward neural 
networks (FNNs), recurrent neural networks (RNNs), convolutional neural net-
works (CNNs), and graph neural networks (GNNs). An FNN refers to a traditional 
artificial neural network wherein the flow of information is unidirectional, and has 
been used for forecasting prevalence (e.g., for dengue [54, 55] and influenza [56]). 
In contrast to FNN, the RNNs and their variants (e.g., gated recurrent unit (GRU) 
[57] and long-short term memory (LSTM) [58]) use feedback connections and are 
designed to process sequential data. LSTM networks have been used in influenza-
like illness forecasting along with auxiliary data streams such as Twitter data [59], 
climatic factors, and geographical proximity [60]. Attention-based LSTM models 
are employed in [61] and [62]. Initially, FNNs were attempted for forecasting 
COVID-19 deaths counts [63], but subsequent efforts [22, 64] have employed 
LSTM networks to predict COVID-19 transmission. Other networks like CNNs are 
generally used for capturing spatial patterns in image data through shift-invariant 
learnable filters. A combination of CNN and RNN called the CNNRNN-Res [65] 
model, and Deepcovidnet [66] have been used in processing multi-variate epidemic 
time series corresponding to various geographical regions as images. GNNs are a 
generalization of CNNs designed to process graph data and capture spatial patterns. 
The basic idea is to generate node embeddings based on local network neighbor-
hoods through message passing. Cola-GNN is a cross-location attention-based 
graph neural network for forecasting ILI [67]. During COVID-19, inter-region con-
nections have greatly varied, and [68] and [69] have accounted for it by considering 
mobility-informed adjacency of nodes for COVID-19 daily case prediction.

Mechanistic Models  These are also referred to as causal models since they attempt 
to incorporate the causal relationships between inputs and outputs. They have been 
the workhorses of the infectious disease modeling community, and they come in a 
variety of flavors. Broadly, they can be classified into ordinary-differential-equa-
tion-based compartmental models and agent-based models (ABM). The compart-
mental models typically assume homogeneous mixing within a population and are 
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used to study the large-scale dynamics of a disease in the population. ABMs are 
detailed models that represent individuals in a population as agents with heteroge-
neous properties, and are typically useful in studying the effects of targeted inter-
ventions in a population. The literature on mechanistic models is vast; for a more 
detailed description, we refer the reader to [8, 70] and references cited therein.

Hybrid Approaches and Human Judgment in Forecasting  An emerging trend in 
epidemic forecasting is combining theory-based mechanistic models and deep 
learning models. Such methods attempt to reap the benefits of both models and 
obtain better forecasting performance. In the context of influenza forecasting, Zhao 
et al. [71] and Hua et al. [72] employed social media mining techniques to enhance 
theory-based mechanistic models, while Wang et al. [73] trained an LSTM-based 
model with theory-generated training data for forecasting at a high geographical 
resolution. Recently for COVID-19 forecasting, Dandekar and Barbastathis [74] 
calibrated causal model parameters by combining first-principles epidemiological 
equations and a data-driven neural network model. Gao et al. [75] attempt to capture 
the spatio-temporal dynamics using a GNN and employ a transmission dynamics 
loss term to regularize model predictions in GNN training. Despite the use of com-
plex models and auxiliary data, models have failed on several occasions to forecast 
accurately [76]. Human judgment can often be leveraged to make reliable forecasts 
and reduce outliers in forecasts. Multiple human-judgment-based models have been 
used in the context of Influenza, and involves either crowd-based voting of various 
model forecasts [77, 78] or predictions provided by humans [79, 80] through user-
friendly web-based applications. In all these experiments, it was observed that 
human-judgment-based forecasts were more accurate than individual model 
forecasts.

Forecasting Dynamics of Complex Systems  Many researchers have studied vari-
ous aspects of reliably forecasting the dynamics of complex systems. We first briefly 
discuss their observations regarding complex systems in general and then outline 
some challenges that have been identified in the context of epidemic dynamics. 
Cheng et al. [81] address the question of predicting whether a cascade will continue 
to grow in a social network. They remark that “a robust way to formulate the prob-
lem of cascade prediction remains an open problem.” Martin et al. [82] observe that 
even a small degree of uncertainty can limit the predictability of complex social 
systems. Hofman et al. [83] mention that “theoretical limits to the predictive accu-
racy of complex systems must be better characterized.” Using Google Flu Trends as 
an example, Lazer et al. [84] caution against the use of social media data and search 
information as a substitute for traditional data collection and analysis methods to 
predict epidemic measures. They highlight the importance of systematically “study-
ing the evolution of the socio-technical systems that are embedded in our society.” 
Shaman et al. [51] use new data analysis techniques to predict the timing of the peak 
number of infections for influenza outbreaks and suggest that their methods can be 
made more robust when additional data are available. Using results from CDC’s 
“Predict the 2013–2014 Influenza Season Challenge”, Biggerstaff et al. [16] con-
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clude that “further efforts are needed to improve the accuracy so that policy makers 
can reliably use those predictions.” Pinto et al. [85] study the problem of locating 
the sources of infection in networks. Karrer and Newman [86] use a message-pass-
ing model to compute epidemic probabilities in networks. Other researchers have 
used approaches based on message-passing and belief propagation to obtain practi-
cal solutions to the problem of identifying the source of infection in general and 
special classes of networks [87, 88]. Althouse et al. [89] observe that superspreader 
events have played a significant role in the spread of COVID-19, and that prediction 
of such events is important in controlling disease outbreaks.

Predictability  In terms of various parameters of an outbreak (incident cases, impor-
tation probability, growth rate, etc.), several models have been shown to provide 
reasonable forecasts, thus demonstrating the feasibility of predicting the data [17]. 
Using permutation entropy on the signal-of-interest as a model independent mea-
sure of predictability, it is shown in [90], that across different diseases, although a 
fundamental entropy barrier exists, it is often well beyond the time scale of a single 
outbreak, implying short-term predictions are likely to succeed.

�Preliminaries

Forecasting Problem  Consider the epidemiological time series yt t

T{ } ={ }1 , where yt 
can correspond to case counts, number of hospitalizations, or individual disease 
states. The forecasting problem in this work involves predicting the h-step ahead 

point forecasts y T h+{ }  
or the forecast probabilistic distribution

 
P y yT h t t

T

+{ } ={ }( )|
1

. 

These forecast
 
values can be realized through the model fΘ where Θ denotes the 

model parameters that can correspond to either the coefficients of the AR terms, 
weights in a DNN, or the transition rates in an ordinary-differential equation based 
compartmental model.

�Model Details

Compartmental Model  These include the SIR class of models and their variants. 
The simplest form of these models [91–93] assume that the population is com-
pletely mixed, and compartmentalize (i.e., partition) a population of size N into 
three sets, each corresponding to a disease state, which is one of susceptible (S), 
infective (I) and removed or recovered (R). (Some complex models also include 
additional states such as Exposed (E), Vaccinated (V), Hospitalized (H), Death (D), 
etc.) The model then specifies the transition (governed by the transition rates) from 
susceptible individuals to infectious, and then to recovered. Let S(t), I(t) and R(t) 
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denote the number of people who are in susceptible, infected, and recovered states 
at time t. Let s(t) = S(t)/N, i(t) = I(t)/N and r(t) = R(t)/N; then, s(t) + i(t) + r(t) = 1. 
Then, the SIR model can be described by the following system of ordinary differen-
tial equations

	

ds

dt
si

di

dt
si i

dr

dt
i= − = − =β β γ γ, , ,

	
(9.1)

where β is referred to as the transmission rate and γ as the recovery rate. A key 
parameter in such a model is the reproductive number R0, which is defined by 
R0 = β/γ. At the start of an epidemic, much of the public health effort focuses on 
estimating R0 from observed infections [94]. Practical implementations approxi-
mate Eq. (9.1) using difference equations where t is discretized into days (or weeks) 
based on the speed of evolution of the epidemic. In addition, owing to multiple 
reasons such as varying pathogen strains, social distancing norms, etc. the transition 
rates can vary across time. The difference equations with Δ representing the first-
order difference can be expressed as follows:

	 ∆ ∆ ∆s s i i s i i r it t t t t t t t t t t t t+ + += − = − =1 1 1β β γ γ, , .	 (9.2)

Note the parameter t included in the transition rates. More complex models such as 
the structured metapopulation models further disaggregate the population to account 
for their inherent heterogeneity [8].

SIR Epidemic Model for Networks  For simplicity, we discuss an SIR model on a 
network with unit infectious duration. The contagion is assumed to spread on an 
undirected network G(V, E), where V and E represent the set of nodes and edges, 
respectively. At any time2 instant, each node v ∈ V is in one of the states from the 
domain  = {S, I, R}, where, S, I and R represent susceptible, infected (or infec-
tious) and recovered states, respectively. A node stays in state I for exactly one time 
step. For any node v ∈ V, the neighborhood of v, denoted by Nv, contains each node 
u such that the edge {u, v} is in E. Each edge e = {u, v} ∈ E is associated with a 
transmission probability3 pe with the following interpretation. At time t, suppose 
node v is in state S and X(v, t) denotes the subset of Nv such that each node in X(v, t) 
is in state I. Then, at time t, each node w ∈ X(v, t) tries to infect node v with probabil-
ity p{v, w} independently of the other nodes in X(v, t). If any of these attempts are 
successful, then the state of v changes to I at time t + 1.

A configuration of an SIR process on a network at time t is an n-vector 
b b bt t

n
t

1 2, , ,…( ), where bi
t ∈  is the state of node vi at time t, 1 ≤ i ≤ n =  ∣V∣. A single 

transition of an SIR system from one configuration to another is obtained by 

2 The unit of time (which may be a day, a week, etc.) depends on the epidemic that is being modeled.
3 This is analogous to the transmission rate β introduced under the compartmental model above.
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updating the state of each node v synchronously in the following manner, depending 
on the state of v at time t.

	1.	 The state of v at time t is R: In this case, the state of v at time t + 1 is also 
R. (Thus, once a node reaches the state R, it remains in that state forever.)

	2.	 The state of v at time t is I: In this case, the state of v at time t + 1 is R. This is 
because of the assumption that each node remains in state I for exactly one4 
time unit.

	3.	 The state of v at time t is S: In this case, the state of v at time t + 1 is determined 
by the following stochastic process. Recall that X(v, t) ⊆ Nv denote the set of 
neighbors of v whose state is I at time t. Let π(v, t) be defined as follows.

	

π v t X v t

p
u X v t

u v

, if ,

otherwise
,

,

( ) = ( ) = ∅

= − −( )
∈ ( )

{ }∏
0

1 1 .
	

The above expression for π(v, t) can be seen to be a simple consequence of the 
assumption that each node in X(v, t) tries to infect v independently. The state of v at 
time t + 1 is I with probability π(v, t) and S with probability 1 − π(v, t).

Initially (i.e., at t = 0), one or more nodes are in state I and the other nodes are in 
state S. Starting from the given initial configuration 0, the system goes through a 
sequence of configurations over time. We now present an example below to illus-
trate this process.

Example 1  The graph of an SIR system consisting of five nodes is shown in 
Fig. 9.2. The nodes are labeled v1 through v5 and the transmission probability of 
each edge is shown in blue. Suppose at t = 0, node v1 is in state I and all other nodes 
are in state S. Starting from this initial configuration, one possible sequence of con-
figurations that the system may go through is shown in the table in the right panel of 
Fig. 9.2. The stochastic process through which this sequence of configurations is 
generated is explained below.

Time t = 1: Since node v1 is in state I at t = 0, each of the nodes v2 and v3 can get 
infected at t = 1 with a probability of 0.5. Assume that the SIR process causes both 
nodes v2 and v3 to be infected by v1 at t = 1. Thus, at t = 1, node v0 changes to state 
R, nodes v2 and v3 change to state I, and nodes v4 and v5 remain in state S.

Time t = 2: We can compute the probabilities of nodes v4 and v5 getting infected 
at t = 2 as follows. First, consider node v4. The neighborhood of v4 is {v2, v3} and 
both of these nodes are in state I at t = 1. Since the transmission probabilities of 
edges {v2, v4} and {v3, v4} are 0.5 and 0.6 respectively, the probability of v4 getting 
infected is given by 1 − [(1 − 0.5) × (1 − 0.6)] = 0.8. Similarly, it can be seen that 
the probability of node v5 getting infected is 0.875. For this example, let us assume 
that the stochastic nature of the process causes v4 to get infected, but v5 does not get 

4 With minor modifications, our theoretical results discussed in section “Theoretical Foundations 
for Forecasting in Network Models” can be shown to hold even when the infectious period for each 
node is any constant number of time units.
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Fig. 9.2  The underlying graph of an SIR system and one possible sequence of its configurations, 
leading to a fixed point at time t = 3. The transmission probability of each edge is shown in blue. 
Each configuration is a 5-tuple (s1, s2, s3, s4, s5), where si∈ {S, I, R} is the state of node vi, 1 ≤ i ≤ 5. 
(a) A networked SIR system. (b) A sequence of configurations of the SIR system

infected. Thus, at t = 2, nodes v2 and v3 change to state R, node v4 changes to state I 
while v5 remains in state S.

Time t  =  3: Here, v4 is in state I. However, none of its neighbors is in state 
S. Thus, v4 cannot cause any new infections. In other words, v4 changes to state R 
while the other nodes remain in their previous states. Since this configuration at 
time t = 3 does not have any node in state I, no further state changes can occur. Thus, 
in this example, the system reaches a fixed point at t = 3.

�Metrics for Forecast Evaluations

Given N forecast values ft t

N{ } =1
 and the true values yt t

N{ } =1
 with error et = yt − ft, several 

metrics are used when evaluating point predictions in epidemic forecasting: 

(i)  The Mean Absolute Error MAE
N

e
i

N

i( ) =
=
∑1

1

| | ,  

(ii) Mean Squared Error MSE
N
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i

N

i( ) =
=
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1

2 ,

(iii) Root Mean Squared Error RMSE( ) =
=
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1

2
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i
, 

(iv) Mean Absolute Percentage Error MAPE( ) =
=
∑1

1N

e

yi

N
i

i

| |
, and (v) Pearson 

Correlation (PCORR). MAE, MSE, and RMSE are scale dependent while MAPE is 
invariant to scale. PCORR, on the other hand, is a useful measure when the forecasts 
follow the same trend as the true values. Properties and shortcomings of these metrics 
and their variants are discussed in [24].
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Similar to weather forecasting, epidemic forecasting efforts have moved towards 
probabilistic forecasts. In the CDCFlusSight [19] challenge, participants are 
required to submit forecast distributions as binned disease incidence measures, and 
are evaluated using standard scoring rules like the logarithmic score [95]. This 
approach requires the possible range of incidence to be known, to define a meaning-
ful binning system. However, during outbreaks like COVID-19, where the possible 
peak in the number of cases is not known, this range can vary considerably, making 
reasonable binning schemes challenging.

A suggested alternative to the binning system is to employ predictive quantiles 
or intervals, and has been the de facto standard in The Hub. The interval forecasts 
can be evaluated by the weighted interval score (WIS), the community’s agreed 
upon metric [96]. WIS is defined as
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(9.3)

where y is the observed value (the reported case count) for a given location and date, 
F is the forecast defined in terms of the median m, upper quantiles uk and lower 
quantiles lk of the predictive distribution, respectively. K is the number of quantiles 
considered and 1  −  αk is the width of the central predictive interval k. Also, 
 condition( ) is the indicator function whose value is 1 when the condition is satis-
fied and zero otherwise. The WIS falls under the category of strictly proper scoring 
rules [96] and provides no incentive for forecasters to report altered versions of their 
true belief in the future predictions.

�AI-Driven Engineering

As described in section “Introduction”, several challenges exist in real-time fore-
casting of epidemiological targets. A general framework for the design of data-
driven systems is illustrated in Fig. 9.3. In the forecasting of a target, the models 
typically consume ground truth data and other epidemiological signals (syndromic 
and genomics data). In addition, information from auxiliary data sources are lever-
aged to account for insufficient data (for a rich set of data streams see [97]). In the 
following section we provide two examples: (i) a deployed ensemble model produc-
ing high-resolution forecasts and (ii) a hybrid model leveraging the spatio-temporal 
information and the simulation outputs of mechanistic models.
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Fig. 9.3  A conceptual framework for real-time pandemic forecasting systems. Every week, data 
from various sources is downloaded, sanitized and converted into a format readable by the models. 
Multiple models use the available data and produce forecasts for the quantities desired. Ensembling 
techniques are typically used to combine the forecasts. The forecasts are constantly evaluated so 
that models can be updated based on the performance. Experts evaluate the forecasts and guide 
model modifications. Communicating the forecasts in a timely and appropriate manner is important

�An Example of a Real-time Forecasting Model

In order to understand the state (national) level epidemic trajectories, it is important 
to consider the evolution at a finer resolution, such as the county (state) level. 
Forecasting at a higher geographical resolution can aid in targeted interventions and 
resource demand estimation. In addition, it can help to improve the overall forecast-
ing quality and robustness at the state and national levels. However, accurate fore-
casting is challenging given the data-related issues at high resolution,. It is to be 
noted that of the many contributing teams to The Hub, only a handful consistently 
produce county-level forecasts. Since it is well accepted that ensemble forecasts 
tend to have better performance compared to individual forecasts [19, 98, 99], The 
Hub employs an ensemble approach to combine the probabilistic forecasts from 
multiple teams provided in the form of quantiles. The Hub has mostly relied upon 
an ensemble where each quantile of the ensemble forecast is obtained by taking the 
median of the forecast values provided for that quantile by the various models 
instead of a trained-ensemble that weights the models based on the past 
performance.

We present a real-time forecasting model, an example of a trained ensemble 
model that employs various classes of models. Although we present a US county-
level forecasting model, this framework is applicable at multiple resolutions (county, 
state, multi-national levels, etc.). The modeling strategy remains the same at any 
resolution. This model was developed in the context of The Hub, and we generate 
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Table 9.1  A description of several classes of models incorporated in the ensemble model

Methods Description

AR model and variants (AR, 
AR_spatial, ARIMA) (one 
model for each county, 
statistical)

• � Lagged versions of observations (AR) + other county 
observations (AR_spatial)

• � ARIMA uses lagged versions of observations and forecast 
errors and requires fewer parameters compared to AR

• � Trained over a short observation window (8–10 weeks)
• � Each horizon modeled independently

Long short-term memory 
(LSTM) (data-driven)

• � One model per state trained on short segments corresponding 
to respective counties

• � Observation window of four weeks and mean squared error 
loss function

• � Monte Carlo dropout method used for producing uncertainty
• � A highly non-linear model that can capture complex patterns 

in the time series
Ensemble Kalman filter 
(EnKF) (one model for each 
county, statistical)

• � An approximate version of the Kalman filtering technique
• � EnKF updates computationally less expensive compared to 

Kalman filter updates
• � Trained on weekly cumulative case counts

SEIR model (one model for 
each county, compartmental 
model)

• � Time-varying contact-rate parameter trained to match the 
infections (scaled) to the observed cases

• � Each county treated independently with homogeneous 
mixing within each county population

• � Incorporation of interventions is easier in this model

short-term forecasts of 1–4 weeks ahead, at a weekly resolution. Since we are deal-
ing with real-time systems and highly non-stationary data, the individual models as 
well as the ensemble model need to be retrained every week. As mentioned previ-
ously, each method consumes data in a different format and trains in slightly differ-
ent ways. We briefly describe the individual models, associated data preparation and 
the training procedures. The methods and some of their variants are described in 
Table 9.1. The motivation of the multi-class ensemble model is to leverage the ben-
efits of various classes of methods.

Although the incident cases time series is non-stationary, in the AR models, we 
assume that any short segment of data is stationary and model it as an AR process. 
The data is log-transformed to nullify the large variations in variance across time, 
and the model is trained every week to account for non-stationarity. We also incor-
porate the lagged time series data of other counties corresponding to that state to 
capture the spatio-temporal correlation between counties. Unlike the recursive strat-
egy of multi-step forecasting, where the prediction from the previous time step is 
used as an input for making the current time-step forecast, we use an independent 
model for each time step. This is to ensure that large errors in predictions from pre-
vious time steps do not propagate through the model (A trade-off is that accurate 
predictions from previous time steps are not incorporated in the prediction for the 
current time step.) Ensemble Kalman Filter (EnKF) [100] is an approximate form of 
Kalman filter that is particularly suited for practical applications. It represents the 
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distribution of the state with sample mean and covariance which makes the filter 
updates computationally less expensive than the update steps of the Kalman filter. 
LSTM networks are purely data-driven models; typically, they do not assume any 
statistical properties on the observations. Deep learning models usually require a 
large amount of training data which is not available in the context of COVID-19. 
For counties with small populations where the surveillance data is sparse and noisy, 
training a single model for each such region is highly susceptible to overfitting. We 
employed a clustering-based approach that simultaneously learns COVID-19 
dynamics from multiple regions within the cluster and infers a model per cluster. 
Probabilistic forecasts are generated using MCDropout [101]. The compartmental 
model uses SEIR compartments to represent a county’s population. Due to time-
varying social distancing and variable prevalence/incidence across counties, we 
train each county model independently. The effects of social distancing measures 
and other adaptations are captured by the SEIR model’s temporally varying trans-
missibility term β which is estimated sequentially using a simulation-optimization 
approach called the Golden Section Search (GSS) [102]. We refer the reader to [22] 
for a detailed description of models and the corresponding training schemes 
employed.

Bayesian Model Averaging Ensemble (BMA)  Since there is considerable variation 
in the case counts across counties, unlike the strategies employed in [103, 104], we 
independently train a single BMA model per county. Considering K methods per 
county M1, M2, ⋯, MK, we assume that each forecast fk has a Normal distribution 

 fk k,σ
˜ 2







. In the BMA model, we assume that the probability of a forecast y given 

the mean of the individual forecasts is a Gaussian Mixture Model (GMM), 

p y f f f w g y fK
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K
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where wk is the posterior probability of the 

kth method’s forecast being the best one and is determined using τ training samples. 

The term gk is a normal probability density function with mean fk and variance σ k
2. 

We proceed to determine the weights wk and σk. The weights and variance parame-
ters of the GMM are obtained as the maximum likelihood estimate. It is to be noted 
that despite each method providing its uncertainty, we optimize further to refine it 
to obtain σk. Since the resulting log-likelihood function does not have an analytical 
solution, we employ the standard expectation-maximization (EM) algorithm [105, 
106]. The optimization procedure is iterative and alternates between the E-step and 
the M-step with the updates for wk and σk in the jth iteration given by
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The EM steps converge to a local minimum and the estimates are highly sensitive to 
initialization. For a detailed discussion on initialization we refer to [105, 106].

�Results

Forecasts and Weights Distribution  In an attempt to understand the spatio-tempo-
ral pattern of the dominant methods (i.e., methods with the highest weight) we pres-
ent choropleth maps of US counties (Fig. 9.4a) where each county’s color indicates 
the method with the highest weight for that particular week. In August 2020, we 
observed a nearly uniform distribution of weights. In November 2020, ARIMA 
appeared to dominate while in December 2020, the SEIR model is dominant. 
Figure 9.4b provides an insight into the number of counties for which a method is 
chosen for a particular week. The heat maps shown in that figure suggest that 
ARIMA gets picked by many counties consistently; while methods like EnKF dom-
inate initially, LSTM starts to get higher weights for a lot more counties in the later 
months. Visual inspection indicates a spatio-temporal variation in the domination of 
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Fig. 9.4  Weights distribution: (a) Spatial distribution of methods with the highest weights for a 
county across three different forecast weeks. (b) A heatmap depicting the temporal evolution of the 
dominant methods across forecast weeks
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methods. We next provide a quantitative evaluation of the ensemble and its constitu-
ent methods using standard metrics.

A Comparison of Individual Methods  We evaluated 22  weeks of forecast data 
starting from the first week of August 2020 to the second week of January 2021 for 
all 3142 counties of the US. The performance across 1-, 2-, 3-, and 4-week ahead 
targets (horizon) are evaluated separately. Since county-level incident cases are 
typically small values, in all the evaluations, we consider only counties with 
observed forecast values greater than 10 cumulative cases. We employ MAE (cf. 
section “Metrics for Forecast Evaluations”) for comparing the point forecasts.

First, we consider the overall performance of each method by computing the 
MAE across all the forecast weeks and counties. The results are shown in Fig. 9.5a, 
and they indicate that the average performance of individual models is similar. Also, 
the performance of the BMA ensemble is comparable to, if not better than, the best 
performing model which is in accordance with previous observations made in [99, 
107]. The average performance of the methods across all counties for each forecast 
week is shown in Fig. 9.5b. As can be observed from that figure, in comparison to 
most methods, the BMA has lower variations.
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performance of individual 
methods and the BMA 
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using the MAE computed 
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forecast dates. The results 
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Relative Importance of Methods  We performed ablation analysis by omitting the 
forecast of a specific method in the ensemble. The ensemble is retrained, and its 
performance is compared with the BMA method trained using all models. In 
Fig. 9.6a, we show the results of this experiment. The significant drop in perfor-
mance seen in that figure can be attributed to large errors incurred by making poor 
forecasts for counties with large numbers of cases. Further, this can be explained 
using Fig. 9.6b, where we compute the percentage change in MAE after the removal 
of a method. Let MAE(K) denote the MAE for the BMA with all K models and let 
MAE(K − 1) denote the MAE of the BMA with a specific method removed. The per-

centage change in performance is computed as
 

MAE MAE

MAE

K K

K

( ) −( )

( )
− 1

. We picked 

some of the top COVID-19 hit counties and determined the best performing method 
across all weeks for that county. For Maricopa County, Arizona, the SEIR model 
had the highest weights for eight weeks. When the SEIR model is dropped from the 
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Fig. 9.6  Ablation analysis to study the relative importance of individual methods that feed into the 
BMA ensemble. The MAE is computed across all counties and forecast weeks. (a) A comparison 
of forecast performances of BMA(K) with the other K BMA(K − 1) models. (b) Percentage change in 
MAE for a few county forecasts after dropping the most picked method (computed across forecast 
weeks) with respect to the MAE of BMA with all methods included. The number of times a 
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ensemble and the weights retrained, the relative change in performance is 1576.1%. 
This significant change indicates that the other methods could not compensate for 
the SEIR model.

A Comparison with The Hub Models  To date, forecasts from over 100 models 
generated by dozens of teams have been submitted to The Hub, with the number of 
submissions varying every week. Only a handful of teams have been consistently 
providing county-level forecasts among the many teams. In order to make a fair 
comparison, we only consider teams that have been providing consistent forecasts 
across most counties and targets since August 2020. We employ the WIS metric 
defined by Eq. (9.3) for comparing the interval forecasts. Since there are over 3000 
counties in the US, using the average of the scores computed across all the counties 
does provide a reasonable indication of a model’s performance. However, it does 
not indicate the number of locations over which a model has provided low scores, 
which is essential for understanding a model’s ability to provide quality forecasts 
across heterogeneous county-level data. Hence, for each forecasting week, we cat-
egorize the forecasts from different teams into three equal-width bins, denoted by 
low, medium and high, based on all the model WIS scores obtained for the particu-
lar week. Figure 9.7a, b, show the number of locations for which a each model had 
low WIS scores for one and four weeks ahead forecasts, respectively. Initially, the 
University of Virginia ensemble model (UVA-Ensemble (red)) had relatively poor 
performance; however, since December 2020, it has picked up and is comparable to 
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9  AI Techniques for Forecasting Epidemic Dynamics: Theory and Practice



212

the COVIDhub ensemble. It is to be noted that the COVIDhub ensemble consumes 
a suite of individually-tuned sophisticated models. Our trained BMA ensemble 
model can provide forecast performances comparable to the COVIDhub ensemble 
using relatively simple models. Since June 2021, The Hub has also deployed a 
trained ensemble with promising performance [108]; however, that ensemble is still 
not considered their primary model for forecast communication. We note that dur-
ing July 2021 (the period of the Delta wave) most models were unable to capture the 
surge and exhibited poor performance. In fact, The Hub ‘s baseline model,the per-
sistent forecast model (forecast value for the next week is the same as the current 
week’s observed value) has a better performance.

�A GNN-Based Spatio-Temporal Model

As discussed in section “Introduction”, network-based compartmental models are a 
promising alternative to capturing the spatio-temporal dynamics of disease spread. 
However, it is challenging to employ those models due to their high computational 
requirements and data-related issues. Graph neural network models, also referred to 
as GNNs, are specifically designed to consume and extract patterns in graph data, 
where graphs are used to specify the connectivity among regions. However, GNNs 
have a large number of model parameters and require sufficiently large training 
data. Existing spatio-temporal forecasting models [109–114] have been shown to 
work well for applications such as traffic forecasting. However, these models tend 
to overfit when deployed on epidemiological signals as the data is sparser and nois-
ier than traffic data. Also, some existing spatio-temporal epidemic forecasting mod-
els [65, 67] whose parameter size increases with the number of nodes in the graph 
failed to forecast over a large number of regions. In addition to the complexity issue, 
these models do not leverage the underlying physical phenomenon (i.e., the causal 
model) that governs the evolution of the target signal. The area of theory-guided 
data science [115] attempts to address this issue and demonstrate that incorporating 
domain knowledge into data-driven models can help to improve the performance of 
spatio-temporal forecasting algorithms. In the context of epidemiological signal 
forecasting, there have been a few efforts considering spatio-temporal forecasting 
[65, 67, 75]. We will now discuss one such effort that focuses on the specific task of 
COVID-19 forecasting.

A Causal-based Neural Network, referred to as a CausalGNN, attempts to jointly 
learn embeddings related to the spatio-temporal data (i.e., dynamic graphs) and the 
causal model (referred to as epidemiological context henceforth) represented by all 
the parameters and features corresponding to the disease models (e.g., S, I, R counts 
and other disease-specific parameters). Specifically, the framework has the follow-
ing components.

•	 An attention-based dynamic GNN module that embeds spatial and temporal sig-
nals from disease dynamics using a connectivity network. The number of param-
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eters in this module is agnostic to the number of regions and hence scale 
independent.

•	 A causal module encodes the single-patched compartmental model signals to 
provide epidemiological context. Unlike traditional network-based compartmen-
tal models, in this approach, the patches are connected via a learned GNN, and 
the calibration is done through computationally efficient GNN training.

•	 In order to ensure the flow of spatio-temporal information into the epidemiologi-
cal model and vice versa, we allow for interaction between the causal and GNN 
modules. This is realized using a causal encoder which encodes causal features 
through node embedding. Similarly, the causal decoder is used to infer causal 
model parameters.

�Additional Details Regarding the Framework

We assume N regions in total and define a dynamic graph G V E T, ,( ) on the N 
regions, where   is the set of N nodes, E V V⊆ ×  is the set of directed edges, and   
is the set of T time points. At each time step t, the graph  is associated with a fea-
ture matrix Ct ∈ ℝN × C where C is the number of features and the graph nodes con-
nected via an adjacency matrix At ∈ ℝN × N. As mentioned earlier, it has two major 
modules: (i) an attention-based dynamic GNN module to capture the spatial and 
temporal disease dynamics via graph-based neural networks and (ii) a causal mod-
ule to provide epidemiological context for GNN learning via ordinary differential 
equations that are applied at the node level. Each node runs its SIRD simulations 
using parameters inferred by the GNN module. Then at every time step, the nodes 
feed the simulation outputs back to the GNN module. The two parts learn mutually 
via the causal encoder and causal decoder layers. An illustration of the framework 
is shown in Fig. 9.8. Additional details regarding the modules, encoding mecha-
nisms, optimization strategies, and the architecture are provided in [116].

�Forecasting Performance

We evaluate our CausalGNN-based method and all baselines on forecasting 
COVID-19 daily new confirmed case counts at global, US state, and US county 
levels. The collected COVID-19 datasets are split into training-validation datasets 
(from May 3, 2020 to March 20, 2021) and testing datasets (from March 21, 2021 
to April 23, 2021). For each targeted data point in a testing dataset, we make 7, 14, 
21, and 28  days ahead forecasting of the data point. We compare the proposed 
method with a wide range of baselines including mechanistic causal models SIR 
and PatchSEIR; statistical models AR and ARMA; DL models RNN, GRU, and 
LSTM; spatio-temporal DL models DCRNN, CNNRNN-Res, and LSTNet, 
STGCN, Cola-GNN, and STAN. Major observations and implications are high-
lighted in the following paragraphs. The other details of experimental results can be 
found in our paper [116].
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Fig. 9.8  A CausalGNN framework consisting of a causal module and an attention-based dynamic 
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Major Observations  The experimental results shown in the original paper [116] 
indicate that CausalGNN performs consistently better than the baselines across 
multiple scales and with increasing horizons. Two possible reasons for the better 
performance are the following: (i) our attention-based graph neural network archi-
tecture processes spatial and temporal signals efficiently and (ii) our method han-
dles epidemiological context via an SIRD (SIR model with an additional 
compartment for Deaths) model at the node level. When considering spatio-tempo-
ral forecasting models, epidemic forecasting models (e.g., Cola-GNN, STAN, and 
CausalGNN) outperform models proposed for traffic forecasting (e.g., DCRNN, 
LSTNet, and STGCN). SIR and PatchSEIR perform worse than data-driven meth-
ods, especially for long-term forecasting. Compared with GNN-based models 
including STGCN, Cola-GNN, STAN, and CausalGNN, the vanilla RNN, GRU, 
LSTM models perform well when the time horizon is 7 or 14 days. However, as the 
horizon is increased, their performance is lower. This highlights the importance of 
capturing spatial disease transmission patterns in the input data for long term fore-
casting. In most cases, the classic statistical methods (AR, ARMA) show a poorer 
performance than the classic RNNs (RNN, GRU, LSTM). This implies the impor-
tance of modeling non-linear patterns for achieving good forecasting performance. 
We also conducted an ablation study on three critical components of our CausalGNN 
framework: the causal module, graph structure, and attention mechanism. The 
results show that all three components play important roles in improving our mod-
el’s performance. Specifically, an adaptive adjacency matrix learnt by the attention 
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Fig. 9.9  Examples to demonstrate the impact of the causal module (csl). Locations at different 
spatial resolutions are considered. In all the examples, we observe that forecasts from CausalGNN 
are closer to the ground truth indicating the effect of the causal module. (a) Poland. (b) 
Massachusetts. (c) Carroll county

mechanism is crucial in capturing near-future dynamics. The Graph structure has 
the most impact in improving long-term forecasting performance. This agrees with 
the belief that incorporating cross-spatial signals is crucial for a good epidemic 
forecasting model. The results also demonstrate the effectiveness of the causal mod-
ule in improving the epidemic forecasting performance.

Epidemiological Context  In Fig. 9.9, we present examples of the causal module’s 
(abbreviated as csl) impact by comparing 7 days ahead forecasts of 2021-04-18 by 
CausalGNN (blue dots) and CausalGNN w/o csl (red crosses) in Poland, 
Massachusetts, and Carroll County. Both solid lines and dots are smoothed, and the 
shaded area is the input window. One can observe the following: (i) CausalGNN 
makes better forecasts than CausalGNN w/o csl (i.e., the blue dots are closer to the 
black curves than the red crosses on the forecasting day). This means that the causal 
module proposed in our model can help in improving the model’s performance; (ii) 
the causal module in CausalGNN can generate intuitively meaningful curves 
(orange curves) compared with the ground truth curves (black curves). This indi-
cates that CausalGNN can infer a mechanistic causal process by producing mean-
ingful causal parameters providing a meaningful epidemiological context for GNN 
learning. More examples and limitations are discussed in the paper [116].

�Theoretical Foundations for Forecasting in Network Models

�Overview

We present formal definitions of some short-term forecasting problems under the 
network model (introduced in section “Preliminaries”) and observe that these prob-
lems are computationally intractable. Our goal is to point out that computational 
complexity imposes limits on the efficient computation of solutions to some 
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forecasting problems, even when one ignores the other difficulties (such as noisy 
and time-varying disease parameters) associated with forecasting. We also mention 
some restricted versions of forecasting problems that can be solved efficiently. 
Finally, we briefly discuss approaches used by researchers to deal with computa-
tionally intractable forecasting problems in practice.

�Some Short-Term Forecasting Problems and Their 
Computational Intractability

Under the network-based SIR model discussed in section “Preliminaries”, a typical 
forecasting problem involves the computation of an epidemic parameter. Rosenkrantz 
et al. [30] present rigorous formulations of many forecasting problems under that 
model. An example of such a problem, denoted by Pr-Num-Inf-at (t, q, S), is the 
following.

Problem Pr-Num-Inf-at (t, q, S):
Input: An undirected network G(V, E), a transmission probability pe for each 

edge e ∈ E, a subset V′ ⊆ V of nodes that are infected at time 0, another subset S ⊆ V 
of nodes, an integer q ≤  ∣ S∣ and a time value t.

Requirement: Compute the probability that at least q nodes of S get infected 
at time t.

Several variants of the above problem have also been formulated in [30]. Here, 
we will mention two of these variants. For all of these variants, the input is the same 
as that of Pr-Num-Inf-at (t, q, S); the difference is in the parameter to be computed. 
For the variant denoted by Pr-Num-Inf-by (t, q, S), the quantity to be computed is 
the probability that at least q nodes of S get infected by time t. For the variant 
denoted by Pr-Peak-Inf-at (t), the goal is to compute the probability that the num-
ber of new infections reaches a peak at time t. In short-term forecasting problems, 
the parameter t is a small value (such as 2 or 3). Thus, all of these problems require 
the computation of epidemic parameter values for just a few time steps into 
the future.

Despite the short-term nature of these problems, it is observed in [30] that all of 
the above problems are computationally intractable. Specifically, it is shown that 
these problems are #P -hard [117]; that is, these are the hardest problems in the 
complexity class #P. A direct implication of this result is that if there is an efficient 
algorithm for any of these forecasting problems, then there is an efficient algorithm 
for every #P -hard problem. Some examples of #P -hard problems are given below; 
many other examples are presented in [117, 118]).

(a)	 #SAT: Given a Boolean formula F in conjunctive normal form5 (CNF), 
compute the number of assignments of Boolean values to the variables of F for 
which F evaluates to true.

5 A Boolean formula in conjunctive normal form [117] consists of clauses which are connected 
together by the AND operator. Each clause itself is the OR of negated or unnegated forms of a 
subset of variables.
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(b)	 #Perf-Match: Given an undirected bipartite graph H(V1, V2, E), where 
∣V1 ∣  =  ∣V2∣, compute the number of perfect matchings6 of H.

(c)	 Path-Prob: Given an undirected graph G(V, E), a failure probability pe for 
each edge e ∈ E and two distinct nodes v1 and v2, compute the probability that there 
is a path between v1 and v2 when each edge e fails with probability pe.

It is widely believed that none of the #P -hard problems can be solved efficiently 
[117, 119]. Thus, an efficient algorithm for any of the forecasting problems defined 
above would completely change our understanding of computational complexity.

Transforming a #P -Hard Problem into a Forecasting Problem  We now illustrate 
through an example how a known #P -hard problem can be transformed into one of 
the forecasting problems mentioned above. This transformation is such that an effi-
cient algorithm for the latter problem would imply a similar algorithm for the for-
mer. Following [30], we use a special version of the #SAT problem mentioned 
above. In this special version, which we refer to as #M2SAT, each clause contains 
exactly two unnegated variables. The #M2SAT problem was shown to be #P -hard 
in [120]. The target of the transformation is an instance of Pr-Num-Inf-at (t, q, S) 
problem with t = 2. Consider the following example of #M2SAT with four Boolean 
variables x1, x2, x3 and x4 and three clauses given by C1 = (x1 ∨ x2), C2 = (x3 ∨ x4) and 
C3 = (x1 ∨ x4). The transformation from this instance of #M2SAT to Pr-Num-Inf-
at (t, q, S) (with t = 2) is as follows.

	1.	 The underlying graph has the following nodes: (i) a special node v0, (ii) four 
nodes v1, v2, v3 and v4 that correspond to the four variables x1, x2, x3 and x4, and 
(iii) three more nodes w1, w2 and w3 that correspond to the three clauses C1, 
C2 and C3.

	2.	 There is an edge between v0 and vi for i = 1,2,3,4. For each such edge, the prob-
ability value is 0.5.

	3.	 For each node wj corresponding to clause Cj, there are edges between wj and the 
nodes corresponding to the variables in Cj. (Thus, in our example, node w1 has 
edges to v1 and v2, node w2 has edges to v3 and v4 and node w3 has edges to v1 and 
v4.) The probability value for each of these edges is 1.0.

	4.	 At time 0, node v0 is in state I; all the other nodes are in state S.
	5.	 To complete the specification of the Pr-Num-Inf-at (t, q, S) instance, we let 

t = 2, q = 3 and S = {w1, w2, w3}. (Thus, for the resulting Pr-Num-Inf-at (t, q, S) 
instance, we need to compute the probability that all the nodes in S get infected 
at t = 2.)

The resulting instance of the Pr-Num-Inf-at (t, q, S) problem is shown in 
Fig. 9.10. In that figure, the graph on the left represents the occurrence of Boolean 
variables in the clauses. (For example, the presence of variables x1 and x2 in clause 
C1 is represented by adding edges from the node C1 to the nodes x1 and x2.) The 
graph on the right shows the SIR model network for the Pr-Num-Inf-at (t, q, S) 

6 A matching M of a bipartite graph H(V1, V2, E) is a subset of edges so that no two edges are inci-
dent on the same node. When ∣V1 ∣  =  ∣ V2 ∣  = n, a perfect matching of H is a matching of size n.
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Fig. 9.10  Example to show a transformation from #M2SAT to Pr-Num-Inf-at (t, q, S), where 
t = 2, q = 3 and S = {w1, w2, w3}. The graph on the left represents the occurrence of the Boolean 
variables x1, x2, x3 and x4 in the three clauses C1, C2 and C3 of the #M2SAT instance. The graph on 
the right is the network corresponding to the Pr-Num-Inf-at (t, q, S) instance. The graph on the 
right is obtained by making a copy of the graph on the left (with nodes relabeled) and adding the 
node v0 and the four edges from v0. At time 0, node v0 is in state I while all the other nodes of the 
graph on the right are in state S

instance. From the figure, the reader can see the one-to-one correspondence between 
the node sets {x1, x2, x3, x4} and {v1, v2, v3, v4}, as well as that between the clause set 
{C1, C2, C3} and node set {w1, w2, w3}.

It can be verified that of the 24 = 16 possible assignments to the four variables x1, 
x2, x3 and x4, only 8 of them satisfy all the three clauses C1, C2 and C3. Thus, the 
probability that an assignment to the four Boolean variables chosen uniformly ran-
domly from the set of all 16 assignments satisfies the given CNF formula is 
8/16 = 1/2. We can informally argue that the answer to the Pr-Num-Inf-at (t, q, S) 
created by the above construction is 8/16 = 1/2 as follows. Recall that S = {w1, w2, w3}. 
From the graph in Fig. 9.10, it is seen that since v0 is the only node that is in state I 
at time 0, any of the nodes in S can infected only at t = 2. Any subset of Z = {v1, v2, v3, v4} 
that gets infected at time 1 can be thought of as an assignment of values to the 
Boolean variables x1, x2, x3 and x4 as follows: xi is set to 1 iff vi is infected at time 1, 
1 ≤ i ≤ 4. Further, since the probability value on each edge between a node in Z and 
one in S is 1.0, for all the the nodes in S to be infected at t = 2, the subset of Z that 
is infected at time 1 must correspond to a satisfying assignment to the CNF formula. 
Since the probability on each of the four edges {v0, vi}, 1 ≤ i ≤ 4 is 0.5, the probabil-
ity of any specific subset of Z getting infected at time 1 is 1/16. Since only 8 of the 
16 assignments satisfy the CNF formula, the probability that the three nodes in S get 
infected at t = 2 is 8/16 = 1/2.

By presenting the above argument in a more general form, it is shown in [30] that 
if the CNF formula F (which is part of the #M2SAT instance) has n variables and 
the number of satisfying assignments to F is N, then the answer to the resulting Pr-
Num-Inf-at (t, q, S) instance is N/2n. Thus, knowing the answer to the Pr-Num-Inf-
at (t, q, S) instance, one can efficiently find the value of N. This argument establishes 
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the #P -hardness of Pr-Num-Inf-at (t, q, S). By modifying this construction suit-
ably, #P -hardness of other forecasting problems are established in [30]. Through 
more intricate constructions, this reference also shows that the forecasting problems 
remain #P -hard even when the underlying graphs are from special graph classes 
(e.g., power-law graphs, small-world networks). Further, these hardness results are 
also extended to other epidemic models (such as SIS, SI and probabilistic threshold 
models) and to other forecast parameters (e.g., takeoff value, takeoff time) defined 
in [24].

Some Efficiently Solvable Or Approximable Forecasting Problems  While many 
short-term forecasting problems are computationally intractable, efficient algo-
rithms or approximation algorithms are presented in [30] for some restricted ver-
sions. We mention some of these results below. For example, it is shown that the 
Pr-Num-Inf-at (t, q, S) and Pr-Num-Inf-by (t, q, S) problems can be solved effi-
ciently when t = 1. This result, which points out the tightness of the computational 
intractability result for t = 2, is established by defining a more general formulation 
that captures many such forecasting problems and presenting an efficient dynamic 
programming algorithm for the general formulation. Further, efficient approxima-
tion algorithms are presented for some versions. For example, when t and ∣S∣ are 
fixed, it is shown that the Pr-Num-Inf-by (t, q, S) problem can be efficiently approx-
imated by transforming the problem to that of computing the number of satisfying 
assignments to a Boolean formula in disjunctive normal form7 (DNF), and using a 
known approximation algorithm [121] for the latter problem.

Approaches to Handle Computationally Intractable Forecasting and Related 
Problems  The computational intractability results for forecasting problems dis-
cussed above point out some fundamental limitations on the efficient solvability of 
such problems. However, these results do not rule out the possibility of algorithms 
that work well in practice. They suggest that practical approaches for dealing with 
such problems should try to exploit special properties of problem instances. For 
example, some restrictions that lead to efficiently solvable or approximable prob-
lems were mentioned above. Similar results for other computationally intractable 
problems involving epidemic dynamics have appeared in the literature. For instance, 
efficient approximation algorithms for the vaccine distribution problem have been 
developed [122, 123]; these algorithms rely on stochastic optimization techniques 
and spectral properties of the underlying networks. Researchers have also used heu-
ristic approaches for forecasting and related problems that work well in practice. 
For example, highly effective approaches based on standard AI techniques (e.g., 
belief propagation, message passing) in conjunction with other network analysis 
techniques have been developed for identifying the infection sources in network 
models (e.g., [87, 88, 124]). Thus, in addition to their importance from a founda-

7 A Boolean formula in disjunctive normal form consists of product terms which are connected 
together by the OR operator. Each product term is the AND of a subset of negated and/or unne-
gated variables.
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tional point of view, computational intractability results for problems in epidemic 
dynamics may also be useful in selecting appropriate practical approaches for deal-
ing with such problems.

�Discussion

Infectious disease forecasting is a rapidly evolving discipline with significant scope 
for improvement across tools, techniques, platforms, and policy-making. As dis-
cussed in previous sections, forecasting COVID-19 dynamics yielded important les-
sons. First, our work and that of others showed that simpler models are easy to set 
up and useful during certain pandemic phases. On the other hand, it became difficult 
to keep them regularly updated to handle ever-changing surveillance data caused by 
epidemiological and socio-behavioral processes. Second, providing weekly high-
resolution forecasts (e.g., at the county level) requires considerable scaling up and 
optimization of individual models. Understanding how the different data streams 
and modeling techniques can be integrated in a timely yet reliable fashion remains 
a challenge. The epidemic outcome being forecast (e.g., case counts, hospitaliza-
tions, deaths) can be used to guide interventions, supplement healthcare resources 
or shape public messaging. Third, the modeling community as a whole struggled to 
capture multiple waves of the pandemic; the speed at which cases increased and, in 
some cases decreased (e.g., the Omicron variant) made it very challenging to keep 
models updated. Several factors (e.g., the biology of the variants, surveillance and 
immunity data, and socio-political factors) contributed additional challenges to the 
modeling community. Existing frameworks such as the CDC Forecasting Hub (The 
Hub) did an outstanding job wrangling forecasts from multiple modeling teams to 
provide weekly updates to policymakers. Nevertheless, the community often failed 
to produce accurate and timely forecasts as a collective. Despite exhibiting good 
performance compared to individual models, an ensemble model’s forecast quality 
is dependent on the quality of its constituent models. Notwithstanding the efforts of 
the forecasting community, there is a considerable lack of understanding of disease 
dynamics as teams have struggled to predict the onset, growth rate, peak size, and 
duration of the various waves. Consequently, the ensemble models have suffered 
from outlying forecasts and have failed to detect local peaks [76], a trend that has 
also been observed in our ensemble model forecasts. These efforts have also identi-
fied gaps in our understanding and need for specific real-time data streams.

Despite these challenges, our work and others have demonstrated how a forecast-
ing pipeline based on a trained ensemble can still provide meaningful forecasts 
during a rapidly evolving pandemic. While we integrated methods from different 
modeling paradigms, an exhaustive search over the model space is challenging. 
Hierarchical model selection approaches along with ensembles that account for 
model complexity and diversity will help produce more robust frameworks.  
Methods to understand change points in pandemic dynamics also need to be 
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developed. Expert feedback as part of the loop is useful and can refine the objective 
functions by which the models are evaluated, leading to meaningful forecasts.

We conclude by discussing some related topics that we have not covered in detail 
but are essential; these topics will be the subject of future works.

Biosurveilliance  Biosurveillance generally refers to the systematic collection of 
disease-specific information from various sources such as hospitals, laboratories, 
pharmacies, weather monitoring systems, water management systems, etc. The data 
collected in this manner can be very useful in the early detection and monitoring of 
pathogen and disease outbreaks [125]. Syndromic (e.g., US Outpatient Influenza-
like Illness Surveillance Network (ILINet) [17]) and epidemiological surveilliance 
systems [126] help in monitoring and assessing the incidence of diseases. Genomic 
surveillance, which deals with pathogen sequences and studying of variants, is cru-
cial in understanding the pathogen dynamics and detecting variants of concern 
(VoC) [127]. These systems have gained traction through several large-scale initia-
tives [128, 129]. Genomic surveilliance data holds crucial information related to 
transmissibility and competing pathogen strains; it is crucial to incorporate this 
information in forecasting syndromic or epidemiological data. In addition, there is 
considerable benefit in developing models for forecasting mutation rates and the 
evolution of variants. Many important questions arise when one focuses on forecast-
ing viral (more broadly pathogen) dynamics; examples of such questions include: 
(i) when will a new variant emerge in a given region? (ii) when/if will a new version 
become a dominant variant? (iii) what are the chances of a spillover event for a new 
pathogen/virus? (iv) will the spillover event lead to a sustained spread in the human 
population? These are just some of the forecasting issues pertaining to viral 
dynamics.

Social Contagions  As discussed earlier and observed during the COVID-19 pan-
demic, the spread of a virus through human populations is accompanied by the 
spread of corresponding social and behavioral contagions. Forecasting the spread of 
these co-evolving contagions is central in understanding the pandemic dynamics. 
Again, a multitude of questions arise when studying social and behavioral conta-
gions during a pandemic. Examples of such questions include: (i) will vaccine 
acceptance reach a given threshold by a given time? (ii) when can one expect (say) 
75% of the population to wear masks at all times outside their homes? (iii) how fast 
will misinformation related to a given drug spread? (iv) how long after a complete 
lockdown can we expect the infection rate to fall below a given threshold?

Forecast Communication  The primary motivation for forecasting efforts is to help 
public health agencies understand and mobilize resources effectively. In addition, 
effectively communicating epidemic forecasts, similar to weather forecasts, can 
help create awareness and better behavioral adaptations among the general public. 
Summarizing the forecasts, especially during periods of high variability in the qual-
ity of forecasts, is particularly challenging as the summaries could create panic and 
distrust in epidemic modeling.
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Chapter 10
Regulatory Aspects on AI 
and Pharmacovigilance for COVID-19

Vincenzo Salvatore

�What Does Artificial Intelligence Mean According 
to Legal Definition?

AI is a computer science field where the computer is trained to perform tasks that 
normally require human intelligence.

Nevertheless, AI is an umbrella term entailing a broad meaning that covers a 
wide range of technologies, such as machine learning and automated operations.

In other words, AI can exist in software only (e.g., image analysis software, 
search engines, subject recognition systems) or can be embedded in hardware 
devices and interact with the physical world (e.g., robots, machines, sensor 
application).

The diversity of methods and applications of AI implies the still lack of a single 
agreed standard or definition of AI.

Pursuant to the legal definition set out in the recently proposed EU Regulation lay-
ing down harmonised rules on artificial intelligence (Artificial Intelligence Act), ‘arti-
ficial intelligence system’ (AI system) means ‘software that is developed with one or 
more of the techniques and approaches … and can, for a given set of human-defined 
objectives, generate outputs such as content, predictions, recommendations, or deci-
sions influencing the environments they interact with’.

A broader non-legal notion of AI more commonly used in computer science 
encompasses iterative, ‘learning’ algorithms that utilise (big) data and high comput-
ing power to make interpretations, predictions, or decisions in an autonomous or 
semi-autonomous fashion that could be seen to imitate intelligent behaviour.
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�AI and Health

AI is widely used to detect diseases and abnormalities through real-time pattern 
recognition and image processing, speeding up diagnosis and treatment.

Thanks to AI facilitated access to broader datasets increases the potential for 
healthcare professionals to better understand the patterns and symptoms of their 
patients and therefore provides better feedback, guidance and support to healthcare 
professionals and caregivers.

AI has also the potential to tailor treatments and medicinal products development 
to specific patient needs and enhance engagement with stakeholders and partici-
pants in the healthcare system.

Finally, AI systems have the potential to relieve healthcare systems, and espe-
cially medical staff, by supporting routine tasks such as patient transport and 
reminding patients of their medication, and to remedy challenges posed by rapidly 
ageing populations.

�The European Union Legal Framework:  
A Work in Progress

The European Union approach to AI aims at ensuring that any AI improvements are 
based on rules that safeguard the functioning of markets and the public sector, and 
people’s safety and fundamental rights.

It is not AI as a technology that should be regulated: the type, intensity and tim-
ing of regulatory intervention should solely depend on the type of risk incurred by 
the use of an AI system; underlining, in this regard, the importance of distinguishing 
between a minority of ‘high-risk’ and the vast majority of ‘low-risk’ AI use causes. 
Only the former category indeed demands legislative safeguards, businesses should 
self-regulate ‘low-risk’ technologies by choosing measures that deliver the best 
outcomes.

To help further define its vision for AI, the European Commission developed an 
AI strategy proposing measures to streamline research, as well as policy options for 
AI regulation, which fed into work on the AI package.

The European Commission’s AI package published in April 2021 proposes new 
rules and actions to turn Europe into the global hub for AI and it mainly focuses on 
two areas: excellence in AI and trustworthy AI.

The EU AI package consists of a Communication on Fostering a European 
Approach to Artificial Intelligence, complemented by the Coordinated Plan with 
Member States: 2021 update and the proposal for an AI Regulation laying down 
harmonised rules for the EU (Artificial Intelligence Act).
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The Commission’s initiative intends to address the risks generated by specific 
uses of AI through a set of complementary, proportionate and flexible rules. This 
also feeds the ambition of Europe for playing a leading role in setting the global 
gold standard.

The proposed legal framework for AI introduces a clear, easy to understand 
approach, based on four different levels of risk: unacceptable risk, high risk, limited 
risk, and minimal risk.

The legislative initiative was anticipated by a White Paper on Artificial 
Intelligence published by the European Commission in February 2020 followed by 
a public consultation between February and June 2020.

In its White Paper the Commission identifies the need to establish a risk-based 
legal framework for AI, covering high-level ethical standards combined with appro-
priate liability rules and sector-specific provisions, while at the same time providing 
the private sector with enough flexibility, practicability, and legal certainty to 
develop new business models based on AI technologies.

Stakeholders in their large majority shared the European Commission’s approach 
to the design of a regulatory framework for AI (e.g. regulation, certification and 
labeling) and supported the revision of the existing Product Liability directive to 
cover particular risks engendered by certain AI applications.

For its part, the European Parliament adopted in October 2020 three resolutions 
on AI covering ethics, civil liability, and intellectual property (IP). In particular, it 
was the legislative resolution by MEP Iban García del Blanco which urged the 
Commission to establish a comprehensive and future-proof European legal frame-
work of ethical principles for the development, deployment and use of AI, robotics 
and related technologies—including software, algorithms and data—in the Union.

Furthermore, the European Parliament’s Special Committee on Artificial 
Intelligence in a Digital Age (AIDA) presented its draft report in November 2021. 
The draft report highlights that the EU action should focus on fostering the enor-
mous potential of AI. It was voted by the committee in March 2022, and then fol-
lowed by a plenary debate and vote in May 2022.

�The Proposed EU Regulation (Artificial Intelligence Act)

The April 2021 AI regulation is the first ever attempt to enact a horizontal regula-
tion of AI.

It lays down: (a) harmonised rules for the placing on the market, the putting into 
service and the use of artificial intelligence systems (‘AI systems’) in the Union; (b) 
prohibitions of certain artificial intelligence practices; (c) specific requirements for 
high-risk AI systems and obligations for operators of such systems; (d) harmonised 
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transparency rules for AI systems intended to interact with natural persons, emotion 
recognition systems and biometric categorisation systems, and AI systems used to 
generate or manipulate image, audio or video content; and (e) rules on market moni-
toring and surveillance.

The Commission proposes to establish a technology-neutral definition of AI sys-
tems in EU law and to lay down a classification for AI systems with different 
requirements and obligations tailored on a ‘risk-based approach’.

The legal scenario the European Commission is willing to frame focuses on the 
specific utilisation of AI systems and associated risks.

The risk-based approach  differentiates between uses of AI that create (1) an 
unacceptable risk, (2) a high risk, and (3) low or minimal risk.

Some AI systems presenting ‘unacceptable’ risks would be prohibited. A wide 
range of ‘high-risk’ AI systems would be authorised, but subject to a set of require-
ments and obligations to gain access to the EU market.

Those AI systems presenting only ‘limited risk’ would be subject to very light 
transparency obligations.

The list of prohibited practices comprises all those AI systems whose use is con-
sidered unacceptable as contravening Union values, for instance by violating funda-
mental rights.

The prohibitions cover practices that have a significant potential to manipulate 
persons through subliminal techniques beyond their consciousness or exploit vul-
nerabilities of specific vulnerable groups such as children or persons with disabili-
ties in order to materially distort their behaviour in a manner that is likely to cause 
them or another person psychological or physical harm.

Other manipulative or exploitative practices affecting adults that might be facili-
tated by AI systems could be covered by the existing data protection, consumer 
protection and digital service legislation that guarantee that natural persons are 
properly informed and have free choice not to be subject to profiling or other prac-
tices that might affect their behaviour.

The proposal also prohibits AI-based social scoring for general purposes done by 
public authorities. Finally, the use of ‘real time’ remote biometric identification 
systems in publicly accessible spaces for the purpose of law enforcement is also 
prohibited unless certain limited exceptions apply.

As mentioned above, while generally supporting the Commission’s proposal, 
stakeholders and experts call for a number of amendments, including revising the 
definition of AI systems, broadening the list of prohibited AI systems, strengthening 
enforcement and redress mechanisms and ensuring proper democratic oversight of 
the design and implementation of EU AI regulation.

The proposed legislation will apply erga omnes, i.e.: to providers placing on the 
market or putting into service AI systems in the Union, irrespective of whether 
those providers are established within the Union or in a third country; to users of AI 
systems located within the Union and providers and users of AI systems that are 
located in a third country, where the output produced by the system is used in 
the Union.
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�The Use of AI in Research and Developing Medicinal Products 
and Monitoring Their Quality, Safety and Efficacy

Pharmaceutical companies and medical devices manufacturers are constantly and 
increasingly challenged by the impact of new technologies in performing their 
respective activities.

Opportunities to apply AI occur at all stages of a medicinal product’s lifecycle.
The benefits stemming from the use of AI have been highlighted across the dif-

ferent phases a medicinal product goes through from target validation and identifi-
cation of biomarkers to annotation and analysis of clinical data in trials, to 
pharmacovigilance activities and clinical use optimisation.

As recently highlighted by the International Coalition of Medicines Regulatory 
Authorities (ICMRA), this range of applications brings with it regulatory chal-
lenges, including the transparency of the algorithms themselves and their meaning, 
as well as the risks of AI failures and the wider impact these would have on its 
uptake in pharmaceutical development and ultimately on patients’ health.

In principle, AI systems appear suitable for the detection of safety signals.
Actually, it has been noted that the current signal detection and management 

tools have a heavy manual component that may be hard to sustain in the future, 
partly due to the growing data from increased ADR reporting worldwide.

The challenge in implementing AI solutions will lie in getting the balance right 
between AI and human oversight of signal detection and management, which may 
vary according to the risk of the medicinal product(s).

Regulatory guidelines for AI development and use with medicinal products 
should be developed in several areas, including data provenance, reliability, trans-
parency and understandability, validity (construct, content, external etc.), develop-
ment and use for pharmacovigilance purposes, real-world performance and 
monitoring.

In addition, there is also potential for such AI use to discover safety signals that 
are more difficult to detect with current methods, such as drug-drug interactions, 
drug-disease interactions, medication errors, secondary malignancies, changes in 
frequency and severity of known events, patterns of use in medications, and misuse.

Nonetheless, the application of the concerned software would require the mar-
keting authorisation holder company to gain specialist expertise in AI, data quality 
and pharmacovigilance signal detection in order to best govern its use.

On the other hand, if the AI is operated by a third party, reassurance will be 
needed that the concerned third party does not trigger any dispute on any of the 
responsibilities of the sponsor and that the tool could be inspected by regulators. At 
this regard, it is crucial that software updates that affect the data are promptly com-
municated to regulators.

Of course, the company would be responsible to assess the effectiveness of 
updates: such as new methods, new algorithms, new tools for signal detection. This 
would be subject to internal audits and regulatory inspections.
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The scientific or clinical validation of AI use would require a sufficient level of 
understandability and regulatory access to the employed algorithms and underlying 
datasets. Regulators may need to elaborate a risk-based approach to assessing and 
regulating AI, and this could be informed through exchange and collaboration in 
ICMRA. Legal and regulatory frameworks may need to be adapted to ensure such 
access options.

In addition, limits to validation and predictability may have to be identified and 
tolerated when, for example, the AI is to learn, adapt or evolve autonomously.

Another relevant important step forward would be related to the appointment of 
a Qualified Person responsible for AI/algorithm(s) oversight compliance (similar to 
what is required for pharmacovigilance or medical devices), clearly identifying its 
role and responsibilities.

�The Added Value Brought Using Artificial Intelligence 
in Performing Pharmacovigilance Activities in General 
and During the COVID-19 Pandemic

The safety of medicinal products is one of the major concerns and at the same time 
one of the major threats once a new medicinal product has been placed onto 
the market.

Pharmacovigilance is generally defined as the science relating to the detection, 
assessment, understanding, and prevention of adverse effects and other drug-related 
safety problems.

Pharmacovigilance activities include the collection and assessment of safety 
related information to determine the benefit/risk impact of a given medicinal prod-
uct, the adoption of risk management strategies to minimise risks associated with 
the use (and misuse) of medicinal products and the setting of provisions governing 
sharing of information and communication of any risk to the public and healthcare 
professionals.

The fight against COVID-19 has both accelerated research and development of 
new technologies, mainly relying on AI processes, with the aim to improve and 
speed up the signal detection and increased the need for industry and healthcare 
professionals and investigators to be able to use AI tools to improve the monitoring 
of current and future pandemics.

The way AI has been used as a tool to support the fight against the viral pandemic 
that has affected the entire world since the beginning of 2020 has been thoroughly 
analysed in an overview carried out by the Ad Hoc Committee on Artificial 
Intelligence (AHCAI) of the Council of Europe.

The use of AI tools in a pandemic or other health emergency situation has been 
and will have to be considered and adequately tailored in a way that will not gener-
ate excessive limitations on freedom of movement, undermine data protection prin-
ciples or increase the risk of establishing excessive surveillance regimes.
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The added value of pharmacovigilance compared to traditional safety monitor-
ing activities is that AI can use sophisticated algorithms to extract useful informa-
tion from the huge amount of healthcare data from the real world, dramatically 
improving the data collection and assessment speed and accuracy thanks to its 
learning and intrinsic self-correcting ability.

The accurate and timely handling the volume of adverse drug reaction generated 
by COVID-19 vaccines—due to the massive vaccination campaign around the 
world and the billions of people to whom vaccination was administered—would not 
have been and will not be possible without using AI tools.

AI additionally demonstrated to be a unique and indispensable tool to address the 
increasing demand for information adverse events of vaccines and medicines used 
either to treat or prevent the diseases generated by the COVID-19 pandemic and to 
promptly spread medical information answering to the uncountable number of live 
calls from the public that otherwise humans would have had to answer.

�Ethical Issues: A Few Caveats

In addition to the legal issues, the use AI technologies should also not be underesti-
mated with regard to its ethical implications.

Ethical guidelines would be welcome to introduce core values and principles 
such as the non-maleficence principle, the principle of respecting human dignity or 
the protection of the democratic process.

It is important to raise awareness on the need of a new regulatory framework for 
AI consisting of legal obligations and ethical principles for the development, 
deployment and use of artificial intelligence, robotics and related technologies 
which would ensure full respect of the principles set by the Charter of fundamental 
rights of the European Union and thereby respect human dignity, autonomy and 
self-determination of the individual, prevent harm, promote fairness, inclusion and 
transparency, eliminate biases and discrimination, including as regards minority 
groups, and respect and comply with the principles of limiting the negative exter-
nalities of technology used, of ensuring explainability of technologies, and of 
guaranteeing that the technologies are there to serve people and not replace or 
decide for them, with the ultimate aim of increasing every human being’s 
well-being.

It should also be emphasized the asymmetry between those who employ AI tech-
nologies and those who interact and are subject to them; in this context, stresses that 
citizens’ trust in AI can only be built on an ethics-by-default and ethics-by-design 
regulatory framework which ensures that any AI put into operation fully respects 
and complies with the Treaties, the Charter and secondary Union law.

Finally, it has to be noted that building on such an approach should be in line 
with the precautionary principle that guides Union legislation and should be at the 
heart of any regulatory framework for AI.

10  Regulatory Aspects on AI and Pharmacovigilance for COVID-19



236

�The Personal Data Protection Implications

In addition, pursuant to Article 16 of the TFEU, due attention shall be paid to the 
protection of individuals with regard to the processing of personal data.

The EDPB and the EDPS welcomed the risk-based approach underpinning the 
proposed EU regulation. However, this approach should be clarified and the concept 
of “risk to fundamental rights” aligned with the GDPR and the Regulation (EU) 
2018/1725 (EUDPR), since aspects related to the protection of personal data come 
into play.

The EDPB and the EDPS agree with the Proposal when it states that the classifi-
cation of an AI system as high-risk does not necessarily mean that it is lawful per se 
and can be deployed by the user as such.

Further requirements resulting from the EU data protection law may need to be 
complied with by the controller. Moreover, the compliance with legal obligations 
arising from Union legislation (including on personal data protection) should be a 
precondition to being allowed to enter the European market as CE marked product.

Considering the spread of AI systems across the single market and the likelihood 
of cross-border cases, there is a crucial need for a harmonized enforcement and a 
proper allocation of competence between national supervisory authorities. The 
EDPB and EDPS suggest envisaging a mechanism guaranteeing a single point of 
contact for individuals concerned by the legislation as well as for companies, for 
each AI system.

Regarding the codes of conduct, the EDPB and the EDPS consider it necessary 
to clarify if the protection of personal data is to be considered among “additional 
requirements” that can be addressed by these codes of conduct, and to ensure that 
the “technical specifications and solutions” do not conflict with the rules and prin-
ciples of the existing EU data protection framework.

�Provisional Conclusions

As we have witnessed during the COVID-19 pandemic, AI proved to be an unprec-
edented and unvaluable tool in monitoring the safety of medicines, unlocking a 
number of solutions that helped saving millions of lives.

It is undisputable that pharmacovigilance activities can make an additional great 
forward if driven by AI techniques.

The most important benefits of AI are definitely related to the reduction of cycle 
times in collecting and assessing a huge amount of safety information from the real 
world, managing different types of data formats and reducing the burden of case 
processing, and the mitigation of risk of human errors.
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Nonetheless, automatic decision-making in healthcare applications may pose 
risks to patients and current liability frameworks do not provide sufficient legal 
certainty over who is accountable in the event of misinterpretation of relevant infor-
mation through AI.

To realize the full potential of AI in health and achieve a widespread use of AI, 
maximizing its benefits, legal uncertainty, insufficient digital infrastructure and lack 
of AI skills will require additional attention from all the relevant stakeholders (leg-
islator, industry, healthcare professionals) in order to be overcome.
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Chapter 11
AI and the Clinical Immunology/
Immunoinformatics for COVID-19

Zikun Yang, Xiongye Xiao, and Paul Bogdan

�Introduction

First detected in late 2019, the SARS-CoV-2 has spread all over the world for the 
past 2 years, causing more than five million deaths. Coronavirus is still undergoing 
serious mutations and the pandemic is still challenging global public health. The 
emerging variants of SARS-CoV-2 such as Delta and Omicron also continue to 
bring additional challenges to our health.

In our effort to combat the COVID-19 pandemic, biomedical science plays an 
important and critical role in providing proper strategies for detecting, controlling, 
treating, preventing virus infections, and maintaining the stability of our society. In 
modern days, biotechnologies are evolving in a digitalized era. In many cases the 
biochemical materials in the viruses can be quantified into computable and process-
able sequenced information, the biochemical reactions can be simulated in a com-
puter through various computational frameworks, as well as the complex patient’s 
biomedical symptoms can be evaluated by a computational system. In this context, 
Artificial Intelligence (AI) plays a vital role in helping the traditional biotechnolo-
gies onto a new stage. For instance, AI can learn and summarize experience and 
knowledge for extremely efficient practical judgment, as well as shade light on 
many new biochemical findings. AI can also help us to efficiently analyze a large 
number of COVID-19 datasets, which cannot be done by traditional methods.
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In this section, we are going to introduce how AI helps us in the clinical immu-
nology and immunoinformatics for COVID-19. More specifically, we show how 
AI-based methods can be applied to design vaccine candidates. We also demon-
strate that the mutations of SARS-CoV-2 can be investigated by the computational 
model based on AI, which can help us design more robust vaccines against 
SARS-CoV-2.

�Challenge for Traditional Vaccines in COVID-19

There are tens of different vaccines in use or that have passed phase III clinical trials 
for COVID-19 and many of them are practically widely used all over the world. 
Hundreds of millions of people have already embraced and received the Pfizer-
BioNTech [1] or Moderna [2] vaccine, which are developed by the novel mRNA 
method. In China, more than 1.2  billion people were fully vaccinated with the 
Sinopharm’s [3] or Sinovac’s conventional inactivated vaccine. The viral-vector-
based Janssen COVID-19 vaccine [4] and protein-subunit-based Novavax [5], are 
also officially authorized by the Word Health Organization (WHO) for COVID-19. 
All those vaccines are showing good efficacy against the SARS-CoV-2, offering 
people strong protections against the infections. We sincerely appreciate the bio-
medical scientists contributing to vaccine research and development. Their compre-
hensive works help us control the spread of infectious diseases and save lives all 
around the world.

While people benefit from those state-of-the-art vaccines in the COVID-19 pan-
demic, we may also recognize their shortcomings, which in turn bring severe chal-
lenges for the traditional vaccine design methodologies. Here, we raise some of the 
major concerns regarding the existing design strategies for COVID-19 vaccines:

�Long Development and Design Period

If we recall the injection time of our first dose, those vaccines were put into practical 
use mostly in late 2020, while most people were fully vaccinated in 2021. By that 
time, the SARS-CoV-2 had already spread all around the world for more than a year 
and caused hundreds of millions of cases with several million deaths. It is impossi-
ble for the traditional vaccine design approaches to provide vaccine solutions while 
an infectious disease starts to emerge. Hence, the virus may already bring severe 
devastations before the vaccine solution starts to be used. For the most sophisticated 
conventional inactivated vaccine [6] strategies, the vaccine solution is developed 
based on growing pathogens that we first grow the virus then kill them and inject the 
inactivated viruses into human bodies. Before COVID-19, many other vaccines 
were developed in this way and were extremely successful even if the development 
was slow. However, growing the pathogens can take several months or even a year, 
not to mention the time to do clinical trials to test the efficacy, which is extremely 
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time-consuming. Unlike the traditional vaccines, mRNA vaccine [7] can skip the 
process of growing the virus, because researchers only need to focus and select their 
desired RNA fragments coding the vital proteins after the genome is sequenced out 
of the viral sequence and find a proper strategy to deliver the mRNA into the human 
bodies, based on various biomedical experiments. The mRNA techniques make it 
possible to start the clinical trials within 2–3 months, which is much faster than the 
inactivated vaccines. However, this time period is not short enough, which can still 
lead to numerous mutations and millions of cases. Biological and chemical experi-
ments take time, and the traditional strategies have to wait for the experimental 
results. Consequently, it is natural to ask whether we can speed up this process and 
design vaccine candidates within seconds from the moment of detecting the emer-
gence of a viral threat.

�Difficulties in Knowing and Optimizing the Efficacy 
and Side Effects

The inactivated vaccine makes use of the whole virus to trigger the immune 
response, which is a mature and reliable way to provide basic antibodies. We have 
different inactivated vaccines for COVID-19 developed by different companies, and 
they might vary in the production procedure and quality. However, the vaccine solu-
tion injected into the human bodies is always the killed whole virus, which means 
that from the moment we start cultivating the pathogens, the final vaccine is already 
decided. It is difficult to know by traditional methods in advance how well the inac-
tivated virus will work after the several-month growth especially when we do not 
know how the virus can evolve, what clades can emerge or what mutations are more 
likely to either exacerbate or diminish its virulence. It is also hard to predict what 
side effects it might have. In a word, for inactivated vaccines, researchers use sev-
eral months to grow a certain virus, then conduct biological experiments to validate 
the efficacy during the clinical trials. If there exist any shortages after the pathogens 
are successfully grown, we have to live with that. Since the original vaccine is 
already decided at the very beginning, we cannot truly optimize the side effects and 
improve the efficacy after the clinical trials. If there are some serious issues during 
the validation, the previous months of hard and comprehensive work might go 
as wasted.

Similar things can happen to the mRNA vaccine, too. The selected mRNA frag-
ment is still coding a certain part of the original virus proteins, which is large and 
fixed. For example, the Pfizer-BioNTech’s mRNA is the genome that codes the 
spike protein of the SARS-CoV-2. We cannot predict how it works before clinical 
trials in traditional ways. In addition, we cannot change any components of the 
original mRNA, so we live with these shortcomings during the experimental valida-
tion. Consequently, those traditional vaccine design approaches are based on the 
logic that, we use the exact same thing in the original virus, and we hope it works 
when we inject them into the human bodies. The protein subunit vaccine is a way to 
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discard some original parts that might cause side effects, while using the vital parts 
to build the immune defense line. However, targeting those important protein frag-
ments in traditional ways is extremely time-consuming.

�Uncertainties with the Development and Other Costs During 
Production, Storage, and Transportation

Assuming we are lucky that the killed pathogens or the selected mRNA fragments 
work, and can be put into use, then we have to provide the required environmental 
conditions throughout the production of the injections. The conditions are decided 
by the vaccine, and since the original virus is fixed, it is very hard to let the produced 
vaccines satisfy certain environmental conditions. The mRNA vaccines usually 
need to be kept in an ultra-cold environment, which leads to high storage and trans-
portation costs, even though the mRNA vaccines may be cheap and easy to produce. 
For inactivated vaccines, although the storage conditions for the killed viruses are 
not strict, the vaccine itself will be very expensive, due to the long-time production 
period. In traditional vaccine design, those situations need to be tested by a large 
number of experiments and are hard to be predicted before production.

�Hard to Tackle Unknown and Emerging Mutations of Viruses

As we mention before, the developing period for traditional vaccine design is very long, 
hence, we cannot rapidly develop a new vaccine solution if the existing one cannot deal 
with the emerging mutations of a virus. Moreover, when the vaccine is developed based 
on the original virus, it is common that the virus might already mutate to a new genera-
tion. Hence, to tackle such virus mutations, we should either develop a more efficient 
vaccine design method that can rapidly update the vaccine solutions when mutations 
occur or investigate the evolution of the virus in order to predict the possible mutations 
in advance and design the vaccine while taking these potential mutations into account. 
The traditional design approaches do not satisfy those two points.

�Existing AI Techniques Help the Traditional Vaccine 
Development in COVID-19

�AI Makes the Practical Experimental Results Computational

Deep learning [8] is one of the hottest topics across many different scientific fields. 
Generally speaking, in deep learning, the neural network can be seen as a complex 
‘formula’ capable of bridging or finding a mapping from the input information to 

Z. Yang et al.



243

the desired output information. An easy-to-understand example is that we input the 
value of every pixel of an image to the neural network, and the output value can tell 
us what this image is about if the parameters in the ‘formula’ are well-adjusted. In 
deep learning strategies, researchers frequently use a large amount of data in which 
the input and output are rightly bridged to adjust the network’s parameters and learn 
this “formula’, which is called the training process.

In recent years, researchers found that it is possible and more and more robust to 
use neural networks to process biomedical information, so that it can tell us about 
some important biological features from the heterogeneous datasets automatically. 
For example, the ToxinPred [9] is a popular computational tool based on AI to com-
pute whether the input protein sequence is toxic or not. Researchers use a large 
dataset with many toxic and non-toxic protein sequences, which are created and 
decided by chemical experiments, to train the neural network architecture. In this 
scenario, we can exploit this tool to simultaneously judge a large number of protein 
sequences and identify whether they are toxic or not in less than a second, without 
the need to conduct any biomedical experiments. The idea is to use the neural net-
work as a computational strategy to replace the redundant and time-consuming bio-
medical analyses and experiments so that we can have better accuracy and higher 
speed. Similar methodologies have been used in computing and predicting the dif-
ferent features in protein analysis or genome analysis, the interactions between dif-
ferent molecules, the structural formation of big molecules, and many other 
biological or chemical aspects.

�AI-Based Computational Tools Can Help the Traditional 
Vaccine Design

Here, we introduce some typical cases in which AI can help with the traditional vac-
cine design process.

	1.	 Protein analysis. While the inactivated vaccines and some mRNA vaccines are 
using the whole or part of the whole original viruses, some other vaccines like 
subunit protein vaccines are selecting some fragmental parts of the viruses and 
constructing them together as the final vaccines. Some mRNA vaccines are also 
selecting out the wanted partial proteins to trace back to the mRNA fragments. 
In such a vaccine design process, researchers might want to know which parts of 
the virus’s protein are the fragments they want. A very famous case is the 
Hepatitis B vaccine [10], in which the immunizing fragment was discovered as 
an antigen from the human blood, and of course, purifying the desired antigens 
from human blood is not easy. However, nowadays, the neural network architec-
tures trained on known human antigens can help researchers to discover poten-
tial antigens directly from the virus protein (i.e., Vaxijen). We also have other 
tools which can help researchers to know the stability, allergenicity, structures, 
suitable environments in advance. When the researchers want to find the protein 
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subunits to design a vaccine candidate, they can scale down their targets by 
exploiting the AI-based tools with good accuracy, to skip some time-consuming 
experiments. Also, for some preliminary vaccine models, the researchers can use 
those AI tools to check the protein features before the trials to discard some 
bad ones.

	2.	 Immune simulation. Many computational tools can now simulate how a vaccine 
will interact with the human immune system, and many of them take advantage 
of the AI technology to improve the accuracy (i.e., DeepImmuno [11]). The 
researchers can now use those AI tools to simulate the immune efficacy of their 
designed vaccines before clinical trials.

	3.	 Structure prediction. For any designed vaccine, its 3-dimensional structure is 
important, because it might affect the stability, whether some important parts are 
exposed on the surface, and many other things. For example, in a subunit protein 
vaccine, we do not want the antigens to be buried. Hence, researchers can use 
structure prediction approaches to identify and then modify the vaccine struc-
ture, before going to real production, to avoid the waste of time and resources. 
Neural networks can help with this modeling effort in many perspectives, for 
example, by computing the distance between different molecules.

There are many other perspectives in which the deep learning techniques can help 
the vaccine design. The traditional vaccines are still safe and easy-to-accept, and 
they are relatively more stable and reliable. In the meanwhile, AI plays a role cur-
rently to shorten the time we need to evaluate different features in the vaccine com-
ponents, and even for vaccine discovery. Those mature vaccine technologies can 
closely work with the modern AI.

�AI-Based In Silico Vaccine Design

With more and more AI tools for the evaluation of biochemical features of genome 
or protein sequences, developing the vaccines fully by computational methods is a 
very popular topic. The idea is to design the vaccine formulation based on the virus 
protein sequence information through computational approaches so that we can 
have several good vaccine candidates for clinical trials at a very fast speed, which is 
called in silico multi-epitope vaccine design. Epitopes are small proteins of the virus 
that can be recognized by our immune system and trigger the immune response. 
Multi-epitope vaccines are constructed by several vaccine subunits and each of the 
subunits represents a virus protein particle-containing multiple epitopes (or simply 
being an epitope) and having good protein functions (e.g., high antigenicity, low 
allergenicity, good structures), which are promising to induce a robust immune 
response against potential viral infections. This new vaccine’s design process is fast, 
its features and performance can be detailed and evaluated before biomedical exper-
iments, the vaccine components can be optimized with purpose so that many prob-
lems with the traditional vaccine design can be addressed.
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Figure 11.1a shows an overview of the in silico vaccine design process. The final 
vaccine candidate contains multiple protein fragments of the original virus, and we 
aim to select those fragments out, construct the vaccine with those fragments, and 
evaluate the final vaccine performance by AI-based computational methods. In what 
follows, we introduce the vital steps and the developed AI technologies:

	1.	 Predicting the epitopes on the viral protein. Identifying the epitopes is the most 
important aspect for computational vaccine design, which is the essential basis 
for selecting the protein fragments. Different types of epitopes (i.e., B-cell epit-
ope, CTL epitope, HTL epitope) that can be recognized by human immune cells 
can also be known by experimental experience and summarized into different 
datasets. Researchers train neural networks to classify the input protein sequences 
into two categories of epitope and non-epitope, based on the known epitope 
datasets. In this step, we input different overlapping viral protein fragments with 
different lengths into these AI-based epitope prediction tools to identify all the 
potential epitopes in the viral protein. There are many good prediction tools, 

Fig. 11.1  (a, b) Schematic diagram of in silico vaccine design process. (Reprinted with permis-
sion from [12])
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such as BepiPred [13] for B-cell epitope prediction, NetMHCpan [14] for CTL 
epitope prediction, NetMHCIIpan [15] for HTL epitope prediction. The deep 
learning or machine learning models in those AI tools can mostly achieve a very 
good accuracy from the computational validation, hence, the prediction perfor-
mance largely depends on how many existing epitopes the dataset covers and 
how well the dataset is designed. Consequently, as biomedical researchers dis-
cover more and more human epitopes, AI prediction will be more and more 
reliable.

	2.	 Selecting good viral protein fragments. The first thing is to target some of the 
good vital protein fragments with the desired length. We may select the protein 
fragments with multiple epitopes and have good epitope prediction scores, which 
is usually conducted by manual comprehensive evaluations based on the epitope 
prediction results. To further scale down to the final protein targets, we use dif-
ferent protein analysis tools on the selected candidates to check the protein fea-
tures. Many existing AI-based tools can help us with this analysis, including 
Vaxijen [16] for predicting protein sequence antigenicity, AllergenPro [17] for 
predicting protein allergenicity, Solpro [18] for predicting the solubility, ExPASy 
ProtParam [19] for physicochemical properties analysis, etc. Based on the pro-
tein analysis results, we may select our final protein fragments with good protein 
features as the vaccine subunits, then construct them with suitable linkers into 
our final vaccine.

	3.	 Structure predictions and other evaluations. Before the vaccine is finalized for 
clinical trials, we should check its structural features and the overall immune-
related performance. The structure predictions are usually supported by mathe-
matical models and deep learning methods, and popular tools include PSIPRED 
[20] for secondary structure prediction, RaptorX [21] for 3D structure modeling, 
GalaxyRefine [22] for 3D structure refinement, ProSA-web [23] for 3D structure 
validation, etc. We can further refine the constructed sequence based on the pre-
diction results. For other aspects of vaccine performance, we have iMOD to 
check the molecular dynamics, ClusPro for molecular docking, C-ImmSim for 
immune simulation, etc.

After the above process, we shall get a protein sequence which contains multiple 
good epitopes and has good biochemical features and good physical structures to be 
considered as a vaccine candidate for further clinical trials. This type of vaccine 
addresses the vital parts of the virus, discards the parts which might have side 
effects, and makes sure of the theoretical efficacy before clinical trials. Also, the 
vaccine can be further optimized based on later clinical trials. Most importantly, the 
whole design process is much faster than traditional vaccines (e.g., for one researcher 
works alone, he/she might take days or a few weeks to finalize several good compu-
tational vaccine candidates). This means that we can easily construct another one if 
the clinical trial is not good or mutation happens. In the COVID-19 cases, many 
computational vaccines are designed in early 2020.
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�Our Recently Proposed DeepVacPred Vaccine 
Design Framework

As we mentioned in the previous section, to date, the researchers have developed 
many AI-based tools, which contain various deep neural networks (DNNs) trained 
on different datasets, realizing the prediction of whether an input sequence can be a 
certain kind of epitope or can have certain protein functions. In summary, supported 
by these tools, the in silico vaccine design process can be seen as performing differ-
ent AI-based epitope predictions, evaluations and protein function analyses on every 
one of all the overlapping sequences from every virus protein fragment, then select-
ing good virus protein particles with a high number and quality of epitopes and 
good protein functions. Those AI-based tools do make the computational vaccine a 
relatively fast way to provide good vaccine solutions. However, the whole process 
is not efficient enough. In this process (see Fig. 11.2), most of the time will be spent 
on the comprehensive analyses of the prediction results from different AI frame-
works, which needs to be done manually, it is slow and inaccurate, as well as it still 
requires days or weeks to design vaccine candidates.

In a recent publication [12], we proposed the prototype of DeepVacPred vaccine 
design framework. Figure 11.1b shows the efficient vaccine design process based on 
this framework. The idea is to use a one-time deep neural network (DNN) computa-
tion to replace the time-consuming comprehensive evaluation. In this framework, 
the direct prediction of the vaccine subunits from the virus can be realized by super-
vised learning on a subtly designed dataset in which all the positive samples are 
potential vaccine subunits (See Fig. 11.3). For the positive samples, we first create 
millions or even billions of subunit candidates by bridging different B-cell epitopes 

Fig. 11.2  Existing in silico vaccine design methodology and limitations: Current in silico vaccine 
design strategies evaluate whether a protein sequence can be a vaccine subunit by exploiting epit-
ope prediction tools and checking on all of its overlapping fragments. Next, it evaluates the epitope 
scores. Consequently, when using them, we need to check the different protein functions of the 
whole sequence, which is very time-consuming. However, this process represents only one of the 
more than tens of thousands of protein fragments in a virus protein. The whole process requires a 
large amount of work, it wastes many computational resources, and the manual evaluation is 
highly inaccurate
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Fig. 11.3  The approach to building a DNN to directly predict vaccine subunits from the 
viral protein

and T-cell epitopes. We then use the required protein analysis AI tools in the com-
mon in silico vaccine design process to evaluate all the bridged candidates and to 
select the ones which have good protein features. Since the positive samples contain 
multiple epitopes as well as have good protein features, trained by this dataset, the 
DNN can directly identify the desired vaccine subunits, without the need to evaluate 
the AI outputs.

Since the speed of the DNN-based investigation is much faster and more accu-
rate than the manually comprehensive evaluation, the current framework has been 
proved to largely increase the vaccine design efficiency and efficacy, compared with 
current computational solutions. In the DeepVacPred framework, we directly 
achieve a small number of vaccine subunits in less than 1 s, and the whole process 
can be done within an hour. Compared with the current in silico vaccine design 
approaches, we make the following contributions:

	1.	 If any viral triggered pandemics like the COVID-19 occurs in the future, the 
DeepVacPred technology can help develop high-quality vaccines with high 
speed towards providing vaccine candidates to the clinical trials and medical 
therapies.

	2.	 The DeepVacPred technology is extremely useful against the viral mutations 
during a pandemic event. Several COVID-19 vaccines cannot fight the recently 
mutated SARS-CoV-2 strains. With traditional vaccine design solutions, we 
might need another year to create robust vaccines for the newly mutated virus. 
With DeepVacPred technology, we can rapidly develop new vaccine candidates 
against any emerging viral mutations. The proposed AI techniques in the 
DeepVacPred framework bring faster speed in the vaccine design process. In 
addition the DeepVacPred has the potential to bring the computational vaccine 
design process to a much faster and more efficient level.

Scientists can easily use our framework to select the vaccine subunits to design the 
vaccine. For instance, the input to DeepVacPred framework is a quantification 
expression of the amino acids sequence (around 30 aa in length). We use Z-descriptors 
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and ACC transformation to transfer the amino acid sequence into a fixed 45-number 
sequence. The output is the 2-class positive or negative classification.

�Artificial Intelligence for Investigating Viral Evolution 
and Mutations

�An Algorithmic Information Theoretic Approach to Discover 
the State Machine Generator Governing the Viral Sequence 
Structure and Enabling AI Strategies for Viral 
Mutation Prediction

To efficiently deal with lots of genomic datasets of SARS-CoV-2 variants, an effi-
cient mathematical model combining concepts from algorithmic information theory 
and AI has been proposed by using a state machine [24]. More precisely, the pro-
posed approach consists of two strategies: (1) To decode and capture the hidden 
long-range dependencies among the distant nucleotides in a viral RNA sequence, as 
well as to avoid the need for alignment or overcome noise related challenges, an 
algorithmic information theory inspired approach learns the state machine genera-
tor governing a viral sequence and represents the genomic sequence into fixed-size 
transition probability matrix. The state machine generator will represent contiguous 
nucleotide sequences as state probabilities and encode their short- and long-range 
dependencies through state-to-state transition probabilities. (2) Based on this state 
machine generator representation of viral sequences, a data-driven AI model can 
expeditiously analyse the data and identify nucleotide regions of likely mutations. 
From a computational perspective, the state machine generators help us compress 
complex genomic information which further allows the AI-based model to make 
efficient statistical comparisons amongst large genomic datasets to detect mutation 
regions, characterize the temporal and spatial evolution of SARS-CoV-2 in a con-
tinuous manner, as well as to aid the alignment technique for fast discovery of 
mutations.

The genomic sequence is mapped onto a generator modeled using the state 
machine. The state machine consists of predefined states (i.e., contiguous groups of 
k nucleotides) and the transition probabilities between these states. The state-to-
state transition probability encodes important information about predicting the next 
b nucleotides from previous k contiguous nucleotides in a genomic sequence. 
Consequently, a Markov chain consisting of 4k states transitioning into 4b states is 
developed for each viral sequence. Figure 11.4a represents the transition acg → t 
with the generator k = 3, b = 1, and Fig. 11.4b shows the transition acgt → cg with 
the generator k = 4, b = 2. After traversing the genomic sequence, the generator 
encodes the information needed to predict the next b nucleotides from previous k 
nucleotides. There are 4k+b transitions between the states and the empirical transi-
tion probability matrix T is estimated from the sequences using the add-β estimator:
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a

c

b

Fig. 11.4  (a–c) The architecture of the state machine and the flow diagram of the proposed 
method. (Reprinted with permission from [24])
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Here, i ∈ {1, 2, … 4k}, and j ∈ {1, 2, … 4b}. Nij denotes the number of occurrences 
of the transitions from the i-th k-mers to j-th b-mers. Ni denotes the number of 
occurrences of the i-th k-mers in the viral sequence. Therefore, the state machine 
generator is independent of the sequence length and encodes the generation of the 
genomic sequence. In addition, the transition probabilities capture important 
context-sensitive characteristics within the viral sequence.

Based on the state machine generator, we build an AI-based data-driven frame-
work to analyze a large amount of genomic data from the generator, the flow dia-
gram of the approach is shown in Fig. 11.4c. The transition probability matrix can 
be converted into a 4k+b dimensional vector as the feature vector for building 
AI-based classifiers. In the AI-based model, we have two stages. In the first, we 
perform feature extraction by using the XGBoost [25, 26] model with maximum 
depth = 1. In the second stage, we use the top ten features identified in XGBoost 
model to build a logistic regression model for the classification task. Fourfold cross-
validation is performed in both stages. When building these AI-based classifiers, the 
number of training samples for each class is equal to each other to account for the 
data imbalance.
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Next, we discuss the efficacy of the proposed method based on AI tools for dif-
ferent applications including (1) characterizing the temporal evolution of SARS-
CoV-2 in a continuous manner, and (2) performing mutation region detection to 
gain insights into the mutation activity within the genomes.

�Characterizing the Temporal Evolution of SARS-CoV-2 
in a Continuous Manner

The temporal continuous evolution of SARS-CoV-2 can be characterized by quan-
tifying the randomness of transient mutations. However, the clade/variant/strain is 
defined using stable mutations. By implementing our proposed AI-based approach, 
we perform the intra-clade and intra-variant comparisons for different continuous 
months within SARS-CoV-2. We also show that our approach can efficiently quan-
tify continuous evolution within SARS-CoV-2. In Fig. 11.5, we perform the intra-
clade comparisons of SARS-CoV-2 sequences of GISAID clades L and G over 
different continuous months. More precisely, let P and Q represent the set of 
sequences categorized as clade L in months p and q, respectively. Through the state 
machine generator, we can obtain the transition probability matrices using the 
sequences for months p and q and then we build the AI-based classifier as men-
tioned above to compare the sequences in different months p and q using the 
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Fig. 11.5  (a–c) Continuous evolution of SARS-CoV-2. (Reprinted with permission from [24])
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transition probability matrices as the features. The pairwise validation accuracy of 
the AI-based classifier is considered as the measure of the distance between 
sequences compared over different months.

In what follows, we consider the state machine generator with k = 4, b = 1 to 
transform the sequences into specific transition probability matrices. Figure 11.5a 
shows the validation accuracy of the comparison when 209 clade L samples from 
January 2020 are compared with clade L samples from February 2020 (209 sam-
ples), March 2020 (1739 samples) and April 2020 (788 samples), respectively. 
Figure 11.5b shows the validation accuracy of the comparison when 2433 clade G 
samples from May 2020 are compared with clade G samples from June 2020 (2309 
samples), July 2020 (1465 samples), August 2020 (1605 samples), September 2020 
(2038 samples) and October 2020 (1818 samples), respectively.

Figure 11.5c shows the validation accuracy of the comparison when 5699 Delta 
variant samples from April 2021 are compared with Delta variant samples from 
May 2021 (4163 samples), June 2021 (5092 samples) and July 2021 (5284 sam-
ples), respectively. The validation accuracies show the increasing trend revealing 
the power of the approach to characterize continuous evolution of SARS-CoV-2 
within the same clade without any need for sequence alignment.

�Detecting Regions Within Viral Sequences Likely 
to Exhibit Mutations

By using the proposed AI-based framework to estimate the distance between the 
regions, our approach can be used to efficiently detect the regions in the viral 
sequence with mutation activity. More precisely, given two sets of sequences Set 1 
and Set 2, we transfer the fixed regions of all these sequences into the state-to-state 
transition probability matrices through the state machine generator approach, and 
the AI-based classifier model is used to compare these state-to-state transition prob-
ability matrices from the two sets. For a given region, the high validation accuracy 
implies that the region has mutations differentiating the sequences in the two sets.

We apply this approach on SARS-CoV-2 genomic datasets to detect the regions 
with mutations in different clades. We select the SARS-CoV-2 sequences in four 
clades—19A, 20A, 20B and 20C. Each SARS-CoV-2 sequence is divided into 30 
non-overlapping regions of length 1000 each. The state-to-state transition probabil-
ity matrices of each region are obtained using the generator with k = 4, b = 1. Then, 
we use the AI-based classifier models for comparing different clades in the 30 
regions. The regions with mutations should be detected by the classifiers showing 
high validation accuracy. Figure 11.6a shows the results for comparing clade 19 A 
(558 samples) and 20A (605 samples). The regions with mutations can be accu-
rately detected. We also perform the approach for comparing 20A clade with clades 
20B (561 samples) and 20C (232 samples) and the results are shown in Fig. 11.6b, 
c. Therefore, our approach can efficiently process a large number of genomic 
sequences to detect the regions with mutations without any need of sequence 
alignment.
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The region length l can be considered as a parameter, and the proposed approach 
can be used to detect regions with mutations differentiating the two groups of 
sequences. The method can be also used to aid alignment techniques as it can iden-
tify regions with mutations.

The state machine generator also provides new strategies to transform genomic 
sequences into new representations which encode short- and long-range dependen-
cies, reveal the distance between the sequences, and preserve the contextual infor-
mation. The proposed approach can be viewed as an interpretable tool to apply 
computational analysis on a large number of genomic sequences.

The higher-order interactions between the k-mers could be computationally ana-
lyzed to characterize the genomic sequences, which can help us to investigate 
sequences at the genetic level. As shown in Fig. 11.6, the approach can be used to 
compare different clades and detect the regions with highly likely mutations. The 
approach can be also applied to characterize the continuous evolution within a clade 
as shown in Fig.  11.5. Moreover, the approach can infer the local statistics of 
genomic sequences, which help us to identify actively mutating regions in the 
genomic sequence. The efficient performance of the state machine generator in 
dealing with a large number of genomic sequences to capture virus evolution and 
detect mutations allows us to detect the virus mutations efficiently and even predict 
the direction of virus mutations, thereby helping to design and develop more robust 
vaccines.
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Fig. 11.6  (a–c) Mutation region detection in SARS-CoV-2 clades. (Reprinted with permission 
from [24])
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�Summary

The vaccine is a vital strategy against infectious diseases. Traditional vaccine design 
methods (e.g., inactivated, mRNA) are safe, reliable, and recognized by our govern-
mental agencies, in which the existing AI tools can accelerate some of the experi-
mental steps which require a long time in using usual strategies. While AI becomes 
more and more sophisticated and covers more and more biological analysis perspec-
tives, now we can design vaccine candidates with numerous features following 
completely computational ways. In the COVID-19 case, it is very important to 
address the vaccine design speed, and many in silico vaccine candidates are designed 
for it, validating the strong values of this approach. Additionally, our recent work on 
an AI-based automatic vaccine design framework, DeepVacPred, brings vaccine 
design efficiency to a new level. The deep learning model exhibits very high clas-
sification accuracy; hence, the future research should be more focused on the devel-
opment of the vaccine subunit dataset (i.e., keep on updating the newest epitopes to 
the database or finding more complex combinations consisting of more numbers of 
different overlapping epitopes). We shall also consider more aspects of the vaccine 
subunit metrics.

AI-based approach utilizes the information decoded through the state machine 
generator to analyze the large amount of the COVID-19 data efficiently. The new 
AI-based method provides not only an alternative way to statistically compare the 
SARS-CoV-2 sequences without any need of alignment, but also opens up new 
practical and analytical directions for scientific inquiry. The state machine approach 
generates the data for the AI-based model, then this model can analyze the informa-
tion hidden in the genomic sequences, which can help us to comprehensively ana-
lyze the COVID-19 data including capturing the evolution of the SARS-CoV-2 and 
detecting the mutations. The investigation of the mutations of the virus has the 
potential to guide the development of more robust vaccines. In order to improve the 
AI-based computational model to predict the mutations accurately, specific models 
should be trained for different regions of the gene sequences and more powerful AI 
models such as transformer [27] and neural operator [28, 29] should be used to 
analyze the data.

In conclusion, AI can help with some biological redundancies in vaccine devel-
opment, while on the other hand, the vaccines developed by computational methods 
also require robust biotechnologies to be constructed and realized into practical use. 
We hope that researchers in the computer science, computational biology, system 
biology and biomedical engineering fields can collaborate to enhance these AI tools 
and help with future vaccine development for emerging viral threats. The future 
work can focus on how to use the AI-based computational model to predict the pos-
sible mutations and use them to design and prepare the future vaccine through the 
DeepVacPred framework. The flow diagram of the comprehensive framework com-
bining these strategies is shown in Fig. 11.7 and left for future work.
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�Introduction

In December 2019, a novel coronavirus, severe acute respiratory syndrome-
coronavirus-2 (SARS-CoV-2), emerged in Wuhan, China. The disease caused by 
SARS-CoV-2 was named coronavirus disease 2019 (COVID-19).

As we are entering a third calendar year since the start of the COVID-19 pan-
demic, there have been more than 490 million reported cases which has resulted in 
at least 6.2 million deaths worldwide (https://coronavirus.jhu.edu/). This figure is 
the official death toll—a recent article in Nature, shows a modelling, which sug-
gests three times higher figures, i.e., surpassing 18 million deaths in the pandemic 
until the end 2021 [1].

Although remarkable vaccine initiatives in the world have proven to be effective 
and provide substantial protection against severe disease and death, new variants of 
the virus continue to emerge. One study suggests COVID-19 could continue in a 
pandemic form, surging in one or more regions and disrupting daily life, likely until 
the world reaches herd immunity [2]. Other projections, that COVID-19 would 
remain as an endemic disease with stable infection rates, do not mean the virus 
would somehow disappear or necessarily develop into a more benign form [3]. Viral 
seroarchaeology research has suggested that the Russian Flu of 1889 held the com-
mon ancestor of the two SARS outbreaks in the recent one and a half century, in 
which case the Russian Flu was preserved as, e.g., a common cold until our times [4].

A majority of infected patients exhibit mild illness, with symptoms which usu-
ally disappear within 2  weeks. Still several individuals develop severe disease, 
which necessitates hospitalization and therapeutic medical support, trying to avoid 
death and morbidity. With resources temporarily strained by the pandemic situation 
it is crucial to rapidly identify those with an onset of severe and critical illness and 
the risk of subsequent death.

When patients enter the emergency department triaging is performed. Pre-
existing routines at emergency department are adapted to swiftly identify patients 
with critical illness. These include prompt identifications of patients with possible 
sepsis, and initiate treatments with broad-spectrum antibiotic agents and intrave-
nous fluids. Under standard sepsis management protocols, every hour’s delay in 
completion of the administration of the 3 h bundle is associated with a 4% increase 
in mortality [5]. However, do these established scores help identify COVID-19 
patients at risk of critical illness and death?

The measurements of vital parameters play central roles in the identification of 
patients running risk of serious complications, albeit only a handful of studies have 
investigated how changes, i.e., the dynamics of manual or continuous measure-
ments of vital parameters associate with critical illness, adverse events and death in 
COVID-19 hospitalized patients, e.g., [6].

Here we depict if and how Clinical Decision Support Systems (CDSS) and AI 
(Artificial intelligence assisted methods), applied on dynamic vital parameters in 
individual patients, could provide personalized medicine. Hence, to enable patient-
specific prediction of critical illness, sepsis and mortality in patients hospitalized for 
COVID-19.
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�COVID-19: A Novel Disease—Usage of Newer or Older 
Clinical Decisions Support Systems?

COVID-19 infections were one of the leading causes of death 2020–2021.
COVID-19 was a novel disease in 2020, but early associations, in the first months 

of the pandemic, demonstrated the risk of rapid deterioration and death, i.e., higher 
age, but also male gender [7]. Other features included comorbidities (e.g., hyperten-
sion, diabetes, or cardiovascular diseases) and specific laboratory results [8]. Due to 
the high impact on healthcare systems worldwide, and for an adequate use of 
resources, risk assessment of patients became crucial [8].

Early detection of patient deterioration and life-threatening events in patients are 
challenging. Thus, providing effective life-saving interventions in due time is essen-
tial. During rapid progression of viral replication and infection, the immune and 
autonomic control systems of COVID-19 patients are continuously adapting to 
maintain homeostasis. Hereby, the dynamic disease progression and patient response 
are under constant development and change over time. Therefore, the initial signs 
preceding potentially life-threatening events can be subtle. Clinical detection is 
aided by biomarker analysis, which are unfortunately laborious, requiring manual 
interventions, invasive sampling and is time consuming. Infection and inflammation 
interfere with the autonomic control systems and consequently affect vital signs. 
Constant automatic or semiautomatic monitoring of vital signs with high frequency 
may enable the immediate detection of discrepancies and is therefore a key non-
invasive instrument in modern emergency units, on hospital wards and intensive 
care units.

�Clinical Decisions Support System Stable Parameters/
Features Using Threshold Values

�Patient Deterioration

Identifying patients at risk of clinical deterioration is important, yet difficult [9, 10]. 
Biomarkers are used to follow disease development, but are often slow to analyze, 
requiring a biological sample, such as blood, cerebrospinal fluid or urine, and can 
only be measured at low frequency [11]. Instead, scoring of a variety of clinical 
parameters in hospitalized patients can be used as a proxy for disease progress and 
has been used over the last decades [12, 13]. Abnormal vital signs can indicate clini-
cal deterioration in real-time, and therefore help to detect cardiac, respiratory shock, 
and sepsis [14, 15]. Thromboembolism, respiratory distress and sepsis are associate 
with severe COVID-19 The latter is a life-threatening organ dysfunction caused by 
a dysregulated host response to infection [16]. This definition, independent of infec-
tion, but depending on organ dysfunction, is called Sepsis-3 criteria. Notably, the 
performance of blood cultures in detection of microorganisms is poor, with less than 
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40% of sepsis patients exhibiting clinically relevant bacterial growth, take time, 
often days, before replies [17]. If patient deterioration stays undetected or is detected 
too late, it can lead to death [14].

Therefore, vital signs are used to measure and assess the physiological condi-
tions of a patient.

Widely used vital signs are pulse/heart rate (HR), blood pressure (BP), respira-
tory rate (RR), peripheral oxygen saturation (SpO2) and temperature [18, 19]. 
Abnormalities in vital signs indicate an increased risk of death, hence a thorough 
analysis is critical to determine the strategy for therapeutic interventions and indi-
vidual patients support [20].

Vital signs are checked manually by the nursing staff every few hours. Without 
continuous monitoring, abnormalities may be missed, thus putting the patient at 
risk. Therefore, particularly in intensive care units (ICUs), patients are continuously 
monitored to detect complications at an early stage. Commonly used signals are the 
blood oxygen saturation levels, indirect assessment via transcutaneous probes and 
the electrocardiogram (ECG).

Notably, established criteria to determine the risk of patient deterioration, use 
threshold values, such as cyanosis (blood oxygen saturation), heart frequency, 
blood pressure and respiratory rate.

Together with laboratory values, thresholds for vital signs form the basis of pre-
diction scores for patient deterioration. In contrast to patients vital signs, which 
exhibits continuous variation and adaption in response to disease, the set, i.e., fixed, 
threshold values are not dynamic.

�General Prediction Scores

Several severity scores to evaluate the patient’s condition when entering the ICU 
have been developed [21]. These can be divided into generic and disease-specific 
scores [22]. Generic scores are applied to assess the severity at ICU admission to 
predict an outcome, to assess the severity of organ dysfunction, and lastly, scores 
that assess the nursing workload [22] Table 12.1. In the former category, three wide-
spread scores have been developed over the last 40  years: the Simplified Acute 
Physiology Score (SAPS), the Acute Physiology and Chronic Health Evaluation 
(APACHE) II score, and the Mortality Probability Model (MPM) [21]. All three 
score systems aim to predict mortality within the first hours of admission.

A lot of effort has been made to further the development of scoring systems to 
predict the risk of mortality for critically ill patients. In the aetiology of hospital 
mortality, sepsis is leading. Hence, reduction of mortality is dependent on early 
sepsis prediction. A major problem is the similarity between these symptoms and 
signs and other conditions of lesser criticality. Two relevant terms in this context are 
sepsis and septic shock.

To identify critical patients, the Sequential Organ Failure Assessment score 
(SOFA) is used. SOFA is a mortality prediction score, which is based on the degree 
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Table 12.1  Scoring systems in clinical use for mortality and sepsis prediction

System Aim Input parameters Model Results Clinical use

APACHE 
II

To classify 
patients 
according to 
the severity of 
illness

Temperature, mean arterial 
pressure, heart rate, 
respiratory rate, oxygenation, 
pH, sodium, potassium, 
creatinine, hematocrit, white 
blood count, age, previous 
health status

Logistic 
regression

AUC: 
0.86 
[23]

ICU patients 
[24]

SAPS 3 To predict 
in-hospital 
mortality

Age, comorbidities, 
circumstances of admission, 
Glasgow coma scale, heart 
rate, systolic blood pressure, 
bilirubin, temperature, 
creatinine, leukocytes, 
platelets, hydrogen ion 
concentration (pH), and 
ventilatory support and 
oxygenation.

Logistic 
regression

AUC: 
0.85 
[25]

ICU patients

MPM0 
IIIa

To predict 
in-hospital 
mortality

Glasgow coma scale, age, 
systolic blood pressure, 
metastatic neoplasm, 
cirrhosis, cardiac 
dysrhythmia, intra-cranial 
mass, cardiopulmonary 
resuscitation

Logistic 
regression

AUC: 
0.82 
[26]

ICU patients 
at admission

SOFA To describe the 
degree of organ 
dysfunction/
failure over 
time

Respiration PaO2/FiO2, 
platelets, bilirubin, blood 
pressure, Glascow Coma 
Scale, creatinine.

Logistic 
regression

AUC 
range 
0.61–
0.88 
[27]b

Acute 
morbidity in 
ICU patients 
[13]

qSOFA To predict 
in-hospital 
mortality

Glascow Coma Scale, 
Systolic Blood Pressure, 
respiratory rate

Logistic 
regression

AUC: 
0.81 
[28]

Suspected 
infection 
outside of the 
ICU

CURB65 To predict 
mortality 
secondary to 
community 
acquired 
pneumonia

Confusion, Urea, Respiratory 
rate, Blood pressure, age 
≥65 years old.

Logistic 
regression

AUC: 
0.80 
[27]

Triage of 
patients with 
community 
acquired 
pneumonia 
[29]

a MPM0 is the score at ICU admission, while MPM24 is the score used 24  h after admission 
to the ICU
b SOFA score was not originally developed for prediction

of dysfunction of six organ systems. The SOFA score takes into account respiration, 
coagulation, liver, cardiovascular, nervous, and renal values. Moreover, several 
scoring systems to predict sepsis instead of mortality per se, exist [30]. Sepsis 
exhibits a high mortality and morbidity. However, if sepsis is detected early ade-
quate therapies may save life of patients. Notably, the multifactorial characteristic 
of the disease makes early diagnosis a challenging task for physicians. As with 
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mortality prediction, most studies process static features or aggregated dynamic 
features and thus make non-continuous predictions. Notably, the performance of 
blood cultures in detection of microorganisms is poor, with less than 40% of sepsis 
patients exhibiting clinically relevant bacterial growth [17].

The SOFA score is the basis of the Sepsis-3 criteria. Septic shock is a form of 
sepsis in which acute abnormalities of the circulation and cellular metabolism lead 
to an even higher risk of death [16]. There is also a Quick SOFA (qSOFA) score to 
identify high-risk patients for in-hospital mortality, with suspected infection outside 
the ICU (Table 12.1).

Critical illness induced by SARS-CoV-2 in COVID-19 patients fulfils the SOFA 
and Sepsis-3 criteria with Sequential organ dysfunction and the risk of adverse 
events and death.

Recent evidence provides support for assessing respiratory function with periph-
eral oxygen saturation in the Sequential Organ Failure Assessment score and the 
Sepsis-3 criteria. Threshold peripheral oxygen saturation thresholds 94% and 90% 
to get 1 and 2 Sequential Organ Failure Assessment respiratory points, respectively. 
This may have important implications for emergency practice, rapid response teams, 
surveillance, research, and resource-limited settings [31].

Another clinically widely used tool is the CURB65 score [32]. The CURB65 
score is developed and might be used for assessment of the severity of community-
acquired pneumonia and include characterization of Confusion, Urea, Respiratory 
rate, Blood pressure, Age 65; Acute Physiology and Chronic Health Evaluation [33] 
(Table 12.1).

The presented scores e.g., SOFA, APACHE II and CURB65, are established, 
validated and may help in the triage problem [32]. However, each score has its own 
problems and limitations, including the need for laboratory variables that are hard 
to obtain at hospital admission [34].

�Early Warning Systems (EWS)

Real time prediction will save critical time for therapeutic interventions, much 
ahead of clearly visible clinical symptoms. This is called early warning systems 
(EWS), which aid accurate medical decisions. An optimal EWS will perform real 
time data acquisition, storage, analysis, and provide automatic monitoring and 
appropriate warning notifications. But are these in use in the clinic, and can they be 
applied to or adapted for COVID-19? (Fig. 12.1).

Early warning scores (EWS), such as the National EWS (NEWS), have been 
extensively validated and proven useful to predict general, non-sepsis-related, dete-
rioration [10, 35, 36]. Additionally, NEWS outperforms qSOFA in detecting seri-
ously ill patients, even in those with infectious disease [37]. Even in Covid-19 
patients, NEWS can give a high reliability in detecting patient deterioration [38]. 
However, since all EWS rely on manually annotated vital signs, there is a great 
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Death certificates

Annual database of
medical causes of death

Encoding Synchronization
with civil status

Finalization

Diffusion

Collection

Processing certificates

Fig. 12.1  Multimodal data 
sources from patients. 
Despite surveillance, late 
diagnosis of adverse events 
often occur in hospitalised 
patients, e.g., with some 
100,000 deaths/year in 
hospitalized patents only in 
US. This in spite of initial 
subtle early signs, but the 
massive amount of data are 
often in an undigestible 
format. E.g., Multimodal 
data >75 million data 
points/parameter/week 
from high frequency 
(40–500 Hz) vital sign 
monitors. This in contrast 
to 168 data points/
parameter/week if recorded 
manually per hour. High 
cognitive demand for data 
integration (Electronic 
Health records, tests, and 
surveillance data). Thus, 
integrated assessment of 
individual patients benefits 
from interpretable Clinical 
decision Support Systems

potential in assessing continuous vital signs monitoring with more advanced analy-
sis techniques, such as the neonatal clinical decision support systems e.g. [39].

Traditionally, linear models such as logistic regression analysis have been used 
to construct such prognostication tools. However, in recent years, scores based on 
non-linear machine learning have emerged [40].

�AI for Prediction of Deterioration

Artificial Intelligence (AI) can be of great use for assisting in the analysis of con-
tinuous vital parameter, demographic, laboratory and other manually achieved 
patient variables integrated into a Clinical Decision Support System (CDSS). The 
use of AI in the early prediction and diagnosis of severe complications, such as 
sepsis and hospital mortality, with the use of unstructured healthcare data, has been 
elaborated by several teams and accelerated in the recent few years. In the follow-
ing, a brief summary of commonly used AI models is given.
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Machine Learning (ML) is a subfield of artificial intelligence aiming to make a 
prediction based on input data. ML methods can either output numeric values 
(regression) or categorical values (classification). A model is trained by minimizing 
a loss function, which measures the discrepancy between the trained predictions and 
the true outcomes [41].

A simple regression model is a linear regression, that predicts an output based on 
one or more input parameters using a linear function. For binary classification logis-
tic regression (LR) can be used instead. Logistic regression is similar to linear 
regression, but uses a logistic function for classification. Next, support vector 
machines (SVM) are models able to perform non-linear classifications. Similar to 
regression models, a decision boundary is learned, but uses a different kind of loss 
function. By applying a kernel function to the data, it is possible to create non-linear 
decision boundaries [41]. Another ML method is the decision tree (DT), which con-
sists of nodes to predict an outcome for given features. A single decision tree tends 
to overfit; instead, an ensemble of decision trees, called random forest (RF), can be 
used that combines the predictions of the individual decision trees [41]. To train the 
random forest efficiently, boosting can be used. One commonly used algorithm for 
scalable tree boosting is XGBoost (extreme gradient boosting) [42]. Finally, a 
statistical-based approach for processing sequential data is the Hidden-Markov 
Models (HMM).

Machine learning approaches tend to perform poorly on complex problems with 
a large number of features, therefore, deep learning methods based on artificial neu-
ral networks (ANNs) can be applied [43]. ANNs replicate the idea of biological 
neural networks, that use neurons to store and forward information [41]. A basic 
ANN has an input layer, an output layer, and hidden layers. A deep neural network 
(DNN) is an ANN with many hidden layers [41]. Commonly used deep learning 
methods for analyzing time-series data are convolutional neural networks (CNNs) 
and recurrent neural networks (RNNs) (Fig. 12.2).

CNNs are neural networks that process data in a grid-like topology, such as time-
series data (1D topology) or images (2D topology). A CNN consists of several lay-
ers, including convolution layers, nonlinear activation functions, pooling layers, and 
fully-connected layers. The sequence of convolution, pooling, and activation func-
tions allows it to capture abstract features from the input data, that are then used by 
the fully-connected layer to compute an output [43] (Fig. 12.3).

Like CNNs, RNNs process grid-like data, but are specialized for sequential data. 
The basic idea of RNNs is that at each time step a prediction is made based on previ-
ous information and a new input. Because the network can process feedback from 
previous steps, it is called recursive. Apart from the basic RNN cell architecture, 
other architectures have been developed. One is the long short-term memory archi-
tecture (LSTM) that uses additional parameters to control the forwarded informa-
tion. This allows certain information to be forgotten and stored, respectively, making 
it easier to account for long-term dependencies [43]. A similar architecture is the 
gated recurrent unit (GRU).

For the use of AI in design of efficient and trusted EWS, it is important to develop 
explainable machine learning (EML) for robust, reliable, and comprehensible data 
analysis. Explanations could help examine whether a machine learning method has 
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Certified causes

Underlying cause of death
and other related causes

(ICD codes)

Certified causes
encoding

Identification of
underlying cause

of death

Validation

Assignement of an ICD code per expression
Expert system and human encoder

Application of decisional rules (ICD-10 vol2)
Expert system and human encoders

Specifics checks, consistency checks
Human encoder, human expert encoders

Fig. 12.2  Basic architecture of (a) Artificial Neural Network (ANN). (b) Basic architecture of a 
Deep Neural Network (DNN). Both models consist of an input layer one (ANN) or several (DNN) 
hidden layers, and an output layer

employed true evidence instead of biases that widely exist in training data. The 
ideas from unrolling iterative estimation algorithms are attracting high attention for 
developing neural networks. The growing popularity of unrolled deep networks is 
due in part to their potential in developing efficient, high-performance and yet inter-
pretable NN architectures from reasonable size training sets [45].

�AI Assisted Patient-Specific Risk Prediction

A possible use of machine learning assisted analysis of continuous vital parameter, 
demographic, laboratory and other manually achieved patient variables integrated 
into a clinical decision support system (CDSS).

A targeted breakthrough would be the development of novel paradigms for EWS 
with focus on deep systems. This breakthrough might be achieved by combining 
model-driven systems and data-driven learning methods. Models will help to design 
necessary constraints for analysis, in turn explainability. Our hypothesis is that data-
driven optimization of proposed deep systems composed of many model-driven 
components will offer high quality performance along with explainability (Fig. 12.4).
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Fig. 12.4  DeepNEWS—clinical decision support system. Adverse clinical events may quickly 
lead to cardiorespiratory dysfunction and potentially death in patients in hospital wards and inten-
sive care units (ICU). Changes in the vital parameters appear early and can be detected using novel 
machine learning based approach—a physiomarker toolbox. The physiomarker toolbox provide an 
alert to the medical team and suggest a risk reduction strategy on which the clinical staff can base 
their interventions to prevent serious disease

The use of artificial intelligence in the early prediction and diagnosis of severe 
complications, such as sepsis, and hospital mortality, with the use of unstructured 
healthcare data has been elaborated by several teams and accelerated in the recent few 
years. Some of these methods have also been applied to COVID-19 populations.

�AI Assisted Prediction of Critical Illness and Deterioration 
in COVID-19 Patients

�Mortality Prediction Models for Covid-19

Many studies have been published in which machine learning and deep Learning 
techniques have been used to predict clinical deterioration and mortality for 
Covid-19 patients to provide more specific care [46, 47]. Commonly used features 
are demographics, vital signs, comorbidities, medication, laboratory values, and 
imaging (X-ray, CT) [47].
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Among all these available factors, machine learning methods have been shown 
to help identify particularly important factors influencing COVID-19. For instance, 
in the COVIDAge Study the predictors of in-hospital mortality in elderly patients 
were analysed, and it was concluded that in COVID-19, respiratory crackles, male 
gender, increased fraction of inspired oxygen (FiO2) and the level general function-
ality were all independently prognostic risk factors for mortality, and not the age per 
se [48]. Among sepsis patients subject to resuscitation in the emergency department 
all vital parameters decreased, with the exception of peripheral saturation, which 
increased. Nearly all standard blood samples decreased too, except for CRP, K, 
Troponin T and Bilirubin, which were unchanged. The non-descending parameters 
were directly affected by the treatment. Most patients improved, and it was con-
cluded that vital parameters and routine biomarkers can mitigate the clinical course 
prediction in the earlier stages of sepsis resuscitations [48].

In the ICU there are already modus operandi with APACHE (acute physiology 
and chronic health evaluation) II and Sequential Organ Failure Assessment (SOFA) 
to deem the mortality, but as has been notoriously seen, these have proved to be less 
useful for severely affected COVID-19 individuals’ survival.

Machine learning approaches can also be used to predict mortality and several 
studies have been published differing in terms of input features and algorithms 
(Table 12.2). Predictions can be made using blood samples [58, 59], clinical param-
eters and vital signs [49] or CT images [49]. While most models require a variety of 
input features, it has been shown that already a reduced amount of features can be 
used for a prediction model, such as age, oxygen saturation, and type of patient 
encounter [50]. Using machine learning based model, in a small ICU patient mate-
rial, and an extensive analysis of proteomic profile can predict which COVID-19 
infected individual will be most severely affected [60]. This based solely on a single 
blood sample, containing a series of blood plasma proteins taken upon arrival in the 
hospital ICU. Machine learning methods can be logistic regression [6, 49, 50], ran-
dom forest [49], survival analysis [49], or XGBoost models [49, 51, 52].

However, most of these research models are based on advanced blood sample 
analysis that might help in the acute triaging, when resources are available to per-
form these tests. But these invasive and complicated blood sample analysis cannot 
be performed in most emergency settings worldwide. Neither do they allow us to 
screen, detect and protect patient deterioration over time. For this patient-specific 
prediction dynamic, continuous time series data is needed (Fig. 12.1).

Important to consider is the time between prediction in relation to admission and 
time of death. To be able to decide for the right treatment, a reliable prediction 
should be made as close to the hospital admission as possible. Machine learning 
methods can improve traditional prediction scores in the first days [52]. For an 
adequate prediction already the vital signs of the first 2 h after admission can be 
used [51].

In addition to machine learning approaches, deep learning methods can be of 
great help to identify important predictors for mortality in Covid-19 patients 
(Table 12.2). For example, it has been shown that a DNN with five fully connected 
dense layers can be used to predict ICU admission and mortality using EHR data. 
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Table 12.2  Comparison of exemplary studies applying machine learning methods to Covid-19 
populations to predict clinical adverse events

Author Aim
Size of 
dataset Input parameters

Prediction 
model Results

Machine learning
Mendes 
[46]

Identify predictors of 
in-hospital mortality 
in older patients; 
predict mortality

235 DG, CM, VS, lab, 
scores, clinical 
status

LR AUC: 0.82

Kamran 
[4]

Identify predictors of 
mortality; predict 
mortality

9291 DG, VS, lab, data 
from nursing 
flowsheets

LR AUC range: 
0.78–0.84

Yan [47] Predict mortality 485 DG, lab, symptoms, 
epidemiological 
information

XGBoost AUC: 0.95

Sánchez 
[49]

Predict mortality 1696 DG, VS Survival 
analysis, LR, 
BN, DT, RF

AUC: 0.89 
(LR)

Yadaw 
[50]

Predict mortality 4802 DG, CM, VS LR, 
XGBoost, 
SVM, RF

AUC: 0.91 
(XGBoost)

Burdick 
et al. [51]

Prediction of 
ventilation 
requirements

197 VS, lab XGBoost AUC: 0.87

Bolourani 
[52]

Prediction of 
respiratory failure

11,525 DG, VS, lab LR, 
XGBoost

AUC: 0.77 
(XGBoost)
AUC: 0.70 
(LR)

Tang [53] Predict sepsis 2453 DG, lab XGBoost AUC: 0.95
Deep learning
Li [54] Identify top 

predictors; predict 
ICU admission and 
in-hospital mortality

1108 DG, CM, VS, lab, 
symptoms

DNN ICU 
Admission
AUC: 0.78
Mortality
AUC: 0.84

Zhu [55] Identify top 
predictors, predict 
mortality

181 DG, CM, VS, lab, 
symptoms

DNN AUC: 0.97

Villegas 
[56]

Mortality prediction 6087 DG, VS, lab, 
medication

Ensemble of 
RNNs

AUC range:
0.89–0.90

Cheng 
[57]

Predict in-hospital 
mortality of ICU 
patients

654 DG, CM, VS, lab, 
X-rays

DNN, LTBN Clinical 
Data:
AUC: 0.65
With 
X-Ray:
AUC: 0.73

Note: DG demographics, CM comorbidities, VS vital signs, lab laboratory test values, DNN deep 
neural network, LR logistic regression, BN Bayesian network, DT decision tree, RF random forest, 
SVM support vector machine, RNN recurrent neural network, LTBN longitudinal transformer-
based network, AUC area under the curve, ACC accuracy
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Age, SpO2, laboratory values and comorbidities were shown to be the top predic-
tors for mortality [54]. The use of another DNN architecture on EHR data has 
revealed similar key predictors, including the oxygen index, and four laboratory 
values [55].

In addition to vital signs and laboratory values, other features can be included in 
the prediction model. For example, X-ray images can improve the mortality predic-
tions in COVID-19 patients [57]. The X-ray images can be processed in a separate 
suitable model, while the vital signs and laboratory values can be processed in a 
similar way to the methods presented above.

A main drawback of ANN and DNN architectures is the limited use for sequen-
tial data. One method is to average and discretize measurement into intervals 
instead of using all data at once, but using the same architectures [61, 62]. Another 
method is the application of RNNs that are designed to process sequential data and 
can be used to update the prediction when new data is available. This makes it pos-
sible to combine static values and dynamic values [56].

�Mortality Prediction Models Using High-Frequency Data

Most COVID-19 mortality predictions are mainly based on demographics and labo-
ratory values and just a few include sequential data or even calculated features from 
high-frequency waveform data to provide dynamic predictions. Research using 
non-COVID-19 datasets has shown the potential for these models. Table 12.3 sum-
marizes the most important aspects of the models. The models can be roughly 
divided into non-temporal and continuous prediction models.

Non-temporal models use different methods to aggregate sequential data. 
Statistical features (e.g., average, standard deviation, skewness, kurtosis) are calcu-
lated from waveform data and average before being processed by non-sequential 
machine learning model such as logistic regression, random forest or NN [56, 63, 
64]. Waveform data can be used from the mean arterial pressure (MAP) [56] or 
ECG [63].

The main drawback of non-temporal models is the limited use for continuous 
prediction. Although it is possible to aggregate sequential to shorter intervals and 
make separate predictions [68], other architecture can be used that are specifically 
designed for taking sequential input and give continuous output. Architectures can 
be RNN [66], LSTM [40] or HMM [67].

Just like for the non-temporal models, statistical features are calculated from the 
time-series data first. Instead of aggregating the features, they are processed sequen-
tially by the model, thus taking into account also development over time [40, 66, 
67]. Furthermore, the combination of more than one RNN makes it possible to 
combine time-series data with different time-scales for example, monitored data 
that is continuously available with more sparsely available data such as medica-
tions, demographics, and laboratory values [66].
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Table 12.3  Comparison of relevant studies for mortality prediction using time-series data

Author
Input 
parameters Processing of time-series data Model Results

Non-temporal models
Todd et al. EMR data Five calculated features of 24 h of 

waveform data
LR ACC:

Pulse wave EMR: 0.91
MAP wave EMR + pulse: 

0.92
EMR + MAP: 
0.92

Sadeghi et al. 
[63]

ECG Wave Twelve calculated features from 1 h of 
waveform data

i.e. DT, 
RF, 
SVM, 
LR

AUC DT: 0.93

Kock [64] EMR data Median values of calculated features 
from a 1-min PPG waveform signals 
and its derivatives

LR, 
ANN

AUC LR: 0.85
PPG wave AUC ANN: 

0.90
Morid et al. 
[65]

EMR data Average of a 2-h interval of 48 h of 
time-series data.

k-NN Precision: 0.65
F-Measure: 
0.66

Temporal models
Ghanvatkar 
et al. [66]

EMR data RNN processes mean and standard 
deviation of ECG signal with a 
frequency 1 Hz. A second RNN 
combines the output with lower 
frequency data with a frequency of 
0.02 Hz

RNN AUC: 0.71
ECG wave

Thorsen-
Meyer et al. 
[40]

EMR data One variable is aggregated for every 
1-h interval.

RF, BN, 
PART

AUC RF: 0.82

Gupta [67] EMR data Aggregation of time-series data in 2-h 
intervals.

HMM AUC: 0.87

Note: EMR electronic medical record, MAP mean arterial pressure, ECG electrocardiography, 
PPG photoplethysmography, LR logistic regression, DT decision tree, RF random forest, SVM 
support vector machine, ANN artificial neural network, k-NN k-nearest neighbors, RNN recurrent 
neural network, LSTM long short-term memory, BN Bayesian network, HMM hidden Markov 
model, ACC accuracy, AUC area under the curve

A key challenge remains to achieve good results as early as possible. Methods 
developed so far that have investigated this give the best results only closer to dis-
charge [40, 67, 68].

Instead of calculating features from waveform data, the raw data could be used 
directly as input to the model, so that the model can learn the features by itself. A 
field where this type of feature learning was studies is ECG-based feature extrac-
tion, disease detection, and sleep staging [44, 69]. The most common networks 
applied are CNNs and RNNs [69].
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�Prediction Models for Sepsis

Even though prediction models focusing solely on mortality can be of great use in 
supporting triage, early prediction of sepsis is crucial in preventing mortality, given 
that sepsis management is highly time sensitive. Machine learning based models for 
the prediction and diagnosis of sepsis have been developed in the last few years.

For instance the SERA algorithm; trained on both structured and unstructured 
electronic health record contents, to predict sepsis [70]. In retrospective studies 
comparing how the SERA performs in comparison to the predictions of doctors. 
Here, in retrospect, the algorithm has the capability to improve sepsis prediction and 
reduce false positive sepsis diagnosis significantly [70]. The algorithm’s correctness 
was increasing with the augmented mining of unstructured medical record notes, 
when compared to the usage of traditional clinical measures (NEWS) for early 
warning 12–48 h before the onset of sepsis.

Another approach was during the PhysioNet/Computing in Cardiology Challenge 
in 2019, where the unmet need for clinically useful algorithms led researchers to 
directly compare a range of sepsis prediction methods, hitherto not feasible due to 
disparate patient cohorts, sepsis definitions, scales and criteria, clinical variables, 
prediction tasks, evaluation metrics, and other obstacles. To deal with this issue the 
event orchestrated the fruition of automatised and open-source algorithms for the 
earliest sepsis detection based on data from clinics, making it comparable. It was 
broadly proven that algorithms can predict the onset of sepsis several hours earlier 
than the clinical eye, however a remaining issue was shown to be the lack of univer-
sality between different hospital platforms [71].

Recently retrospective analysis of adult patients admitted to the intensive care 
unit (from the MIMIC III database) demonstrate that a recurrent neural network is 
superior to previous developed models considering the prediction perfor-
mance [40].

It would also be useful to have early predictions of emergency department (ED) 
patients requiring ICU transfer, since patients with a prolonged transfer have a much 
higher mortality and extended hospitalisation. It has been shown that it is possible 
to predict transfer based on the monitored data readily available in the ED.

To further explore the vital sign trajectories into the present health resource 
straining COVID-19 pandemic, where patients have shown rapid worsening after 
ICU admittance, a handful of teams have created models of vital parameters, in two 
patient cohorts with either COVID-19 in 2020 or viral pneumonia a few years ear-
lier. A novelty score was created when comparing the groups. The patients with 
COVID-19 showed a much more rapid deterioration with respiratory failure, 
decreased SpO2 and elevated FiO2, but notably mere minor changes [72].

Finally, it has recently been demonstrated how AI models might help to predict 
survival in COVID-19. Furthermore, it also has been shown that coagulation func-
tion indicators are strongly related to a sepsis caused by COVID-19 including glo-
merular filtration rate, hematocrit, creatinine, and total bilirubin [53].
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However, these models require advanced blood sample analysis and neither 
allow us to screen, detect and protect patient deterioration over time. To achieve 
patient-specific predictions continuous time-series data is needed as described for 
the mortality prediction models (Figs. 12.1 and 12.4).

�Explainable and Interpretable Machine Learning Methods 
for Clinical Decision Support Systems

Overall aim is to design explainable machine learning algorithms for data analysis 
and decisions in critical health care. Health care data provide unique opportunities 
to implement novel scientific technologies to improve predictions and diagnostics 
of severe, eventually fatal outcomes in hospitals. The current COVID-19 pandemic 
is a real-life evidence that society has an urgent need for new technologies to screen, 
detect and protect patients via early analysis of patient data. These are early warning 
systems, which will process patient data, analyze the data and then provide aid to 
the medical care team for their clinical decisions far ahead in time, to avoid fatali-
ties. Explainable machine learning is at the core of developing these new technolo-
gies—early warning systems (Fig. 12.4).

Explainable machine learning algorithms provide explanations of their out-
comes. Explanations are necessary for the medical care team to understand clinical 
scenarios and rely on assistive technologies with trust and social acceptance. We 
propose analytically driven systematic design principles to achieve the main techni-
cal objective—development of a set of deep learning systems that offer explanations 
by combining model-driven signal processing and data-driven machine learning. It 
is necessary to address robustness against noise and model mismatch, stability for 
tracking time-series patient-data, understanding reasons for failures and developing 
their mitigation approaches, and relative influence of input observations for a sys-
tem output.

Aided with explainable deep learning algorithms, the primary application of the 
early warning systems is to predict infection buildup based on time series patient 
data in hospital wards and intensive care units (ICUs). Potential of the early warning 
systems can be further explored in prediction of infection buildup and consequences 
for COVID-19 patients admitted to ICUs. The secondary application is early diag-
nosis of cancer using various image modalities.

Development of trustworthy explainable deep system based novel EWS 
(DeepNEWS) requires a strong cooperation between medical caregivers, medical 
researchers, ML researchers, data scientists and IT engineers in the hospital envi-
ronment. Thus, we have some endeavours ahead of us in multidisciplinary teams to 
prepare for the next crisis.

Development of more effective predictive monitoring systems to early detect risk 
for critical illness, adverse events and death, will save lives through earlier and more 
efficient treatment. The machine-learning approach might be utilized in to allow for 
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individualized detection of adverse events that automatically takes into account 
patient characteristics such as age, sex, weight etc. Patient-specific interpretable 
prediction using individual dynamic heath care and vital signs data may provide 
medical professionals with a novel machine learning assisted Clinical Decision 
Support system.

This novel, explainable AI based Clinical Decision Support system for 
dynamic predictions, would benefit the care of COVID-19 patients. In addition, it 
could be applied in several clinical settings to facilitate decision making. Such as 
anesthetic monitoring during surgery, monitoring of critically ill patients in the 
emergency room and long-term surveillance at various pediatric and adult hospi-
tal wards.

Novel interpretable machine learning assisted Clinical Decision Support systems 
may help to facilitate the triage and early patient-specific therapeutic support. Thus, 
screen, detect and protect against critical illness in daily emergency and hospital 
care will help us be better prepared for the next crisis.
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Chapter 13
AI, Epidemiology and Public Health 
in the Covid Pandemic

Thomas Lefèvre, Hélène Colineaux, Claire Morgand, Laurent Tournois, 
and Cyrille Delpierre

�Introduction

The management, at all scales and with a view to control or eradication, of a known 
or emerging contagious disease is a founding textbook case of public health. Public 
health is also the “practical” or applied side of epidemiology: epidemiology largely 
provides the framework, tools, and knowledge necessary for public health mea-
sures, vis-à-vis this or that phenomenon. Thus, epidemiology and public health are 
intimately linked, and are particularly so, historically, around infectious diseases.

The case of the Covid pandemic then looks like a textbook case, to which it 
would have been or has been possible to apply knowledge and skills in epidemiol-
ogy in the service of public health measures to be taken, in order to manage the 
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Epidemic and preserve the state of health of populations: define the characteristics 
of the most affected populations, the risk factors, the degree of contagiousness and 
lethality, evaluating interventions to manage the outbreak … so many indicators and 
classic measures of epidemiology.

The development of digital technology, whether through the digitization of 
many aspects of everyday life, through the collection of the data generated, or 
through the processing of this data, has been a relatively new element in the context 
of this pandemic: to serve epidemiology, and also public health, new or simply 
faster, more reliable means or complementary to conventional surveys, were likely 
to be used.

Today, when we talk about data processing, we increasingly think of artificial 
intelligence. So here is an additional element still capable of modifying the face and 
the contributions of epidemiology, but also of the way of “doing public health” in 
the context of the pandemic. An intersection of epidemiology, digital technology 
and public health has even had a name of its own for a little less than 10 years: preci-
sion public health, a kind of counterpart to precision medicine or 4P medicine. For 
the sake of effectiveness, and even efficiency, there were hopes of resorting to preci-
sion public health, that is, to a set of targeted measures or whose estimates are on 
scales smaller than usually—for example, in terms of geographic information, and 
measurements of spatial indicators, monitoring of movements of populations or 
individuals. The development of contact tracing is an example of tools that can be 
used for precision public health, by providing information on a certain number of 
parameters on an individual scale, and at a much higher temporal and spatial fre-
quency than in the past.

Also, we are interested here, beyond the concepts of epidemiology, public health, 
precision public health, in the conditions of existence of the use of AI in these two 
disciplines: digitization and decision support, developments around data and devices 
processing these data, in particular from a regulatory point of view and from the 
point of view of the real appropriation of the devices necessary for the operation of 
these new epidemiologies.

These conditions met, we are interested in what epidemiology, and public health, 
could expect from AI. We then look at one of the most historic and classic use cases 
of epidemiology, but also among the most critical in the case of a pandemic linked 
to an emerging disease: the information system under-tending the collection and 
analysis of medical causes of death. Where and how does AI intervene in this sys-
tem? What are the specificities in the case of emerging diseases and Covid? We take 
the concrete example of the French system.

Beyond mortality, but also a few words on the modeling of infectious diseases, 
we more specifically address the identified use cases of AI, in the service of epide-
miology and public health, in the context of pandemic. We identify a typology of six 
categories of uses, plus a seventh, emerging, called infodemics.

Finally, we place these findings in a broader context, and discuss some major 
issues around AI, epidemiology, and public health for the future.

The chapter is therefore divided into two main parts: a first part in which we 
briefly establish the evolution of epidemiology and public health until the digital 
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age, the conditions of existence of an epidemiology and public health taking advan-
tage of digital and AI; a second part where we explore how all these elements are 
articulated and applied in the context of the Covid19 pandemic.

�Epidemiology: Definition and Purposes

Cyrille Delpierre and Thomas Lefèvre

Multiple definitions have been proposed to define epidemiology. John Last, in the 
Dictionary of Epidemiology [1], has defined epidemiology as “The study of the 
distribution and determinants of health-related states or events in specified popula-
tions, and the application of this study to the control of health problems.” Depending 
on the population concerned a distinction can be made between clinical epidemiol-
ogy, which is concerned with populations of “patients” with a view to improving the 
medical management of these patients, and population epidemiology, which is con-
cerned with the general population with a view to developing public health strate-
gies. As such, epidemiology constitutes a basic discipline of public health since it 
aims to quantify the health status of populations in order to identify its causes and 
to propose interventions to improve the health of the population concerned and to 
evaluate them. The nature of the purposes can allow to distinguish three main fields 
in epidemiology: (1) descriptive epidemiology which aims to describe the frequency 
and distribution of health phenomena or health determinants in populations, accord-
ing to human, spatial and temporal characteristics; (2) analytical epidemiology 
which aims to identify and estimate the link between exposure to certain factors and 
the subsequent occurrence of disease (or health event). The object here is the search 
for determinants, to study the patterns, the “causes”; (3) evaluative epidemiology 
which aims to test the effectiveness of a health program or policy intervention on the 
disease or health condition under study.

Initially focused on the disease, the objects of investigation in epidemiology now 
correspond to any factor that may influence the state of health of the human being 
(i.e. biological, clinical factors, environmental exposures including physico-
chemical, behavioural and psychosocial factors).

Whether it is to describe a phenomenon, to understand mechanisms, to make 
inferences or to test an intervention, evidence in epidemiology is based on the pro-
tocolized/standardized production of data. The basic brick of epidemiology is then 
the data that must be as valid and precise as possible to ensure that they measure 
what they are supposed to measure (validity) and limit measurement error (reliabil-
ity). Protocols specify the volume and the scope of the data to be collected. The 
logic consists of working with a limited set of data that are precisely characterized 
and traced, and even certified.

In clinical epidemiology, these data most often come from clinical and biological 
data collected routinely in medical records, for example, or ad-hoc through the 
implementation of specific studies (clinical trials, cohorts), or from specific systems 
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that ensure the validity and exhaustiveness of the data, such as cancer registries. In 
population epidemiology, data can also come from trials, registries or cohorts, 
which have the advantage of including all the desired data but for a restricted popu-
lation (the one included in the study) and from data routinely collected in different 
systems, such as medico-administrative data (reimbursement of expenses/medical 
acts), administrative data (civil status, taxes, family allowances, retirement, etc.), 
environmental data (air pollution) likely to provide information on the living condi-
tions of a very large part of the population (or even the entire population). Once 
these data have been collected, they are then modeled. Epidemiology has always 
used numerical methods, including some of which are now labelled “machine learn-
ing”, to produce results, whether to help describe, understand, or evaluate parame-
ters hidden from observation, and to help with experimentation [2].

The definition, collection and analysis of data is therefore at the heart of epide-
miology, which makes it a discipline particularly concerned by the development of 
what is called massive data and artificial intelligence (AI). The development of data 
digitization, including in the field of health (biology, clinical, imaging …), con-
nected tools, social networks, opens a new era of availability of massive, varied 
data, never known before. These massive data may constitute opportunities to better 
describe, understand and intervene on the health of populations, and therefore a tool 
for epidemiology and its development. But massive data and their rapid processing 
through tools and approaches some of which being part of AI, raise also concerns.

�Epidemiology and Public Health: How They Relate to Each 
Other and the Concept of One Health

Cyrille Delpierre and Thomas Lefèvre

Public health is both a collective project and a field straddling the science of the 
state of population health—how to define it, measure it, research its determinants—
and the means of action to maintain and prevent the degradation if not improve the 
state of population health, political means included [3]. In this first introductory 
part, we see the main and characteristic features of public health and individual 
health—their articulation. It is possible to examine these two dimensions of health 
according to different models of representations, which will condition the type of 
knowledge and action that can be mobilized. Closer in time to us, we then discuss 
how the concepts of public health and individual health seem to be able to integrate 
certain technological innovations essentially, through respectively precision public 
health and P4 medicine [4]. Finally, we briefly illustrate all of these elements 
through an archetypal example in health and medicine, that of communicable dis-
eases. We also understand, that both through predominant knowledge models and 
through the structuring of nations and contemporary policies, that a certain concep-
tion of health is no longer reduced to either individual health or population health, 
but extend beyond the human person and their societies, to encompass all the 
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dimensions of their conditions of existence: we are talking about the concept of 
One health [5].

�Individual Health and Population Health

Since a population is made up of individuals, there are necessarily intersections 
between the state of health of a population and the state of health of individuals: to 
a certain extent, by preventing degradation, maintaining or improving the state of 
health of individuals, individuals can prevent, maintain and improve the state of 
health of populations—to a certain extent only, since this would amount to consid-
ering that a population is only the sum of individuals independent of each other, 
without direct interaction or indirect between them, or with their common environ-
ment. Indeed, in particular with constant and limited resources, favoring the state of 
health of certain individuals can have the consequences of degrading that of others, 
by competition for access to resources for example, or by degradation of the envi-
ronmental conditions of other individuals.

�The Articulation Between Individual and Population Level

Also, how do population health and individual health fit together? In terms of 
knowledge and in terms of means of action? Part of the answer lies in models of 
health representation, and what they say about it; we tackle them soon after. 
However, another part of the answer also lies in the “places” where individuals meet 
and the implementation of collective means for health: first and foremost, the health 
system. Public health, within the scope of its domain, includes the organization of 
the health system, both the training of health actors (medical, paramedical, admin-
istrative agents, executives, etc.), and the conditions of access to care (system health 
insurance, or social security more broadly), or the functional and geographical 
structure of places where we provide information or care [6]. Finally, the organiza-
tion of the health system is also linked to the regulation of this system and its vari-
ous components: regulation of tariffs and fees, regulation of types of acts, regulation 
of diplomas, regulation of innovation.

The health system is therefore this “place”, in the broad sense, where both indi-
vidual demand and collective response meet: we try to orchestrate access to indi-
vidual resources, while aiming at collective health objectives. Health policies are 
thus an essential social element in the articulation between the individual and the 
population level.

We can also mention other systems which are independent of the healthcare sys-
tem but which are likely to have an important influence on health, or even more 
important than the health care system [7], such as the education system, employ-
ment policy, urban policy, spatial planning, etc.
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�Biomedical and Biopsychosocial Models of Health: Individual, 
Environmental and Social Determinants of Health

Historically, there are two main models of health representation: the biomedical or 
biological model [8] and the biopsychosocial model [9]. There are others—varia-
tions, mainly, of the first two statements—but we will consider here only these two 
main models in the sense that they clearly shed light on the majority type of scien-
tific production concerning health in all its dimensions (prevention, therapy, etc.), as 
well as the means of action thought out and put in place.

The biomedical model intends to define health on the basis of individual health, 
this health itself being defined and determined by the biology of the individual, at 
different scales: genetics at the most basic scale today, molecular scale, cellular 
scale, histological and anatomical scale, etc. This individual-centered representa-
tion is supplemented, to take into account everything that is not the individual, by 
the notion of the environment. To refer to health as a whole, we then speak of a 
gene × environment interaction model. It is therefore an initially both deeply reduc-
tionist and materialist representation.

Another model proposed in the 1970s by Engel is the biopsychosocial model. As 
its name seems to indicate, it defines individual health by taking into account at least 
three complementary dimensions: the biological, psychological and social dimen-
sions. Note that if this model, at least these dimensions, differs significantly from 
the biomedical model, these two models are nonetheless models of individual 
health, taking into account differently on the one hand the environment, and on the 
other hand, the social contributions to individual health.

It is important to know which model we are referring mainly to, because the 
dimensions defining individual health being different depending on the model, this 
means that what we will seek to identify as mechanisms and causes of good or bad 
health of an individual or targets for potential interventions, regardless of the meth-
odological means implemented, will not necessarily be the same from one model to 
another, nor considered to be able to interact together. Thus, in the biomedical 
model, the cognitive, psychological and social dimensions are seen as a conse-
quence of biology, even if we do not know precisely through what means. It is not 
foreseen, initially, an autonomy of an object which would be the psychological life 
of the individual, which could maintain links starting from psychology to biology, 
for example. Psychological state therefore cannot be a determinant of health in gen-
eral, nor a determinant of biological health. The same is true of the social determi-
nants of health: possibly, in the biomedical model, the social can be absorbed in the 
environment, but does not benefit from a specific autonomy, nor from the status of 
an intrinsic component of health individual.

If the determinants sought are different, then the means of action deriving from 
them will also be. This has immediate repercussions in terms of health policies and 
regulation. Take for example the opposition between biomedical view where individu-
als are independent of each other, and biopsychosocial view, where individuals are by 
nature defined by social interactions. In the first case, one can tend more easily to poli-
cies which place a large part of the responsibility for the state of individual health on 
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the individual himself: beyond genetic chance, the responsibility of which can how-
ever be transferred on the parents, the individual is responsible for all the so-called 
modifiable factors contributing to his or her good or bad health, independently of the 
behavior of other individuals. Thus, if we recognize that smoking is bad for health, 
and that no one is supposed to ignore it, then contract a pathology which we can esti-
mate with great certainty that it would be linked to the fact of having smoked, may be 
attributable to the sole responsibility of the individual [10]. This responsibility means 
that it may be no longer legitimate for the individual to benefit from collective and 
joint responsibility for the consequences of his pathology: the costs of care will be his 
sole responsibility. In contrast, in a model where the social component is an essential 
component if not a cause of individual health, it is no longer possible to immediately 
release collective responsibility for the deterioration of a person’s state of health.

From the moment when the recognized determinants are not the same, and that 
some relate to the social or the environment, this implies that the policies to be put 
in place can no longer target only the individual, or even the health sector taken into 
account in a classic sense, but will necessarily concern, virtually, all dimensions of 
life in society: thus, the development of laws concerning housing, agriculture, the 
installation of certain activities, etc.

At the same time as this movement to broaden policies that we could qualify as 
participating in public health, we can see the desire to make more targeted, precise 
or individualized the definitions and means of action relating to population and 
individual health, essentially with a view to improving efficiency.

�From Precision Medicine to Precision Public Health

The last 20 years have seen the emergence of concepts of P4 medicine [11]—this 
mainly in parallel with the development of clinical genetics and IT and digital 
means: digitization, storage capacities and calculation, accessibility of algorithms.

P4 medicine, for participatory, personalized, predictive and preventive, reflects 
fairly well the consideration of developments mainly technological rather than theo-
retical, by the biomedical model. It remains self-centered, and aims, through the use 
of new tools at its disposal, to be more effective in its means of action through 
increased relevance at the individual level. The participatory dimension is not a 
consideration of the social dimension per se, but above all a propensity to request 
greater participation from the individual in their health, passively (collection of per-
sonal data) or actively (education therapy, response to questionnaires, etc.); this 
goes in the direction of greater individual responsibility, as seen previously, even if 
these two evolutions are not necessary for each other [12]. P4 medicine is particu-
larly based on the now almost ubiquitous nature of digital technology, whether in 
terms of data collection (via internet browsing, or simply the use of smartphones), 
storage and computing capacities (especially for data genome sequencing in clinical 
routine) or in terms of development and use of algorithms. It updates an old idea and 
desire, to have means of action that are more specific, more targeted and more suited 
to a given pathology and person. However, this approach is still mainly centered on 
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the use of large volumes of data, often biological (omics data) with the risk of reduc-
ing the individual to his genetic/biological characteristics and the illusion of perfect 
prediction. It is therefore presented as personalized medicine, but not as personal 
medicine that would take into account other dimensions likely to influence biologi-
cal function (physico-chemical, behavioural, psychosocial exposures) [13].

The concept of precision public health is newer than that of P4 medicine. It is 
also largely based on the development and increased accessibility of technological 
means, mainly digital, with the aim here too of being more relevant and more effec-
tive in its prescribed actions. Precision can refer here to at least two quite different 
elements [14]. The most obvious here is to refer again to the individual. For exam-
ple, health information, communication and education follow the same paths as 
advertising and marketing. Digital technology has seen the emergence of a new way 
of advertising, as practiced primarily by Google, but also Facebook to limit itself to 
these two examples. From broadcasting, or one-to-all, we have moved on to so-
called targeted—or “personalized” advertising. How? Or what? By segmenting 
more or less finely the populations exposed to advertisements, for example on the 
basis of their internet browsing data or their expressed social links. Everyone using 
Google or Facebook is no longer uniformly exposed to the same ads at the same 
time, but virtually everyone is exposed to a “personalized” selection of ads. Public 
health messages have always faced the same limitations as advertising: how do you 
reach people who you think should be the first recipients of the message? Precision 
public health has or will have in its tools this a priori possibility of better targeting 
its prevention messages.

The second element covered by the notion of precision refers to precision in terms 
of scale, notably spatial, but also temporal. It has now been known for a long time by 
epidemiologists that ecological indicators can be dangerous, in the sense that they 
can show inverse links to those which might actually be observed at the individual 
level. Roughly speaking, it is as much a question of documenting certain measures 
and certain links between exposure and health event other than through an exces-
sively imprecise average effect. An example is that of the birth and death indicators 
in certain African regions: an overall measurement can indicate an improvement in 
these indicators over time, while a measurement at a finer geographical scale, and 
more respectful of territorial heterogeneities or inequalities, can show a very differ-
ent reality: the worsening of these indicators over time for a whole section of the 
population, and an improvement affecting only a minority [15]. Of course, the same 
phenomenon can be observed by varying the time scale of observation.

�Epidemiology and Public Health in the Digital 
Era: Prerequisites

Thomas Lefèvre

Talking about AI in epidemiology and public health requires talking about the 
conditions of existence of this AI and its possible use cases. Indeed, from now on, 
it is no longer a question of imagining AI and its uses, but of examining whether 
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the practical conditions are met, today, so that its use is tangible. We are discuss-
ing four main conditions here, without claiming to exhaustively discuss all the 
determinants of the use of AI: we have announced it, no AI without data. Ubiquitous 
digitization brings closer to us the possibility of activating data by AI, for every-
day actions or for already existing tasks, without mentioning new uses. We cannot 
use just any data, by anyone for any purpose: in recent years, many regulatory 
elements have evolved, particularly with a view to clearly defining what is legal or 
not to do in terms of data processing, but also to rule on the nature and place of AI, 
in particular in health. Third and fourth aspects, depending on the uses envisaged, 
that the pandemic has brought to light again, even if in the end this has been little 
taken into account: digital literacy, and the number of people equipped with digi-
tal access equipment, whether as a “producer” of data or as a user of data-based 
services. These two aspects have been particularly critical in the example of preci-
sion public health that has been the use of contact tracing and health pass 
applications.

�A Ubiquitous Digitization

A fundamental element which makes or suggests that it is becoming possible to 
practice epidemiology and public health based on the use of more numerous, more 
varied, more complete, more relevant, more individualized and even more up-to-
date data than what these two disciplines are historically constrained by the use of 
ad hoc studies—cohorts, case-controls, etc.—is due to an undeniable and general-
ized phenomenon: the growing and ubiquitous digitization of most of our human 
activities, passively or actively.

Of course, not all of the world’s population is equally or similarly affected at all 
points, in particular there is this major risk of becoming invisible and therefore of an 
equally major bias, of a large part of the population: those who have little or no use 
of digital tools, possibly by choice, mostly by necessity. That said, even populations 
that do not have a smartphone, for example, or use it very little, the fact remains that 
their interactions with the social fabric: businesses, institutions, etc. leave more and 
more traces digital since these are becoming more and more “digitalized”, all over 
the world.

Thus, the simple fact of shopping leads for many to digital traces on the side of 
merchants, physical or online; declare income and taxes too; have a salaried activ-
ity; consume energy; use the internet or a smartphone; have an activity on social 
networks, even minimal, even passive; go to the hospital or to a laboratory for addi-
tional examinations, etc. all this generates a little more data every day, a little more 
“precise”—precise does not necessarily mean “correct” here.

Whatever the quality of these data sources, they are nevertheless considered to be 
major opportunities for exploitation, both commercial and scientific, and the move-
ment does not seem to be reversible.
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�The Evolutions of the Regulatory Framework on Personal Data

Another structuring element, necessary and making possible public action in par-
ticular, based on the use of data collected of various types and sources, is the evolu-
tion of the regulatory framework for the protection of personal data. As much as the 
private and commercial sector, in its use of legally miscategorized data, can or could 
do almost as it sees fit, including reselling the data collected to third parties, or 
offering “health” services of various kinds and extremely varied quality because 
without regulation or evaluation, the public sector is itself bound by its own rules. A 
particularly notable development in recent years is that of the development and 
adoption at European level of the General Data Protection Regulation [16], which 
contributes massively to redefining and constraining the possibilities inside and out-
side the European area, from the moment when services based on the use of data, 
collected or not from European citizens, can be addressed to European citizens.

The other important regulatory element is that which concerns algorithms whose 
claimed use is medical. It was necessary, it is necessary to decide the status of these 
algorithms, in particular, are they comparable to medical devices, and therefore fall 
under the same regulations, or should new provisions be provided, which poten-
tially would respond to a differentiation between classical devices and algorithms? 
In the United States, we see the first wave of algorithms approved by the FDA [17].

Beyond the AI used in a context of diagnostic aid or clinical monitoring, for 
example, the question remains today as to a possible specific regulation of the algo-
rithms which would certainly be intended for epidemiology, but above all for 
decision-making and public health in general. A recent example is the use of smart-
phones for contact tracing, and the algorithms that can be associated with it: to our 
knowledge, at best, these applications have “needed” no other authorizations for 
their massive deployment than those compliance with regulations concerning the 
use of personal data, which is a prerequisite, but certainly not sufficient.

�Connected Devices and Equipment Rates

A third important point is that of a pivotal tool between data collection and means 
of action based on data and AI, from institutions—scientific or governmental—to 
people: these are connected devices, “medical” or not, the most typical example of 
which is the smartphone.

If personalized medicine can be based mainly either on devices intended for 
health professionals themselves, or on medical or similar devices intended for 
patients, epidemiology and above all public health, if they wish to achieve the great-
est public, certainly currently have more to expect from non-medical devices, such 
as the smartphone: for example, it is very likely that in the long term, people will be 
more equipped with a multi-function device, without specific attachment to their 
health, only connected watches or wristbands.
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The industry, but also part of the medical community or the public authorities, 
put forward for this a high rate of equipment in terms of smartphones: this was a 
more or less implicit argument for the deployment of contact tracing or health 
passes in the context of managing the pandemic. However, it is important to see the 
limits of this very general argument because it hides significant disparities in terms 
of the characteristics of the populations concerned. First, the equipment rate may 
not be sufficient in relation to the objectives pursued, particularly in a pandemic 
context. Indeed, the use of the smartphone for contact tracing requires, according to 
certain models, an equivalent of “vaccination coverage” to hope for an effect on the 
epidemic of at least 60% [18]. However, the rates of equipment can barely be of this 
order, which would therefore require that 100% of the people equipped adhere to 
the public health system, and more generally, this rate varies significantly according 
to age groups, within the same country [19]. In the case of Covid, this is particularly 
important, because if we want to target people at high risk, we must target the 
elderly: these are those with the lowest rate of equipment, and well below of the 
estimated necessary threshold.

Secondly, equipment rate does not mean sufficient and operational equipment, 
and even less homogeneous. A person may have a smartphone that is too old or does 
not have sufficient technical characteristics to be compatible with the deployed 
application. The diversity of models and operating systems, despite great progress 
in terms of standardization, is another obstacle to the deployment of a wide cover-
age application.

Thirdly, it is not because a person has a smartphone that this provides informa-
tion on its actual use: many telephones can be in the name of a parent for example 
and be used by a child or other member of the same family. It may also not be used 
or used in a variable way and not adapted to the device envisaged—for example, the 
Bluetooth necessary switched off or active for something else during risky journeys. 
Or, quite simply, it can be turned off.

�Digital and E-health Literacy

Finally, when we are in a situation where the digitization of all our activities is 
growing, if not omnipresent, when the regulatory framework concerning the condi-
tions for collecting and using data is refined almost everywhere in the world and 
finally when the population general is very widely equipped with devices allowing 
the collection of data but also their use by AI, a fourth major point is that of the lit-
eracy of populations: digital literacy, but also literacy in health, a fortiori in digital 
health. This point is not as critical from the point of view of passive data collection: 
it is often sufficient for people to be equipped with a device which is known to be a 
minimum user, whatever the use (the smartphone for example), only from the point 
of view of active collection, and even more, from the point of view of the use of 
digital technology for public action.

13  AI, Epidemiology and Public Health in the Covid Pandemic



290

If there is already a first divide in the population between those who have access 
to digital technology—physically—and those who do not have access to it, there is 
a second one based on the skills of these populations to use digital resources. This 
second divide is doubled in this specific case: it is a question of people having digi-
tal skills but also in health. Here again, the example of contact tracing or more 
broadly, the use of smartphone applications as public health tools in the context of 
the pandemic, is enlightening: a very large number of people are needed who are 
certainly equipped with a smartphone, but just as many who are able to use it, and 
to understand the issues and the health information conveyed. However, to date, 
these two literacies certainly remain very insufficient to envisage a wide-ranging 
action in the general population, and often depend very much on age [20].

�Towards a Real Life Use of AI in Epidemiology and Public 
Health: Some First Examples

�No Data Means No Artificial Intelligence: A Few Words About Data 
Federation and “New” Types of Data

The widespread and large-scale development of AI algorithms relies on an increased 
access to relevant data. This is necessary to develop the algorithms, to put them into 
production and to adapt them to work environments, by interfacing them with pre-
existing information systems. AI appears to be a useful tool for organizing and fed-
erating data, as well as for processing and analyzing data. The diversity of data 
sources presents an opportunity for public health since there is often a lack of rele-
vant data such as: (1) real and repeated data, (2) environmental data (physico-
chemical and psychosocial exposures), (3) behavioral data and, more specifically, 
(4) data on exposure. AI in public health could benefit from data from geographic 
information systems and more broadly from geospatial/geolocated data [21], data 
on digital footprints and individual activity, data from social networks and online 
forums [22], and data from connected objects, with an emphasis on passive data 
collection. These connected objects can include medical devices (implanted 
devices), as well as non-medical devices, including smartphones.

�Citizens and Patients as Producers, Actor and Manager of Their 
Own Health

Like other sectors basing their management and steering on data, it is estimated that 
one of the best sources of data for AI in public health would therefore be the people 
themselves, whether they are sick or in good health. Everyone is concerned by this 
collection of individual data, in particular in epidemiology, since the identification 
of associations between exposures and health events requires having both cases 
(patients) and control persons (healthy). Exposures can be biological, or they can be 
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social, cultural, economic, behavioral, etc. Each citizen thus becomes a potential 
“producer” of data, active or passive, while also becoming a “producer” and pro-
moter of their own health. We can thus identify a real loop, which would start from 
the individual who generates data from his activities. This data is added to a pool of 
data collected in a similar way from other individuals. The data pool can be analyzed 
through AI techniques, and the circle can be closed when the original data “pro-
ducer” is contacted, in the form of information or incentives regarding their health. 
A classic example would be the use of this model to improve therapeutic education 
[23]. Of course, AI can operate at a much higher level than the individual.

�At the Population Level, Health Surveillance Systems and AI

There are a few pre-existing examples of the use of AI in the public health field, e.g., 
for surveillance of pathologies or health events, such as epidemics and the inappro-
priate use of pharmaceuticals or drugs, and of medical devices [24]. A textbook case 
is that of Google Flu Trends, which is no longer used today. The Google Flu team 
said the algorithm was able to predict flu outbreaks faster and more reliably than the 
Centers for Disease Controls (CDC), based on searches made by users of the Google 
search engine [25]. Several studies have highlighted the advantages and disadvan-
tages of the Google Flu Trends algorithm, showing that it was not very precise, 
among other things. Rather than talking about the Google Flu algorithm, we should 
also talk about the algorithms, since the algorithm has been replaced several times, 
without it being known in what and how it has been modified.

Another example, monitoring the use of drugs and medical devices after they 
have been approved and placed on the market, which are increasing in number each 
year, is an important public health issue. Controlling each product systematically, 
manually and on a case-by-case basis, is not a realistic or viable solution. Without 
replacing human operators, AI can help analyze signals to determine which should 
be followed preferentially. However, more recent events have shown us that cur-
rently, and probably for a long time to come, the best early warnings rely on discern-
ing humans being in the right place at the right time. It was not the data monitoring 
signals that sounded the alarm about the COVID-19 pandemic, but a human medi-
cal doctor.

�Between the Individual and the Population, Healthcare Systems: Learning 
Healthcare Systems (LHS)

Yet another example relates to the healthcare systems themselves, with which indi-
viduals and populations interact. What are called learning healthcare systems (LHS) 
[26] are currently being developed, based on the use of data, and to a greater or 
lesser extent, AI. The concept of LHS was developed from 2007, in a context and 
with a goal of continuous improvement of the quality of care, the organization and 
the adequacy of the care provided by a health establishment to meet the needs of the 
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population concerned. These LHS were made possible by the prior collection of 
data, from medical and paramedical activities and practices (we speak of evidence-
based practice) and are based on the use and processing of electronic health records 
and the use of flexible and continuous research capabilities. Because an existing 
data warehouse or data pool is required for an LHS to work, we see again that AI 
can be used at different points in the system: from data collection to specialized 
processing, their federation and their formatting. AIs used in an LHS can exhibit a 
varying degree of autonomy: from very high (full) autonomy in the data mining lay-
ers, to much lower (supervised) autonomy in the higher layers, where decisions are 
taken. The prospects offered by LHS still require human intervention, both techni-
cal and organizational, with the promise of a more responsive and less fixed system. 
Although the idea is interesting in principle, we currently lack sufficient informa-
tion to accurately assess the realities and effectiveness of LHS.

�What Contributions Could Be Expected from AI 
in Epidemiology and Public Health in the Context 
of a Pandemic?

Thomas Lefèvre

We have seen that the conditions for the existence of epidemiology and public 
health exploiting the possibilities of digital technology and AI are wholly or partly 
met. From these conditions, some concrete and current examples have been depicted. 
Given the goals pursued by both epidemiology and public health, what contribution 
can we expect AI to make to these two fields, particularly in the context of emerging 
or infectious diseases?

�What Is Due to the Use of Non-classical Data Sources, 
and to the Comparison or Cross-Checking Between Sources

If we base ourselves on a sufficiently broad meaning of AI, taking into account, for 
example, natural language processing techniques within its scope, then we must 
recognize that in epidemiology and public health, as in any other field, there are 
areas or uses that have developed, and which have been made possible solely by the 
development of AI, and more broadly, by the development of certain digital-based 
activities.

This is the case for the large-scale analysis of data from social networks and the 
activity of people on these same networks: the links between people, in time and 
space, the analysis of feelings, the typology of dynamic networks of people or 
themes, the analysis of controversies … More generally, it is the analysis of vast 
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corpuses of textual data which has been made possible, which comes under “text 
mining”: the analysis scientific literature, as well as the analysis of patient forums.

We owe, and will certainly owe AI even more tomorrow, the increase in our abil-
ity to match databases or data sources with each other, especially when they concern 
data of various kinds: voices, images, texts, etc. lack of native interoperability, 
through the adoption of common standards at the origin of data collection, can be 
partially filled by the use of AI. Health data warehouses are, for many, made up 
partly of structured data as soon as they are entered, but also of data extracted from 
textual data, electronic health records (EHR). In fact, all of these advances, which 
are not very visible for the researcher or the citizen who only sees the final database 
or the results of the studies, contribute to improving for some of the studies their 
generalizability or statistical power if is relevant, and to speed up the collection of 
additional data—or quite simply, to complete certain surveys with additional data 
that already exists, but is usually not easily accessible, in its native form.

�The Real-Time or Refreshable Nature of the Information

Epidemiology, and by extension public health, is historically and traditionally based 
on the implementation of ad hoc surveys, specific to a problem to be explored—for 
example the search for explanatory factors of a given disease. This has not, of 
course, prevented them from sometimes resorting to already available data sources, 
typically census data, or exposure data collected by monitoring organizations, or 
even more recently in history, medico-administrative data, healthcare reimburse-
ment. Epidemiology has also gradually deployed major population tools, which are 
increasingly general and bring together large numbers of people within population 
cohorts.

All these sources no doubt retain and will retain their relevance for a very long 
time to come, because in particular for ad hoc surveys and cohorts, these are sys-
tems whose implementation we control, the measuring instruments—in short, we 
control the experience and its quality. They will retain at least their reference value. 
These devices nevertheless remain expensive, and above all, can have characteristic 
times for collecting new data or simply updating these data that are very difficult to 
reconcile with the requirements of monitoring an emerging phenomenon, and of 
quantitative and above all qualitative evolution quickly — as has been the case with 
this pandemic. The digitization and processing by AI of data resulting from digitiza-
tion is an opportunity to be considered by epidemiology and public health, in addi-
tion to other existing sources, for the constitution of information systems adapted to 
this type of phenomenon, and its refresh which can approach real time in some 
configuration. This is the case, for example, for the analysis of social networks, or 
of the spatial nature of such and such a variable, such as the study of the mobility of 
populations on a large scale via the analysis of telecommunications data or satellite 
images, or contacts between people on a finer scale (for example: contact tracing).
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�New Types of Analysis, in Particular on Massive, Incomplete or 
Even Poorly Balanced Data

It may have been surprising for some epidemiologists to see that several govern-
ments have based their political decisions on “SIR” type models of the spread of the 
epidemic. SIR models are so-called compartmental models, each letter here repre-
senting a compartment of the population studied: S for Susceptible, I for Infected 
and R for Recovered [27].

Several variants exist, in particular with other compartments including a 
deceased compartment in the case of a particularly lethal infectious pathology. 
These models can be deterministic or stochastic, and it is from these models that 
the famous parameter R0 comes, known as the basic reproduction number (or 
ratio), which reflects the number of new infected expected for an infected 
observed. Political decisions can be centered around this R0: a threshold value of 
R0 corresponding to a decreasing rate or extinction of the disease in the popula-
tion can be an objective to be reached by different health policy measures; it can 
be an indicator to monitor reflecting the intensity and type of phase of the 
epidemic …

However, these models are quite old, which is not a fault in itself, but we know 
their advantages and disadvantages quite well. A definite advantage lies in the 
good mastery of their mathematical analysis and interpretation. Several major 
flaws, however, certainly make them unsuitable tools for crisis management, when 
faced with an emerging disease. First, like any model, it is necessary to be able to 
estimate its parameters, and the R0 is particularly difficult to estimate reliably in 
a short and prospective time, a little more easily retrospectively. It depends on the 
ability to screen and diagnose the infected, and beyond the availability and perfor-
mance of screening and diagnostic tools, the number of asymptomatic but conta-
gious people, or similarly, the period of contagiousness asymptomatic. Next, these 
are models which, unlike the majority of epidemiological tools, make it difficult 
to adjust or stratify population characteristics: for example, sex, age, comorbidi-
ties, socioeconomic position or country of birth. This is inevitably a major prob-
lem in the face of an infection that obviously targets and kills people very 
differently according to these characteristics. In addition, another major flaw is 
that these models are not or very rarely used in a spatialized way, which is also an 
important problem, in the sense that the beginning of the pandemic’s history has 
clearly put highlight very delimited regional clusters in different countries, even 
though there was no containment measure or ban on population mobility at that 
time. Finally, another defect highlighted by other approaches, the treatment even 
by compartments: everyone in the same compartment ultimately has the same 
chances of being infected or contagious. However, it seems that there are people, 
for various and varied reasons, who are much more than others at the origin of a 
large number of contaminations, while other people will only contaminate little if 
any person [28].
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In the age of digital technology, AI but also precision medicine or precision pub-
lic health, the use of this type of model for public decision-making seems strangely 
conservative, whereas other techniques based on AI necessarily emerge in this type 
of context [29].

More generally, beyond modeling, much is expected of AI to manage more agile 
and more robust data sources that usually pose problems for conventional epidemio-
logical techniques, such as large volume data, presenting a lot of missing data 
(which is almost an inherent characteristic of big data), or even data whose com-
pleteness is far from being balanced according to the sub-populations studied, 
which unbalances the analyzes and the quality of the results obtained according to 
these subpopulations.

�Aid in the Search for Causality or Networks of Causality

The question of causality is a central question in epidemiology, and a fortiori in 
infectious disease. Otherwise, the issue of risk or vulnerability factors is just as 
important in a context where, failing to control the chain of transmission and the 
specific causes, it may become possible to implement targeted preventive and pro-
tection measures.

Causality in medicine and public health remains something delicate to establish 
and relies mainly on a body of arguments and evidence for it to be considered estab-
lished. It relies heavily on the experimental device, of the randomized controlled 
trial type, or any other quasi-experimental device in the population. These are obvi-
ously systems that are either impossible to set up for ethical or practical reasons in 
certain cases, or too difficult to set up, in particular in the context of an emerging, 
lethal and rapidly progressing disease. Moreover, the concept of single, direct and 
fully deterministic causality is difficult to hold in medicine and epidemiology, 
where it is more considered that there is a network of causalities, direct and indirect, 
mediated or not, that the phenomena are multifactorial.

Obviously, the more certain we are of the causes and the precise chains of causes 
of a phenomenon, the more legitimacy the decisions and public health measures to 
be put in place will have. Our current capacities to establish the causes of a phenom-
enon being limited and poorly adapted to crisis situations, it is logical to wonder 
about the capacities of AI to help us identify such causes or even the networks of 
causes to from available data, particularly routinely.

�Evaluation Methods Based on Observation or 
Quasi-Experimental, as for Virtual Clinical Trials

Any health intervention, including population health, requires an evaluation of its 
impact in order, on the one hand, to validate its effectiveness, if applicable, and, on 
the other hand, to be able to adjust its methods as needed. This good practice present 
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in any good epidemiology and public health textbook is certainly one of the least 
followed, and by far. This type of evaluation is certainly costly and difficult to 
implement, and can have the side effect, which is sometimes embarrassing for 
decision-makers, of showing that despite the resources committed, the effectiveness 
of the intervention is very modest. The economic and image profitability of this type 
of evaluation is therefore assumed to be very low.

Methods bypassing the need for experimental settings that is expensive and com-
plex to set up, based on the use of data already available, for example observational 
data, have been proposed. For example, we are talking about virtual clinical trials 
[30]: the main idea is that there already exists, without necessarily having to carry 
out new ad hoc studies, a large number of configurations recorded in databases, 
whether separate or not. It is then a question of bringing together all these necessary 
configurations, organizing them in such a way that one can, for example, reconsti-
tute the equivalent of control and intervention groups, then analyzing the whole as 
in the context of a clinical trial. Obviously, as it stands, even if such groups can be 
reconstituted, at least one main quality specific to controlled trials is lacking, namely 
the control of a set of individual or contextual factors capable of biasing the results 
obtained.

By analogy, we can estimate that there are different types of interventions 
attempted in different configurations, in the “natural” state, without intervention in 
this sense, and which can be exploited in order to “virtually” evaluate the impact of 
these interventions in the population on the pathology studied.

�The Augmented Expert in Public Health

In connection with the question of causality and our ability to base decisions and 
interventions on the identification of chains of transmission, as in medicine and 
surgery, we can ask ourselves the question of an “augmented expert” in public 
health. This is the theme of human-machine hybridization, one complementing the 
other in such a way as to improve the performance of the first, or in a virtuous and 
circular way, one reciprocally.

Also, all the techniques considered in the previous sections can contribute to the 
development of this augmented expert, by providing it with resources largely based 
on data and AI: assistance in the analysis of large volumes of data and of various 
natures, frequent updating of data and indicators, taking into account sentiment ana-
lyzes such as opinion polls, carrying out numerous quasi-experimental studies or 
virtual clinical trials to develop and evaluate in silico the estimated impact of differ-
ent public health measures …

In the end, it would be just a very technologist update of the concept of evidence-
based policy.
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�Some Specificities and Examples in the Context 
of the Pandemic: Epidemic Modeling, Public Health 
and Counting Deaths

Claire Morgand and Thomas Lefèvre

�Epidemic Modeling: How to Retrieve Accurate and Timely Data 
to Feed a Model

If we want to use the modeling of epidemics as decision support tools in public 
health, then a certain number of constraints appear and weigh on these models, as 
they weigh on any AI algorithm which would pass from the prototype stage to the 
stage of routine use.

First, the model must be able to update and adapt to new data, specific to the cur-
rent phenomenon, therefore here, the emerging epidemic. There is therefore always 
this compromise between a model that is very specific and adapted to a particular 
epidemic, and a model that is general and generalizable enough not to be used only 
once, or only retrospectively.

The second problem relates to the nature of the data needed to adapt and “feed” 
the model, so that it is useful in anticipating the evolution of the epidemic and test-
ing different intervention hypotheses. It is therefore necessary to access the data 
relevant for the estimation of the model, and this in a repeated way and in the most 
reactive and least biased way possible. However, in infectious disease, a fortiori 
emerging, we are almost always a step behind, because we can only measure what 
has already happened. A difficulty is added to this already strong constraint: the 
observability of the cases. Indeed, in any infectious disease, there is a variable pro-
portion of contagious, but asymptomatic cases, which will not be counted correctly, 
since precisely not observed.

Thus, our capacities for modeling and evaluating and updating various indicators 
specific to the surveillance of the epidemic are thereby limited. But these consider-
ations even affect a measure that nevertheless seems simpler and more accessible, 
while being fundamental in this context: the census of the dead.

�Counting Deaths in the Context of a Health Crisis Based 
on Information Systems and AI

Claire Morgand

�Challenges of Counting Death, the Case of the French System

Historically, counting deaths and births has been the birthmark of statistics, in the 
sense of State accounts, and as tools for the government of populations [31]. In our 
time, one can imagine that the identification of the number of deaths in a given 
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territory is a settled, well-ordered affair and that beyond that, the systematic search 
for medical causes of death responds to a well-established system. We often forget 
that the things that seem the most natural, acquired or simple, are in the end not as 
robust as one might expect. At all times of an epidemic of an emerging disease, a 
fortiori seeming to present a significant lethality, being able to correctly count the 
deaths attributable to this disease, is a major issue. It is also quickly one of the only 
indicators around which public intuitions will communicate to give a measure of the 
epidemic.

We present here the case of the French system for registering deaths and identify-
ing the medical causes of death, in particular in the light of a pathology and an 
epidemic such as that at Covid.

In France, when a death occurs, it must be declared by a doctor. The doctor com-
pletes a death certificate that contains an administrative component and a medical 
component. The medical component informs a morbid process and the possible 
associated causes of death. From this information, coding rules defined and main-
tained by the WHO (vol 2 of the ICD 10 version 2016) are applied to retain the 
underlying cause of death (the one appearing in the national statistics). The models 
of death certificates and the coding rules are used by 43 countries, the objective 
being to have a temporal and spatial comparability of causes of death. In France, the 
coding of medical causes is centralized at Inserm and an expert system associated 
with coders encode all the death certificates occurring in the territory. Overall, the 
production stages are illustrated in Fig. 13.1.

The deadline for finalizing an annual database now exceeds 3  years. Indeed, 
between the collection of death certificates, which can take several months (between 
the transmission of certificates and the digitization of them) and the coding now 
carried by a mixed system, the delays in making the finalized database available are 
important.
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Fig. 13.1  Different stages for the annual production of the medical causes of death statistics 
in France
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To define the role that AI can play in coding, it is first necessary to have a good 
understanding of the difficulties related to certification and the difficulties related to 
the causes of death proper (WHO rules not always medical, rare causes, new causes, 
etc.). Secondly, it is also a question of defining well the cases of uses where AI 
could have an interest (frequent, recurrent causes and annual monitoring of the main 
major families of causes of death) and those where AI will not necessarily have a 
great added value (rare causes, new causes type emerging disease and therefore 
health watch). The current data production process does not allow for a weak signal 
analysis.

�Certification of Deaths and Collection of Death Certificates, Specificity 
to Emerging Diseases Such as COVID

The physician reporting a death can do so in two formats: a paper format that is still 
mostly used (Nearly 80% at the beginning of the COVID crisis versus 70% in 
January 2022) or an electronic format that is not widely used in France. The death 
certificate, whatever the modality of the certificate has an international format and 
the doctor must be able to freely enter the text of the medical component and not be 
helped or influenced (WHO instructions). As a result, two issues emerge during a 
health crisis:

	1.	 The delays of transmission from the medical component to the coding centre are 
on average of 4 months for the paper format which implicitly makes it difficult 
to envisage a health watch from this certification modality. They are shortened to 
a few minutes in case of electronic certification.

	2.	 Since the physician must freely certify, the variability of the medical terms used 
by physicians to certify is very important (for example: to certify a death by 
myocardial infarction the dictionary of the coding aid software contains more 
than 400 different entries). This type of variability makes the supervised approach 
of Natural language processing (NLP) models difficult. Moreover, the majority 
of certificates being handwritten on paper certificates, important readability 
problems prevent correct coding of all terms present on the certificate.

So if the goal was to be able to track COVID-related mortality in a very short period 
of time, it is only possible at the outset to rely on electronic certificates which are 
not distributed across all sectors of care in a balanced manner since the vast majority 
of them are issued by health institutions and the only deaths occurring in the hospi-
tal are then detained. In France 60% of annual deaths occur in hospitals, so that 40% 
occur in cities (medico-social structures or home of the patient, public roads etc.).

However, for another objective such as the assessment of annual excess mortality 
due to COVID or the impact on annual mortality of COVID on other causes of 
death, the certification modality should not have an impact on the production of this 
data (subject to legibility).
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�Issues in Coding Causes of Death, Especially in Emerging Diseases

To see the potential interest of AI in coding medical causes, it is important to under-
stand how death certificates are now coded.

Figure 13.2 illustrates the current strategy.
After the causes of death present in the certificates are entered by an operator in 

the coding and scanning software (for paper certificates), an expert system applies 
the decision rules imposed by the WHO to identify the initial cause of death. To do 
this, the software must first assign to each certified medical term an ICD code and 
then in a second time apply the decision rules (from thousands of tables of proba-
ble causal links or some between the different codes) and define the underlying 
cause of death. If the tool cannot define the cause of death or cannot assign an ICD 
code, then a human coder must intervene on the certificate. This can simply be a 
medical term not present in the tool dictionary (see important certification vari-
ability) that the coder must implement in the dictionary with the correct ICD 
code(s). It may also be difficult for the tool to establish causality between the dif-
ferent causes of the certificate, as this does not allow it to definitively define the 
cause of death. It is then up to the coder to make the decision. To date, the tool 
codes about 50% of death certificates in autonomy, so there are still 50% manually 
coded each year.

In view of these explanations, it is then simple to understand that when a new 
pathology emerges, the WHO must integrate one or more ICD codes to specify the 
pathology, that it also define the decision rules that will make it possible to retain 
pathology as a cause of death or not, and that the software be updated with these 
elements to be able to code and allow the identification of deaths related to covid.

To date, the coding process is therefore a mixed system, consisting of an expert 
system associated with human intervention and dependent on decisions taken by 
the WHO.

Input Hidden Output
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Input Hidden Output

DNNb

Fig. 13.2  The different stages of coding medical causes of death (French system)
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�AI’s Place in Coding Deaths on Emerging Causes/Diseases, COVID 
Contextual Example

With the advent of COVID, three strategies to improve coding automation were 
developed:

	1.	 Improving the standardization of terms through the coding tool to be as compre-
hensive as possible on physician-certified terms to best complete the first step of 
coding: the assignment of an ICD code per term placed on the death certificate. 
The expert system has this ability to standardize (step of NLP) but it is imple-
mented by humans.

	2.	 The application of supervised NLP methods to search for defined words (COVID, 
Coronavirus, SARS COV, etc.) in certificates to identify those mentioning these 
terms. Several limitations appear immediately with this approach: the only iden-
tification of these terms on electronic certificates (and therefore the only identi-
fication of certificates mentioning covid in hospital); the only mention of Covid 
that does not prejudge the direct link between mention of terms and death of 
Covid in a certain way and finally associations of “negative” terms such as “neg-
ative Covid test” which require adjusting the search algorithm as needed to avoid 
this type of false positive. For example, the first tests using this strategy overes-
timated by about 20% the COVID-related deaths occurred directly. So in order 
to support decisions during a health crisis, an overestimation may not appear as 
a disaster, nevertheless it is impossible to evaluate the impact of the measures 
taken on this mortality with this strategy.

	3.	 The use of deep learning methods to identify these deaths. Independently of 
Covid, these methods have been tested on a body of death certificates for the two 
steps previously described: assigning an ICD code by term and identifying the 
original cause of death. Figure 13.3 illustrates the evolution of coding strategies.

Deep learning methods have obviously shown an interest in reproducing the coding 
produced by the reference tool when the causes are frequent, known and simple 
rules. Indeed, this type of approach requires a learning corpus and reproduces what 
he has learned from the existing corpus. The tool’s performance in assigning the 
correct ICD code to each term (NLP-MCD) was very good (95.2% vs. 82.5% for the 
usual coding tool [32]) and for the identification of the initial cause (AI-UCD) also: 
97.8% versus 90% for the usual system (once entered correctly [33]).

Input Output

Convolution Pooling PoolingConvolution Fully-connected network

Fig. 13.3  Use of artificial intelligence in the evolution of the coding of medical causes of death 
(French system)
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These performances are obviously very good but to be tempered because they 
vary according to the frequency of the pathologies (less good for rare pathologies) 
and especially are not good for new pathologies or for deaths responding to complex 
coding rules such as external causes (accidents, homicides, suicides, etc.). As a 
result, when an emerging pathology such as Covid occurs, the tool does not have a 
learning base and it is not possible to reliably identify the deaths involved. Coding 
rules for Covid cases being transposable to influenza-related deaths, tests have been 
done in this direction at the beginning of the pandemic with controls by an expert 
coder of the outputs proposed by the tool but the sensitivity and specificity of the 
methods being unconvincing, these were abandoned.

�To Take Away

The use of NLP methods for the identification of certificates indicating a new cause 
of death (without certainty that this cause will be properly retained as a cause of 
death) could improve health monitoring but by overestimating deaths related to this 
cause and especially by overrepresenting intrahospital deaths since almost the only 
ones certified electronically. Moreover, the application of methods of standardisa-
tion of terms would improve the share of certificates automatically coded by the 
expert system, when it has integrated the ICD codes and newly created decision 
rules for an emerging pathology. Nevertheless, despite this possibility of improve-
ment, the production delays inherent in paper certification do not allow to date to 
envisage a monitoring of death causes on this method alone.

Deep learning methods have shown a very clear interest not only in assigning 
ICD codes to each medical term present on the certificate but also in identifying the 
underlying cause of death: However, performance is good for common causes, 
already existing and affected by simple rules of decision, so that considering this 
type of approach alone to achieve the monitoring of causes of death on an emerging 
disease is today inappropriate.

To consider monitoring pandemic mortality, it is therefore:

•	 To improve the electronic certification rate by expanding it to all health struc-
tures and death occurring outside hospitals—To improve the automatic coding 
part of the expert system (standardisation of the terms of the expert system dic-
tionary) at least on common causes of death to leave a smaller share of non-
coded certificates to coders, including those related to rare or emerging causes.

•	 To improve the automatic coding part of the expert system (standardisation of the 
terms of the expert system dictionary) at least on common causes of death to 
leave a smaller share of non-coded certificates to coders, including those related 
to rare or emerging causes.

•	 To consider coding using a mixed method extended to deep learning, these meth-
ods having shown their interest in the usual and frequent causes of death: Thus, 
the deep learning tool could code certificates displaying the classic causes (espe-
cially since the tool can give a validity score of the proposed underlying cause); 
thus reducing the share of certificates requiring coding by the method applied 
today (expert system/human coders).
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Future strategies to improve the production of medical cause of death data will need 
to take into account the arrival of ICD 11, which should combine a new coding aid 
tool using these three approaches (deep learning + expert system + human coder).

�AI at the Service of Epidemiology and Public Health 
in the Context of the Covid19 Pandemic

Hélène Colineaux, Laurent Tournois,  and Thomas Lefèvre

In this part, we discuss the uses of AI that have been effectively proposed in the 
service of epidemiology and public health, in the context of the Covid19 pandemic. 
To do this, we relied on a targeted bibliographic search: we decided to essentially 
explore the scientific articles indexed in PubMed, and of the following three types: 
reviews, systematic reviews or meta-analyses. Of course, this type of review has 
limitations, related to the type of articles searched, as well as the database con-
sulted. However, our goal here was not so much to identify a very specific use of AI 
in the context of the pandemic, but more to identify a typology of the proposed uses.

Based on the results of this research and the identified typology of published uses 
of AI, we then describe few more specific examples, in order to present their perfor-
mance as reported in the studies, and to measure their compliance with the TRIPOD/
CHARMS guidelines. We finally estimate their degree of maturity, through an 
assessment of their Technology Readiness Level (TRL).

�Bibliographic Search

Hélène Colineaux and Thomas Lefèvre

We carried out a bibliographic search on February 28, 2022, using PubMed. The 
search equation used was as follows:

((“epidemiology”[All Fields] OR “public health”[All Fields] OR “prevalence”[All Fields] 
OR “incidence”[All Fields] OR “risk factor”[All Fields] OR “modeling”[All Fields])

AND (“covid*”[Title] OR “sars cov*”[Title] OR “pandemi*”[Title])
AND (“artificial intelligence”[Title/Abstract] OR “machine learning”[Title/Abstract] 

OR “deep learning”[Title/Abstract] OR “prediction”[Title/Abstract]))
AND ((meta-analysis[Filter] OR review[Filter] OR systematicreview[Filter])
AND (2020/1/1:2022/2/22[pdat])).

It’s a relatively simple equation, but one that has become more relevant now than 
5–10 years ago, when machine learning, for example, was not necessarily a term 
appearing in the title of articles or in keywords. Previously, it would have been nec-
essary to include a whole list of algorithm names to hope to cover the maximum 
possible cases.
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This equation returned about 200 articles. We excluded articles that were clearly 
off-topic and those that were exclusively related to biomedical research (image pro-
cessing, prognosis, diagnosis or therapeutic study, etc.). In general, in paper review-
ing the use of artificial intelligence in the context of the COVID-19 pandemic, the 
assistance of clinical practice takes a large place: automatic analysis of radiological 
images, diagnostic or prognostic algorithms, drug discovery algorithms, etc. 
Besides, the main reason for exclusion of articles in our review was that these papers 
exclusively reviewed uses for clinical practice. These uses allow to optimize human 
and material resources in this context of important demand of care, so they could 
also be seen as kinds of public health tools, but we focused here only on direct uses 
for population health.

We finally identified almost 60 articles that really relate wholly or partly to epi-
demiology or public health and AI. We explored in more detail 23 of these articles 
[34–56], which we report in Table 13.1, as the other being only partially dealing 
with these aspects or with a too large scope (uses of “digital technologies”).

From these selected articles, we have identified a proposal for a typology of these 
uses of AI.

�A Typology of AI Use at the Service of Epidemiology and Public 
Health in the Context of the Pandemic

Hélène Colineaux and Thomas Lefèvre

From the different applications described by the authors in these articles and the 
classifications they used, we proposed a typology regrouping all the identified uses 
of AI in epidemiology and public health. We describe a typology in six categories, 
plus an emerging seventh (see Fig. 13.4). These categories can be more oriented or 
exclusively epidemiological, or more relevant to public health—the border can be 
porous, these two disciplines relying on each other by history and construction.

�Outbreak Monitoring

The AI has been applied on detected positive cases [57], daily hospitalizations [57], 
social media activity [58–62], wastewater analysis [63], etc., to visualize, predict, 
characterize the spreading of the virus, in a short time, or even in real time [64]. It 
was besides mentioned that the emergence of the pandemic was early detected by a 
Canadian AI-based surveillance system [65]. The detailed uses of this category, 
with examples, are:

•	 Documentation of the number of cases, deaths or vaccinations, in real time, like 
in the “global map” platform produce by the Johns Hopkins university and medi-
cine [66].

•	 Prediction of Covid-19 evolution: size, lengths, starting and ending time of 
peaks, total number of cases, of hospitalizations, of deaths, etc. [67–80]. It might 
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Table 13.1  Twenty-three articles retrieved and analyzed thanks a bibliographic search to explore 
the variety of AI use in epidemiology and public health

Authors Title Revue Year

[34] Abd-Alrazaq 
et al.

Artificial Intelligence in the Fight Against 
COVID-19: Scoping Review

J Med Internet 
Res

2020

[35] Abdulkareem 
et al.

The Promise of AI in Detection, Diagnosis, 
and Epidemiology for Combating COVID-19: 
Beyond the Hype

Front Artif Intell 2021

[36] Adly et al. Approaches Based on Artificial Intelligence 
and the Internet of Intelligent Things to 
Prevent the Spread of COVID-19: Scoping 
Review

J Med Internet 
Res

2020

[37] Asadzadeh et al. Information technology in emergency 
management of COVID-19 outbreak

Inform Med 
Unlocked

2020

[38] Barbieri et al. How Artificial Intelligence and New 
Technologies Can Help the Management of 
the COVID-19 Pandemic

Int J Environ 
Res Public 
Health

2021

[39] Bragazzi et al. How Big Data and Artificial Intelligence Can 
Help Better Manage the COVID-19 
Pandemic

Int J Environ 
Res Public 
Health

2020

[40] Chang et al. Application of artificial intelligence in 
COVID-19 medical area: a systematic review

J Thorac Dis 2021

[41] Chen et al. Artificial Intelligence for COVID-19: Rapid 
Review

J Med Internet 
Res

2020

[42] Dogan et al. A systematic review on AI/ML approaches 
against COVID-19 outbreak

Complex Intell 
Syst

2021

[43] Guo et al. The application of artificial intelligence and 
data integration in COVID-19 studies: a 
scoping review

J Am Med 
Inform Assoc 
JAMIA

2021

[44] Malik et al. How artificial intelligence may help the 
Covid-19 pandemic: Pitfalls and lessons for 
the future

Rev Med Virol 2020

[45] Naseem et al. Exploring the Potential of Artificial 
Intelligence and Machine Learning to 
Combat COVID-19 and Existing 
Opportunities for LMIC: A Scoping Review

J Prim Care 
Community 
Health

2020

[46] Napolitano et al. Impact of computational approaches in the 
fight against COVID-19: an AI guided review 
of 17,000 studies

Brief Bioinform 2021

[47] Shah et al. Fusion of AI techniques to tackle COVID-19 
pandemic: models, incidence rates, and future 
trends

Multimed Syst 2021

[48] Syeda et al. Role of Machine Learning Techniques to 
Tackle the COVID-19 Crisis: Systematic 
Review

JMIR Med 
Inform

2021

[49] Syrowatka et al. Leveraging artificial intelligence for 
pandemic preparedness and response: a 
scoping review to identify key use cases

NPJ Digit Med 2021

(continued)
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Table 13.1  (continued)

Authors Title Revue Year

[50] Swayamsiddha 
et al.

The prospective of Artificial Intelligence in 
COVID-19 Pandemic

Health Technol 2021

[51] Rodríguez-
Rodríguez et al.

Applications of Artificial Intelligence, 
Machine Learning, Big Data and the Internet 
of Things to the COVID-19 Pandemic: A 
Scientometric Review Using Text Mining

Int J Environ 
Res Public 
Health

2021

[52] Tayarani et al. Applications of artificial intelligence in 
battling against covid-19: A literature review

Chaos Solitons 
Fractals

2021

[53] Uohara et al. The Essential Role of Technology in the 
Public Health Battle Against COVID-19

Popul Health 
Manag

2020

[54] Vaishya et al. Artificial Intelligence (AI) applications for 
COVID-19 pandemic

Diabetes Metab 
Syndr

2020

[55] Xu et al. Artificial intelligence for COVID-19: battling 
the pandemic with computational intelligence

Intell Med 2022

[56] Zhang et al. Data science approaches to confronting the 
COVID-19 pandemic: a narrative review

Philos Transact 
A Math Phys 
Eng Sci

2022

Deep system based novel early warning system
(DeepNEWS)

Real-time
continuous time

series data

Monitors DatabaseAdapted clinical
intervention

Explainable deep
machine learning

Human in loop

Decision support system
Electronic health record

  database

Fig. 13.4  Exploring the typology of uses of AI in epidemiology and public health: seven catego-
ries retrieved from bibliographic search

be the application which produce the more literature. Several types of methods 
can be used for forecasting as data-driven statistical model [81, 82], epidemiology-
based compartment models [83, 84] or individual-based agent model [85]. For 
example, Car et al. [86] produced a worldwide model of the maximal number of 
patients across all locations in each time unit, using multilayer perceptrons. And 
Huang et al. [87] used Convolutional Neural Network to predicted number of 
confirmed case in several cities in China.
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•	 Identification of more affected areas, at different levels (country, region, city) to 
geographically adapt measures or behavior to the risk [88, 89]. For example, 
Misra et al. [88] produced a navigation tool for avoiding COVID-19 hotspots.

�Epidemiologic Outcomes and Characteristics Discovering

To informed the public health decisions and to parameterized some forecasting 
models [84], accurate and reliable epidemic knowledge had to be rapidly produced. 
For this aim, AI had also been used:

•	 Description of the characteristics of the virus: R0, incubation period, asymptom-
atic rate, mortality rate, etc. [90–92]. For example, Tessmer et  al. [92] used 
multi-layer perceptron, convolutional neural network, and long-short term mem-
ory, to learn and estimate the R0.

•	 Description of these characteristics among groups, to identify vulnerable ones, 
improve spread predictions and identification of individual factor risks. For 
example, Li et al. [93] used Ridge model to identifying factor associated with 
cases and mortality rate, and Jehi et al. [94] identifying factors of COVID-19 
susceptibility.

•	 Identification of environmental factor: for example, Pramanik et al. [95] mea-
sured the effect of climatic factors on the magnitude of outbreak and Travaglio 
et al. [96] estimated the effect or air pollution on infectivity and mortality rate.

�Social Control and Monitoring

The fight against the pandemic has heavily relied on social measures. IA was used 
as a tool to implement and monitor these measures. We can separate two main types 
of applications:

•	 Contact tracing, i.e. contact identification, contact listing, risk assessment of 
contacts and contact follow-up, e.g. based on the analyze of tracked movements 
and interactions of the infected person [18, 97, 98]. Maghdid et al. [97] devel-
oped, for example, a smartphone-based approach to automatically and widely 
trace the contacts for confirmed COVID-19 cases.

•	 Controlling the norms application, i.e. the respect of social distancing norms 
[99–102], the respect of quarantine by contact or infected people [103, 104], the 
respect of face masks wearing [105]. For example, Ahmed et al. [102] used a 
technology identifying human in video to track social distance.

About social control, some authors have even suggested the use a network of track-
ing systems, technologies such as infrared cameras, data sharing systems, and IA to 
optimize city-wide monitoring and control (“smart city”) [89, 106–108].

Social activity was also used, not only to be controlled, but also to produce infor-
mation for other purposes [109]. Internet searches or social media like twitter [110] 
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have been mining and learned to predict evolution of spread and its characteristics 
[58–62], to evaluate the perception and reaction of the population [89, 111–118], or 
to monitoring the mental health [119]. For example, Zhang et al. [118] used ML 
classification models based on deep learning language model to identify positive, 
negative and complicated emotions in social media conversations about COVID-19 in 
five languages. Koh et al. [120] have also mining Twitter to evaluate the expression 
of loneliness across diverse communities.

�Assisted/Augmented Scientific Research and Knowledge Sharing

Knowledge had to be produce rapidly, and it had also been produced massively 
since the beginning of the pandemic. To really help the clinical and public health 
decisions, the imperative need to evidence synthesis has emerge [121, 122]. Relevant 
reviews are very time-consuming, and AI has been used to assist them, e.g. with 
mining the information [123] and automatically sorting articles [124], to rapidly 
characterize them and their complex relationships, e.g. with graphical representa-
tions [125], to automatically update the review and to identify priority topics for 
further research, addressing important knowledge gaps [126–129]. In addition to 
the analysis of the scientific literature, AI has been also used to evaluate of the qual-
ity and readability of online information about the coronavirus disease [130, 131].

�Healthcare Resources Adaptation and Optimization

During the pandemic, the functioning of the health system was challenged for sev-
eral reasons [47]: by the epidemic itself, due to the explosion in demand for care, 
which was out of all proportion to the usual health needs of the population and 
required rapid and extreme adaptation of healthcare system; by the reductions in the 
resources for care for reasons other than COVID-19 (closure of operating theatres, 
cancellation of “non-urgent” care, increasing demand of equipment, etc.), which 
also required adapting the supply of care, for example in psychiatry, cardiology, 
surgery, etc.; by the lockdown and isolation of population which created a disrup-
tion in usual treatments and follow-ups.

AI, and technologies more broadly, were seen as an opportunity to reduce the 
burden on health care system during the pandemic times, especially in Low-Middle 
Income Countries even more challenged by limited resource issues [45]. We can 
regroup these uses in three strategies:

•	 Reducing the demand of care, using general-public diagnosis software, informa-
tive or supportive “chatbots” [132–136]. For example, Battineni et al. [135] pro-
posed an AI-based “chatbot” to evaluate diagnostic and recommend immediate 
measures for patients exposed to nCOV-19, in order to reduce need for medical 
specialist consultation.
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•	 Reducing the need of material and, above all, human resources in practice, by 
using AI-assisted telemedicine, diagnostic assistance software, automated 
decision-making processes, patient monitoring framework, etc. [137–141]. 
Hallak et al. [141], for example, reviewed the application of AI in ophthalmol-
ogy, especially to patient triage and telemedicine care, during COVID-19 era.

•	 Adapting the healthcare system functioning, e.g. by developing prioritization 
strategies for resource allocation, such as vaccines [142, 143] or by predicting 
the needs [144, 145]. For example, Cheng et  al. [144] used random forest to 
predict the ICU transfer of a patient within 24 h and Shashikumar et al. [145] 
used neural network to identify patients who could need mechanical ventilation. 
AI also permit the optimization of other care, for example Rozario [146] used 
ML to optimize the operating room allocation in the actual context of extended 
waist list of surgical procedures due to the cancellations.

�Social, Economic and Governmental Measures Assessment

AI had been used to evaluate the effect of public health interventions [57, 147–152]. 
For example, Porcher [153] propose to document all governments’ response to pan-
demic around the world. Mégarbane et al. [57] produce a tool to monitoring lock-
down efficacy and assessing its adequate duration. Dandekar et al. [152] used mixed 
first-principles epidemiological equations and data-driven neural network model to 
estimate the role played by the quarantine and isolation in controlling the reproduc-
tion number Rt of the virus.

AI had also been used to assess the “side effects” of pandemic, media coverage 
and governmental decisions, i.e.:

•	 Assessing the effects on the economy, e.g. by identifying actions minimizing the 
number of infection and the effect on economy [154, 155] or by measuring the 
impacts on the electricity and petroleum demand [156] or on supply-chain [157].

•	 Effects on the environment, e.g. with the measure of lockdown effects on pollu-
tion [158].

•	 Effects on the society, e.g. by describing the effects of mobility restrictions and 
their heterogeneity between socio-economic or racial groups [159], by evaluat-
ing the perceptions and reactions of the population [89, 111–117, 160], or by 
describing the effect on vulnerable populations [161].

•	 Effects on the whole health, especially on mental health [162–164].

�Infodemics

The pandemic has been characterized by the over-abundance of information and the 
important diffusion of rumors and fake news, which are not without social and con-
sequences [165, 166]. AI has been proposed to automatically detecting misinforma-
tion at their early stage of diffusion [167–174]. For example, Uyheng et al. [173] 
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used random forest to detect hate speech in Twitter. Paka et al. [174] also developed 
a “cross-stitch based semi-supervised end-to-end neural attention model” to iden-
tify fake-news in Twitter.

�What Performance of AI in the Uses Identified in Epidemiology 
and Public Health?

Laurent Tournois

The evaluation of the performance of AI algorithms for a given use case is a neces-
sity, and in the majority of cases, it should be done by comparison with the historical 
technique, the gold standard. It is often implicit that AI will improve the perfor-
mance expected in a use case, compared to the historical reference technique. This 
is not systematic; it is even quite often false. Also, as for other types of study or 
techniques, guidelines have been established for the reporting of studies presenting 
an AI algorithm applied to a use case: the TRIPOD [175] and CHARMS guidelines 
[176]. It is possible to rely on these guidelines in order to assess, on the one hand, 
the quality of the reporting of studies on the use of AI in epidemiology and public 
health, and on the other hand, to give a first estimation of the performance of these 
algorithms.

We present here some examples and results that we considered illustrative 
regarding the study of the pandemic. A summary of AI-based applications and their 
performances is provided in Table 13.2.

�Outbreak Monitoring

AI may be used as a modeling tool of the spread of COVID-19 to monitor disease 
outbreaks around the world. For instance, the authors in [86] used AI-based tech-
niques to model the worldwide spread of COVID-19. They designed three multi-
layer perceptrons (MLPs) to estimate the maximal number of infected, recovered 
and deceased people due to COVID-19 per location and unit time respectively. The 
models were trained from data of 402 locations, mainly in the northern hemisphere, 
and collected from 22nd January 2020 to 12th March 2020, consisting in 20,706 
data points in total. The data are available at https://github.com/CSSEGISandData/
COVID-19 (accessed on 7th March 2022). The features of each MLP included the 
latitude and the longitude of the location and the number of days since the first case 
appeared, relative to the date of data collection. The authors used fivefold cross vali-
dation to select the best models and R2 (coefficient of correlation) between the real 
and predicted values to assess the models performance. The values of R2 were 
0.98599, 0.97941 and 0.99429 with standard deviation 0.037, 0.072, 0.021 for the 
estimation of the maximal number of infected, recovered and deceased people due 
to COVID-19 respectively. Those R2 values indicated that the models seemed to be 
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Table 13.2  Summary of the AI-based applications with their usage, purpose, type of AI algorithm 
developed in the article and model performance

Usage Reference Purpose Type of AI Model performance

Outbreak 
monitoring

Car et al. 
[87]

Estimation of the 
maximal number of 
infected, recovered 
and deceased 
people due to 
COVID-19 per 
location and unit 
time

MLP R2 between predicted 
and ground truth values 
of maximal number of 
infected, recovered and 
deceased people are 
respectively 0.98599, 
0.97941, 0.99429 with 
standard deviation 0.037, 
0.072, 0.021.

Outbreak 
monitoring

Huang et al. 
[87]

Estimation of the 
number of 
cumulative 
confirmed cases of 
COVID-19 in 
seven cities in 
China

CNN MAE ranges from 3.808 
to 426.179 (average is 
102.643) and RMSE 
ranges from 4.779 to 
456.910 (average is 
109.439) depending on 
the city

Epidemiologic 
outcomes and 
characteristics 
discovering

Li et al. [93] Determination of 
the risk factors 
associated with 
COVID-19 in 
terms of cases, 
deaths and case 
fatality rates

ridge logistic 
model

For the COVID-19 cases, 
deaths and case fatality 
rates, the AUC is 
respectively 0.8, 0.83, 
0.81 in the 154 countries 
and 0.95, 0.94, 0.89 in 
the 50 US states.

Epidemiologic 
outcomes and 
characteristics 
discovering

Jehi et al. 
[94]

Development of a 
nomogram that 
predicts the risk of 
a positive 
COVID-19 case

multivariable 
logistic 
regression 
model

With a cutoff of 0.13 
(positive being detected 
equal to negative being 
avoided), sensitivity, 
specificity, negative 
predictive value and 
positive predicted value 
in terms of classification 
between positive and 
negative COVID-19 case 
are respectively 0.762, 
0.765, 0.957, 0.319

Social control 
and monitoring

Zhang et al. 
[118]

Identification of 
sentiments in social 
media 
conversations about 
COVID-19 in 
Arabic, French, 
Spanish, English 
and Chinese

Deep learning 
model

Accuracy of the models 
are greater than 0.82. 
The accuracies range 
from 0.824 ± 0.004 
(French tweets) to 
0.905 ± 0.002 (Arabic 
tweets)

(continued)
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Table 13.2  (continued)

Usage Reference Purpose Type of AI Model performance

Social control 
and monitoring

Ahmed et al. 
[102]

Identification of 
humans for social 
distance tracking 
using an overhead 
perspective

Object 
detection 
deep learning 
model

Precision, recall and 
accuracy for human 
detection are respectively 
0.86, 0.83, 0.95. The 
tracking accuracy is 
0.95.

Assisted/
augmented 
scientific 
research and 
knowledge 
sharing

Joshi et al. 
[123]

Literature mining 
for research 
purposes and 
summarization of 
articles

NLP 
techniques 
with deep 
learning

No information

Assisted/
augmented 
scientific 
research and 
knowledge 
sharing

Wise et al. 
[125]

Visualization of 
complex 
relationships 
between 
COVID-19 and 
scientific articles 
and topic modeling

Knowledge 
graph, Z-LDA

Average F1 score of 
0.9192.

Healthcare 
resources 
adaptation and 
optimization

Cheng et al. 
[144]

Prediction of ICU 
transfer within 24 h 
for a patient

Random 
forest

Sensitivity, specificity, 
accuracy and AUC 
(threshold at 0.5) are 
respectively 0.728, 
0.763, 0.762, 0.799.

Healthcare 
resources 
adaptation and 
optimization

Shashikumar 
et al. [145]

Identification of 
COVID-19 patients 
in need of 
mechanical 
ventilation

Feed-forward 
neural 
network

AUC is 0.882 at 0.8 
sensitivity

Social, 
economic and 
government 
assessment

Dandekar 
et al. [152]

Estimation of 
quarantine effect 
on the COVID-19 
infection spread

MLP No performance metric 
but comparison graphs 
between predicted and 
real number of 
COVID-19 cases 
showing promising 
results.

Infodemics Uyheng et al. 
[177]

Identification of 
hate speech, 
offensive speech 
and normal speech 
from tweets

Random 
forest

Micro-averaged F1 score 
is 0.8417 and weighted 
F1 is 0.8293

CNN convolutional neural network, MLP multilayer perceptron, NLP natural language processing, 
Z-LDA Z-latent Dirichlet Allocation

performing enough to estimate the number of infected, recovered and deceased indi-
viduals in the early stages of the COVID-19 pandemic. The authors declared that 
their models were the most performing compared with the models performance in 
the literature. They intended to implement their models within a web interface. They 
also suggested exploring other AI-based architectures, such as recurrent neural net-
works (RNN), increasing the datasets size to improve the model performances and 
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comparing models for different infective diseases. The code, models and inputs are 
available at COVID-19 MLP, Riteh AI and Robotics Group https://github.com/
RitehAIandRobot/COVID-19-MLP (accessed on 7th March 2022).

The spread of the pandemic may also be monitored by the number of cumulated 
confirmed COVID-19 cases. The authors in [87] estimated this number for seven cit-
ies in China (Wuha, Huanggang, Xiaogan, Ezhou, Yichang, Wenzhou, Shenzhen) by 
using convolutional neural networks (CNNs). The models were trained from cases 
confirmed from January 23rd, 2020 to February 17th, 2020 and they were validated 
from a test set which consisted in cases confirmed from 18th February 2020 to 2nd 
March 2020. The features of the CNN were defined as a 6 × 5 input vector encom-
passing the number of cumulated confirmed cases, total confirmed new cases, cumu-
lated cured cases, total cured new cases, cumulated deaths and total new death per 
day since the past 5 days before the day to predict. The authors compared the CNN 
model performances with all those features and with only one feature, the number of 
cumulative confirmed per day since the past 5 days before the day to predict, as input 
of the model. They also compared the performance of the CNN model with other AI 
models such as long short-term memory (LSTM), gate recurrent units (GRU) and 
MLP networks. The best performance on the test set was obtained with the CNN with 
all features as input compared with the other AI models. For the CNN model, the 
mean absolute error (MAE) ranges from 3.808 to 426.179 with an average of 102.643 
and the root mean square error (RMSE) ranges from 4.779 to 456.910 with an aver-
age of 109.439 depending on the city for which the model was applied. Those perfor-
mance values seemed relevant with a usage in the context of the pandemic. However, 
the authors pointed out that they used small datasets and suggested that the model 
performance may be improved by the establishment of more complete databases and 
the development of hybrid AI models, that is to say AI models with mixed structures.

�Epidemiologic Outcomes and Characteristics Discovering

During the COVID-19 pandemic, researchers used AI to identify risk factors associ-
ated with COVID-19 to understand the characteristics of the disease and provide 
relevant information to governments. The authors in [93] developed ridge logistic 
models to identify novel critical factors associated with COVID-19 cases, deaths 
and case fatality rates in 154 countries and in the 50 US states respectively. The 
models estimated the number of COVID-19 confirmed cases (per one million) and 
deaths (per one million). The case fatality rates were calculated on a given day by 
dividing the number of COVID-19 deaths that day by number of cases 14  days 
before. The model was trained on 75% of the available data and evaluated on the 
25% remaining data. However, the dataset size was not provided by the authors. The 
features used as inputs in the model encompassed 77 variables for the 154 countries 
dataset and 55 variables for the US states dataset. After model training, for the 
COVID-19 cases, deaths and case fatality rates, the area under the receiver operat-
ing characteristic curve (AUC) was respectively 0.8, 0.83, 0.81 in the 154 countries 
dataset and 0.95, 0.94, 0.89 in the 50 US states dataset. Relevant features regarding 
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the COVID-19 cases, deaths and case fatality rates were extracted from the model 
by using a least absolute shrinkage and selection operator (LASSO) algorithm with 
fivefold cross validation. Only the variables with a nonzero β-coefficient were kept. 
A total of 57 variables that could affect COVID-19 transmission were selected over 
the initial 77 variables for the 154 countries dataset. Similarly, 27 variables were 
selected over the initial 55 variables for the US states dataset. The authors found that 
the three best predictors for the 154 countries dataset were unimproved water 
sources, internet usage and urbanization levels for COVID-19 cases, a body mass 
index lower than 18, unimproved sources of water and HIV for deaths and latitude, 
health expenditure and vehicle usage for case fatality rates. The top three predictors 
for the US states were Black people, sports events and inland for COVID-19 cases, 
international tourism revenue, Black people and community hospitals for deaths 
and private transport in urban environments, sex ratio and birthrate for case fatality 
rate. The authors declared that some factors needed to be further validated in large-
scale clinical data and that the sample sizes were not sufficient in terms of numbers 
of predictors used (since β-coefficients of some variable were low).

In [94], the authors developed a multivariable logistic regression model to esti-
mate the number of COVID-19 infections to build a nomogram that predicts the risk 
of a positive COVID-19 case. The patients came from Cleveland clinic locations in 
Ohio and Florida and presented symptoms of a respiratory tract infection or with 
other risk factors for COVID-19. The model was trained with a set of 11,672 patients 
including 818 positive cases for COVID-19 and was evaluated with an external vali-
dation set of 2295 patients including 290 positive cases for COVID-19 and coming 
from the Cleveland Clinic in Florida from 2nd to 6th April 2020. With a cutoff of 
0.13 (corresponding to positive cases being detected equal to negative cases being 
avoided), sensitivity, specificity, negative predictive value (NPV) and positive pre-
dictive value (PPV) on the external validation set are respectively 0.762, 0.765, 
0.957 and 0.319. The authors found that the model overestimated its predictions for 
a probability of positive case greater than 40% (in the external validation set). They 
also highlighted that being Male, African American, older patients, and people with 
known COVID-19 exposure were at higher risk of being positive for COVID-19 
whereas the risk was reduced for people who had pneumococcal polysaccharide or 
influenza vaccine or who were on melatonin, paroxetine, or carvedilol treatment. A 
higher risk of COVID-19 was also noticed for people with a poor socioeconomic 
status. However, the authors also pointed out that reverse transcription polymerase 
chain reaction (RT-PCR) was not enough sensitive for nasal swabs (sensitivity of 
0.63) and pharyngeal swabs (sensitivity of 0.32). They mentioned that their findings 
must still be reproduced and validated. Therefore, the model performance values 
should be interpreted with carefulness.

�Social Control and Monitoring

AI can leverage social media for surveillance and monitoring of the population dur-
ing the COVID-19 pandemic. For instance, the authors in [118] used deep learning 
models to identify sentiments in social media conversations about COVID-19 in six 
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different languages (English, French, Arabic, Spanish, Italian and Chinese). One 
model was trained for each language and each model was able to identify if a social 
media post conveyed positive expressions (such as being thankful, optimistic, 
empathetic), negative expressions (anxious, sad, annoyed, pessimistic and denial) or 
a complicated expression (joking). The models were trained from 10,000 annotated 
posts published from 1st March 2020 to 15th May 2020 in each defined language, 
except Chinese posts which consist in 21,173 Sina Weibo messages. Each post 
underwent sentiment annotation by human experts and was converted into a 
768-dimensional vector used as input in the models. The data are available at https://
github.com/gitdevqiang/SenWave (accessed on 7th March 2022). After training 
with fivefold cross validation, the performance of the models was assessed in term 
of classification accuracy, which ranged from 0.824 ± 0.004 (obtained for French 
tweets) to 0.905 ± 0.002 (obtained for Arabic tweets). The models were then applied 
to million tweets and Sina Weibo messages (for Chinese posts). The authors found 
a rapid increase of conversations about COVID-19 in all languages followed by a 
slow decline. The tweets that conveyed joking and negative emotions appeared to 
turn into positive emotions, especially in Arabic posts as the pandemic came under 
control). The authors also pointed out that the increase in tweet volume was driven 
by the government enforcement of confinement measures and the collapse of stock 
market and the global economy.

In [102], the authors used object detection algorithms to detect humans and track 
social distancing from video sequences with an overhead perspective. The video 
frames, consisting in people moving freely, were collected from the indoor of the 
Institute of Management Sciences, Hayatabad, Peshawar, Pakistan. The dataset of 
video sequences was split into a training set and a test set with training-to-test size 
ratio of 70/30. The object detection model was then trained from a YOLOv3 archi-
tecture to localize humans in the videos as bounding boxes. In other words, the 
model predicted the 2D spatial coordinates, the width and the height of a bounding 
box delimiting a person. Afterwards, the Euclidean distance between each pair of 
box centroids was calculated to estimate the distance between people. Those who 
do not respect social distance were highlighted in red on the video and tracked. The 
precision, recall and accuracy of the model for human detection were respectively 
0.86, 0.83, 0.95. The tracking accuracy was 0.95. The model was compared with 
other object detection architectures, such as Mask-RCNN, Faster-RCNN and Fast-
RCNN. According to the authors, the YOLOv3-based model was the most perform-
ing one compared with those model architectures.

�Assisted/Augmented Scientific Research and Knowledge Sharing

AI models were developed for data mining for research purposes regarding the 
COVID-19 pandemic. For instance, the authors in [123] created a literature mining 
system from biomedical literature databases and a research summarization tool for 
early-stage comprehension of the pandemic with natural language processing (NLP) 
techniques. The system, called deepMINE, was developed from the CORD-19 

13  AI, Epidemiology and Public Health in the Covid Pandemic

https://github.com/gitdevqiang/SenWave
https://github.com/gitdevqiang/SenWave


316

database [ref] containing 29,315 articles representing a total of 146,115,136 words. 
However, the authors did not provide any information about the type of AI used in 
the NLP techniques used to create the system or any performance metrics. Despite 
the lack of information regarding the development and evaluation of the system, the 
tool was supposed to be available at https://deepmine.in/ according to the authors. 
However, this link was not accessible (tried to access on 7th March 2022). Moreover, 
since no information was provided about the performance of the model, it is cur-
rently not possible to analyze the performance of the AI system like this is done for 
the previous examples of AI applications.

The authors in [125] designed a COVID-19 knowledge graph by extracting and 
visualizing complex relationships between COVID-19 and scientific articles from 
the CORD-19 dataset. They defined the knowledge graph from five types of entities: 
paper, author, concept, institution, and topic. The authors used a multi-label classi-
fier based on Z-latent Dirichlet Allocation (Z-LDA) to predict the topic of articles 
among ten defined topics (vaccine/immunology, genomics, public health policies, 
epidemiology, clinical treatment, virology, influenza, healthcare industry, lab trials 
and pulmonary infections). The model was trained from titles, abstracts and text 
bodies from less than 59,000 articles. The model reached an average F1-score of 
0.9192, which suggested that the classifier was able to attribute topics to given arti-
cles. The model was then validated by verifying that the classifier predicted well the 
topic of articles from the Journal of Virology and the Journal of Vaccine. The valida-
tion results were rather promising for a future use by researchers. The COVID-19 
knowledge graph is now used to power an archive search engine available on https://
www.cord19.aws/ (accessed on 7th March 2020).

�Healthcare Resources Adaptation and Optimization

In the context of the COVID-19 pandemic, the intensive care units (ICU) were rap-
idly overwhelmed by COVID-19 patients who needed ICU care level. Therefore, AI 
applications were developed to help adapting the resources and optimizing the flow 
of patients who needed intensive care.

In [144], a random forest algorithm was developed to predict if a patient needed 
an ICU transfer within 24 h. The model was trained from 401 patients and validated 
from 521 patients. All patients were older than 18 years old and admitted to Mount 
Sinai Hospital from 26th February 2020 to 18th April 2020. The features used to 
develop the model include data about vital signs, nursing assessment, laboratory 
data and electrocardiograms. For each patient, the last three observations were used 
as input. The missing data were replaced with the median value calculated across 
the cohort. The model performance was assessed with the sensitivity, specificity, 
accuracy and AUC with a classification threshold of 0.5 to determine if a patient 
needed intensive care within 24 h or not. With a 95% confidence interval, the model 
achieved [0.632, 0.811] sensitivity, [0.747, 0.779] specificity, [0.746, 0.777] accu-
racy and [0.752, 0.846] AUC. However, the authors pointed out that the random 
forest model was built from a low-size dataset with class imbalance. Therefore, they 
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recommended to use the resulted model for resources prioritization rather than clin-
ical decision support. Moreover, they did not guarantee the generalization capacity 
of the model to other data than those which were used to train and evaluate the 
model since the data came from a sole hospital. To improve their model, they pro-
posed to add other features such as the fraction of inhaled O2, the level of respiratory 
support and the percutaneous oxygen saturation.

In another AI-based application, the authors in [145] developed a feed-forward 
neural network, called VentNet, to identify COVID-19 patients in need of mechani-
cal ventilation. They trained the network from 18,528 patients admitted to ICU at 
the University of California San Diego Health between 1st January 2016 to 15th 
January 2020 and validated the model from 3888 patients admitted to ICU at the 
Massachusetts General Hospital between 1st February 2020 to 4th May 2020. All 
the patients were adults and those with ICU-like level of care are considered since 
ICUs expanded to non-traditional floors due to the high rate of COVID-19 patients 
who required ICU transfer. The patients for whom the length of stay in ICU lower 
than 4 h or higher than 20 days, or with a need of non-invasive mechanical ventila-
tion only are excluded from the datasets. The features used in the model included 40 
clinical variables organized in 1 h non-overlapping time intervals. The missing data 
were imputed by the mean of the values for respective features. The model achieved 
an AUC of 0.882 for the test set. This performance value was the best compared to 
a logistic regression model (AUC was 0.773) and a model based on ROX score 
(AUC was 0.782). For the COVID-19 ICU population, the AUC reached 0.919. The 
authors pointed out that the models were developed for patients with a need of inva-
sive mechanical ventilation only, and that the resulted model was trained with his-
torical data instead of data collected during the COVID-19 pandemic. Therefore, 
even though the model achieved good performance on the COVID-19 populations 
in the test set, one must be careful to use the model for data acquired during the 
pandemic since it was not validated with such data.

�Social, Economic and Government Measures Assessment

Government responses regarding the COVID-19 pandemic may be assessed by AI 
models. In [152], the authors developed a susceptible-infected-recovered (SIR) 
model augmented with a MLP to quantify the effect of the quarantine in the 
COVID-19 infection spread. The MLP model predicted a quarantine strength func-
tion, corresponding to the strength of the quarantine over time. The model was 
trained from available data of Wuhan (collected from 24th January 2020 to 3rd 
March 2020), Italy (collected from 27th January 2020 to 23rd March 2020), South 
Korea (collected from 2nd February 2020 to 17th March 2020) and predictions were 
made from available data of USA (collected from 8th March 2020 to 1st April 
2020). The model inputs included the number of susceptible, infected, recovered 
and quarantined people. No performance metric was precisely defined. However, 
the authors compared graphs representing the number of infected and recovered 
cases for each region over days post 500 infected and with or without the use of the 
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MLP to assess the performance of the AI model over the traditional SIR model. At 
first glance, those graphs highlighted that the SIR model augmented with MLP bet-
ter fitted the data than the traditional SIR model in the Wuhan dataset. The MLP 
model fitted relatively well the data for the Italy, the USA dataset and the number of 
recovered cases for the Wuhan and South Korea datasets. However, the model did 
not manage to fit well the number of infected people in the South Korea for data 
after 15 days post 500 infected people and Wuhan datasets for data after 25 days 
post 500 infected people. Therefore, one should be careful when using the model. 
Despite this defect, the authors found a strong correlation between the strengthen-
ing of the quarantine, the actions taken by governments and a decrease in the effec-
tive reproductive number (representing the average number of secondary cases per 
infectious case in a population). Further study seemed to be required to validate the 
MLP-augmented SIR model.

�Infodemics

Nowadays, with the widely use of social media, the effects of the COVID-19 pan-
demic on the population emotional state as it is reported by people using social 
network is relatively easy to access. For instance, the authors in [118] developed an 
AI-based model to classify social media conversations into specific emotion catego-
ries conveyed by those conversations. The authors in [177] used a random forest 
algorithm to identify hate speech, offensive speech and regular speech from tweets 
and assessed links between hate speech and bot-driven activity. The model was built 
from 12  million tweets about the COVID-19 pandemic in the USA and in the 
Philippines from 5th March 2020 to 19th May 2020. The features of the random 
forest model included predictors defined by the NetMapper software, such as the 
lexical counts of pronouns, abusive terms, exclusive terms, absolutist terms and the 
identity terms. The authors added the counts of English words, and words from 
common languages in the Philippines in the features. The model achieved a micro-
averaged F1-score of 0.8417 and weighted F1-score is 0.8293. The random forest 
model was the best one compared with other models such as a random-based model, 
a heuristic-based model and a logistic regression model. Those results suggested 
that the application of the model may be relevant for other locations than the USA 
or the Philippines. However, the authors did not provide information about any train 
and test set. Therefore, it is not possible to assess the generalization capacity of the 
model on other data. The authors also performed an analysis of links between bot-
driven activities and hate speech with a random forest-based algorithm called 
BotHunter. In the USA dataset, they found that low-hate humans and high-hate bots 
had significant influence over network information. In the Philippines dataset, the 
analysis suggested that the information flow on Twitter tended to be more controlled 
by bots. The authors also pointed out that bots control major aspects of information 
flow in the conversations about the COVID-19 pandemic.

In the next section, the maturity of the AI applications discussed in this part is 
assessed.
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�Beyond Performance, What About the Degree of Maturity 
of Published AI Algorithms?

AI algorithms are expected to be developed and validated, so that they can be used 
in a specific use case. Also, after having ensured a good share of acceptable and 
relevant performance of an algorithm in a given use case, as well as the quality of 
the reporting of the studies presenting it, one may be interested in its degree of 
maturity, that is to say, the level of integration of a given algorithm from the obser-
vation of the basic principles to the moment when it is actually put into production, 
used and usable in routine. To do so, we can use the concept of technology readiness 
level—TRL. Indeed, this concept is currently used by the National Aeronautics and 
Space Administration (NASA) and the Department of Defense of the USA to assess 
the maturity level of technologies to be implemented in those structures. The TRL 
scale is based on nine values which describe the integration level of a technology 
from the observation of the basic principles of that technology to its successful use 
in real operational environments [178]. This scale is mainly based on research, 
development and validation levels of a technology. The maturity of the AI-based 
applications described in the previous section (“What Performance of AI in the Uses 
Identified in Epidemiology and Public Health?”) may be assessed using an adapted 
TRL scale inspired from the NASA TRL scale and defined by six levels of integra-
tion (Table 13.3). The first level corresponds to the formulation of the idea to develop 
the AI model. In the second level, the model is developed but is not validated on a 
well-defined dataset. In the third level, the AI algorithm is validated from one or 
several internal datasets but requires further validations on one or several external 
validation datasets. In the fourth level, the AI model is validated on one or several 
external datasets with small representative data. In the fifth level, it is validated on a 
large-scale external dataset but may still require further validations. In the sixth 
level, the AI model is completely validated and is reported to be successfully used 
in real and operational environments with new data.

We take here some examples and results used in the previous section, and study 
them from the angle of their estimated TRL. Table 13.4 summarizes the estimated 
TRL of each AI application and the key points used to estimated that TRL. Details 
about how the TRL was estimated for each example are described below.

Table 13.3  Definition of the levels of maturity for the AI algorithms designed for epidemiology 
and public health purposes during the COVID-19 pandemic, adapted from Mankins, 1995 [178]. 
eTRL estimated technology readiness level

eTRL Characteristic

1 Formulation of the AI model concept
2 Proof of study without clear validation
3 Internal validation of the model performance
4 External validation of the model performance with small datasets
5 External validation of the model performance with large datasets
6 Reports of successful usages in real operational environments with new data
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Table 13.4  Summary of estimated TRL per AI applications described in section “What 
Performance of AI in the Uses Identified in Epidemiology and Public Health?”. eTRL estimated TRL

Reference
Publication 
status Key points to assess the TRL of the model eTRL

Car et al. [86] Peer-
reviewed

Internal validation 3

Huang et al. 
[87]

Preprint Datasets (train and test sets) are small but not detailed 
(internal or external dataset not precised)

2

Li et al. [93] Peer-
reviewed

Small datasets, distribution of data in the datasets is not 
detailed, features need to be validated at a large scale

4

Jehi et al. [94] Peer-
reviewed

Overestimation of predictions but overfitting is not 
studied, data imbalance, further validations are 
required

4

Zhang et al. 
[118]

Peer-
reviewed

Internal validation 3

Ahmed et al. 
[102]

Peer-
reviewed

Train and test datasets are not detailed in terms of 
distribution or size.

2–4

Joshi et al. [123] Preprint No information about the natural language processing 
algorithm used or the dataset distribution or the 
performance metrics.

–

Wise et al. [125] Preprint Size and distribution of the train and validation datasets 
are not detailed but the final knowledge graph is 
applied to power a search engine.

2–4

Cheng et al. 
[144]

Peer-
reviewed

Small dataset, external validation, need further 
validation studies and model performance 
improvement.

3

Shashikumar 
et al. [145]

Peer-
reviewed

External validation set, imbalanced dataset towards the 
outcome to predict, relatively small dataset towards 
given outcomes.

4

Dandekar et al. 
[152]

Preprint The datasets were not detailed. No performance metric 
but graph analysis between estimated and real values.

2

Uyheng et al. 
[177]

Peer-
reviewed

The type, size and distribution of datasets are not 
detailed. The initial dataset is relatively large 
(12 million instances).

2–4

�Outbreak Monitoring

In Car et al. [86], even though the performance of the AI model seemed good and 
relevant for a use in real an operational environment, the authors used K-fold cross 
validation without external validation set to select the best model among models 
with different hyperparameters and assess its performance. Therefore, the perfor-
mance of the model may be biased towards the validation sets. The model should be 
trained with an external validation set to prevent the overestimation of the model 
performance. Moreover, the data seemed very sparse (mainly consisting in values of 
0 for several features), which could lead to overfit the model towards the predictions 
made from instances with features equal to 0. However, the problem of overfitting 
is not clearly treated. Furthermore, the high regularization parameter of the model 
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suggested that some features were not relevant for the predictions of the model. 
Therefore, further studies are required to validate the performance of the model.

In Huang et  al. [87], the performance of the model also looked promising. 
However, the datasets size were not given but were considered small by the authors 
and the possible presence of overfitting was not mentioned. Moreover, the model 
developed in this article was built from data before the COVID-19 disease was con-
sidered as a pandemic (before 11th March 2020). Therefore, the model may not take 
into account pandemic settings and may not be applicable in the context of the 
COVID-19 pandemic. In addition, this model was trained from data from seven cit-
ies in China, no validation was performed for other locations around the world, 
probably because China was the first country to be hit by COVID-19 and most of 
available data were related to China cities. Therefore, further validations seemed to 
be required to apply the AI model in the current context of the pandemic.

�Epidemiologic Outcomes and Characteristics Discovering

In Li et al. [93], the AI model was developed with fivefold cross validation on the 
train set and assessed with an external validation set. The robustness of the model 
was tested by variation of training and test set proportions. The authors found that 
some features needed to be further validated for large-scale clinical data. Moreover, 
the model may not be applicable to the current situation since the testing capacity 
against COVID-19 is not similar between countries. The authors also highlighted 
that the sample sizes were not sufficient in terms of number of predictors used in the 
model, which may lead to ambiguous associations of factors with the risk of 
COVID-19.

In Jehi et  al. [94], the datasets were specific to Cleveland clinic locations. 
Therefore, the resulting model was rather specific to Cleveland COVID-19 patients. 
The authors pointed out that the predictions of the model were overestimated for 
probabilities of positive case greater than 40% in the external validation set. This 
may be the result of model overfitting. However, this issue was not studied in this 
article. In addition, the datasets were imbalanced in terms of positive and negative 
patients towards COVID-19, which may bias the model. Moreover, the authors 
declared that further validations were needed since the pandemic has evolved so that 
the data distribution may currently be different from the data which were used.

�Social Control and Monitoring

In Zhang et al. [118], the model was trained with fivefold cross validation and with-
out external validation dataset. The datasets were imbalanced towards English posts 
(64% of posts in the datasets). Moreover, the model performance was not assessed 
with an external validation dataset. Therefore, further validations are required.

In Ahmed et al. [102], the URL given by the authors to access the datasets was 
not reachable. Therefore, no information was provided about the size or the 
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distribution of the dataset. The reader only knows that two datasets were used, a 
training and a test set with instance proportions of 70/30 respectively. The perfor-
mance metrics were defined but the intersection-over-union threshold for the local-
ization of humans was not detailed. Moreover, some people were not detected by 
the AI model (see figures 12c, h, g in their article), which suggested that the model 
performance may be improved.

�Assisted/Augmented Scientific Research and Knowledge Sharing

In Joshi et al. [123], the authors provided the size of the global dataset. However, 
they did not provide any information about the type of natural language processing 
algorithm they used to develop the model or any metric used to assess the model 
performance. The authors provided a link to access the AI model called deep-
MINE. However, this link was not reachable (try to access on 7th March 2022). 
Therefore this application is not really assessable in terms of technology readi-
ness level.

The knowledge graph developed in Wise et al. [125] is currently available on the 
Internet. However, the size and the distribution of the datasets used to train or vali-
date the topic modeling task was not detailed. Only the size of the initial dataset 
split into a train and validation set was given. Therefore, it is rather hard to estimate 
precisely the TRL. One may only give an interval of TRLs (from 2 to 4) that may 
apply to the AI model.

�Healthcare Resources Adaptation and Optimization

The authors in [144] developed a random forest algorithm from data which were 
imbalanced in gender and in age for people older than 80 years old, which may lead 
to bias the model towards the over-represented categories of people. No study of 
bias was performed. Nevertheless, the authors detected data imbalance towards 
people who do not require ICU transfer (the rate of ICU transfer was 3.7%). To 
overcome this issue, they performed under-sampling on the training dataset to bal-
ance the data and get equally distributed cases in terms of ICU transfer. However, 
the test (or external validation) set was not modified, so the patients that do not 
required ICU transfer were five times more represented than people who require 
ICU transfer. Moreover, compared with the number of predictors, the number of 
instances may be too small. In other words, the datasets were relatively small for the 
number of variables used for each instance.

In [145], the authors developed a model from historical data of 18,528 ICU 
patients before the COVID-19 pandemic. Therefore, the model may not consider 
the current COVID-19 pandemic characteristics. They used tenfold cross validation 
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on the train set and assessed the performance of the model on an external validation 
set containing data acquired during the COVID-19 pandemic. The datasets were 
highly imbalanced in terms of ventilated and non-ventilated patients. To prevent 
overfitting, the authors used L1-L2 regularization. Further validation studies may be 
required since the data were relatively small concerning people in need of invasive 
mechanical ventilation and those data only came from two locations in the USA.

�Social, Economic and Government Measures Assessment

The authors in [152] developed an AI model integrated with a SIR model. The size 
and distribution of the datasets were not clearly defined and there was no perfor-
mance metric. Therefore, the performance of the AI model was not quantifiable. As 
a consequence, further details about the datasets and a clear performance value may 
help understand the contribution of the AI model in the MLP-augmented SIR model.

�Infodemics

In [177], the authors developed a classifier from an original dataset of 12 million 
tweets. However, the type, distribution and size of the datasets were not given by the 
authors. Therefore, it is not possible to assess the generalization capacity of the 
model on other data, so to assess precisely the maturity of the classifier. Moreover, 
the authors declared that a qualitative assessment of the predictions in relation to 
empirical observations is required, which suggest that the assessment of the matu-
rity of the model in terms of TRL is relatively difficult. Therefore, the level of matu-
rity of the model may be assessed between 2 and 4 in terms of estimated TRL.

From all the AI models presented in this section, it was not possible to assess one 
model and to assess precisely three models due to a lack of information. Future 
model development and validation studies should follow the TRIPOD [175] guide-
lines for better transparency and comprehension of AI models.

�Two Years of Pandemic: Lessons for Epidemiology 
and the Place of AI

Thomas Lefèvre

We close this chapter with this last part in the form of both an assessment and per-
spectives, with some general questions in terms of ethics, the need for regulation 
and ecology.
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�Many AI Applications for Epidemiology and Public Health 
in the Context of the Pandemic: Yet Still Evidence for Their 
Reliability and Usefulness to Bring

The analyzes conducted and reported in the previous section clearly show that we 
are still at this first moment that we know about AI applied to health: AI is above all 
used as a new source of data, to problems already identified and according to 
approaches that are mostly identical to those known for several decades. In addition, 
most of these new techniques have not yet proven their worth, and more embarrass-
ingly, they are too rarely evaluated in conjunction with gold standards. Finally, the 
maturity of the algorithms published remains low, and the entire chain of external 
validation, evaluation of the service rendered and finally production, is absent. The 
example of the pandemic is interesting, because it has given rise to almost synchro-
nous production never seen before everywhere in the world, with substantial dedi-
cated resources over an ultimately short period of time. However, it is difficult to say 
that the results obtained were up to the means deployed in the case of AI. Thus, we 
are certainly not at the possible moment of breakthrough technology, or of the epis-
temological and industrial revolution announced in this field. Still, the efforts 
invested may have sown fertile seeds for the future, but it is too early to know. On 
the other hand, it is more worrying to note that if the technical efficiency was not at 
the rendezvous, the techniques deployed were accompanied or could be used as 
tools integrating population control strategies, sometimes poorly guarantee by law 
and the state.

�“Lancetgate”: A Lesson About Identified Risks of Massive Data 
Collection and Reuse and Its Consequences on Public 
Health Decisions

Even if it is not directly about AI in the example that we are going to briefly discuss, 
it is about the collection and analysis of massive data, the reuse of routine care data, 
all of which had a direct impact in terms of public health policy, at least in several 
countries. This is what has been described as a large study based on collecting data 
from hundreds of hospitals around the world, exploring the value of hydroxychlo-
roquine in the treatment of patients with Covid. In a context of crisis, we realize 
that the criterion of volume, in data and in the centers concerned, is a major crite-
rion that can win support in terms of reliability and generalizability of the results. 
This study was published in the prestigious medical scientific journal The Lancet. 
Quickly, suspicions appeared as to the seriousness, or the transparency of the 
method used by the study. Very quickly, this was relayed by the general media all 
over the world, becoming what is known as the “lancetgate” [179]. However, with 
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a view to basing health policy decisions on scientific data, or at least justifying 
some of them on studies chosen at a given time, and this in the most reactive way 
possible, this publication has been used by several governments to justify the ban 
on the prescription of hydroxychloroquine in patients with Covid. We are not dis-
cussing here whether or not this molecule has an interest in this context, we simply 
draw attention to two elements: (1) the studies which claim to mobilize very large 
volumes of clinical data over a geographical area which does not cannot be super-
imposed with a network of establishments already in collaboration, very quickly, 
are currently to be examined very closely and must be questioned with great rigor; 
(2) scientific publications can lead to, or justify, large-scale policy decisions. Thus, 
once again, we are still a long way from the possibly future moment when reusable 
data sources are equally reliable with each other, perfectly documented, interoper-
able, quickly linked, accessible to the research community and make it possible to 
guide political decision-making in real time. Moreover, even in this type of ideal 
situation, it should be noted that this should in no way replace a contradictory 
debate between peers, which is a crucial element in the consolidation of results in 
scientific fact.

�What AI Has to Learn from Epidemiology and Public Health?

A current line of thought to evolve either the principles of AI, or its place in society 
in its interactions with humans, is that of intuition versus reasoning [180]. Both rely 
on a set of experiences in sufficient number and variety to be good enough, but in 
qualitatively different ways. The AI has no intuition, and can get better if we keep 
presenting it with new cases to consider, up to a point, but it won’t think “outside the 
box”. Thus, interesting results are beginning to emerge in certain fields, such as 
mathematics [181], where a human researcher can make breakthroughs by follow-
ing his intuition, and supported by an AI on another side, that of the verification of 
hypotheses on large sets of data.

However, AI seems to be able to work in areas where a solid intuition has been 
put in place, nourished by sufficient experience and varied data. However, currently, 
neither epidemiology nor public health seem to be in a position to produce this type 
of expert and intuition. Intuition also seems poorly suited to situations of emerging 
phenomena, in particular those whose evolution is not predictable a priori in the 
short and medium term.

This could therefore be a source of major limitation for the development of effi-
cient and useful AI for epidemiology and public health: indeed, for a certain number 
of uses where our knowledge or human performance appears to us to be limited, we 
expect AI that it can overcome these limitations. However, it would seem that this 
specific expectation is not the one to which AI is an appropriate response.
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�Predicting vs. Explaining: Is It Reconcilable? Is Explainable AI 
Necessary in Epidemiology?

Classical epidemiology is interested in identifying the causes of diseases, in particu-
lar with the aim of developing public health interventions that maintain or improve 
the health of populations. The causal dimension is currently central, and among the 
most problematic and complex to establish.

In parallel, AI has progressed in recent years precisely because it has been freed 
from an over-specification of reasoning rules intelligible by a human being, very 
close to causality. The flipside is that most successful AI models rely on making 
connections between many features, some if not all of these features may be obscure 
to the human, and the nature of the connections as well. Furthermore, the amount of 
links and features makes it unrealistic for humans to fully explore a given algo-
rithm—just as computer code today cannot be fully verified in all its possible con-
figurations of use. Part of AI research is making AI explainable. It is not certain that 
a better performance/explainability trade-off exists [182].

The development of AI is more oriented towards “prediction”, which may have 
an interest in epidemiology and public health to deploy measures, according to the 
degree of risk and expected imminence. However, part of AI research is oriented 
towards visualization and the search for causality or quasi-causality in data sets. 
Certainly, both approaches can serve epidemiology and public health.

�The Status of the Whistleblower in the Case of Emerging 
Diseases: The Hybrids of Simondon and Latour

“Weak signals” only become signals when meaning has been given to a set of data 
collected independently or not of each other, in a given context. There is no scien-
tific rationale to justify the establishment of a system of generalized collection of 
massive data with no more specific purpose than monitoring “weak signals”, 
unspecified by definition.

The place of whistleblowers remains essential to this day, that is to say that the 
human is not replaceable in this role. But this position is highly risky and unstable 
and requires protection.

Several countries and institutions are calling for or are in the process of adopting 
measures to protect whistleblowers. Such laws now seem necessary [183].

In the context of the pandemic, we can thus remember the ophthalmologist who 
had exchanged a document with his colleagues, in Wuhan, alerting to the emergence 
of cases grouped geographically and presenting a SARS-type syndrome [184]. He 
was arrested by the police shortly before dying of the illness he complained of. A 
little later, during the establishment of the quarantine in Wuhan, a journalist regu-
larly alerted to a different vision of the field compared to the official version and 
broadcast around the world. She is currently in prison [185].
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The place of AI in relation to humans in this role of detection and alert therefore 
remains to be specified. However, it would probably be a mistake to always want to 
separate human and AI, to consider that they are two different “species”.

A mistake would probably consist in wanting to consider that AI is purely “arti-
ficial” and separated from human activity. The tools shaped by humans are for the 
needs he identifies, and for specific purposes that can evolve. Tools are not purely 
artificial but have a part of existence linked to our humanity, to typically human 
activities [186, 187]. It would no doubt be more relevant to seek how our two spe-
cies can best articulate.

We live and contribute to shaping a world through our activities, and creating 
tools is part of these actions. Their use is inseparable from our way of being, and 
therefore of acting in the world [186].

�Towards a Potentially More Actionable and Precise Public 
Health: The Challenges of Regulation, Ethics and Ecology 
on an International Level

�Benefice/Risk Balance of the Use of AI in the Context 
of Population Management

What have been the uses of AI in public health, in the context of the management of 
the Covid pandemic? We can retain the use of stammering precision public health, 
in particular with the use of smartphone applications for contact tracing and health 
passes, the analysis of social networks and mobility data to estimate the feelings, 
opinions and movements of populations, and finally, the possibility of using AI for 
social control more generally, and monitoring compliance with public health mea-
sures. All this can be based on noble inspirations and in the interest of the health of 
populations. However, as said, none of these components has on the one hand been 
the subject of specific regulations, in particular under a state of health emergency, 
nor on the other hand been the subject of systematic assessments of impact and 
effectiveness. In such a context, the risks to privacy and human rights may appear 
disproportionate to the expected, if not measured, benefits. The most dramatic thing 
would be that this first example on a global scale sets a precedent justifying repeat-
ing the same weaknesses, without drawing from it the good practices to be respected 
which are essential for the future.

Another striking point is precisely the aspects of regulations both for personal 
data and for the use of AI in health. Indeed, if the regulatory framework has recently 
evolved, for example at the European level, a major weakness is that the regulations 
are rarely, if ever, of international application. However, by nature, a pandemic is 
international in scale, and knows no borders—even when they are closed. There is 
a real problem of adequacy between the phenomenon to be stemmed and the scope 
of the regulatory measures.
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Finally, an additional risk weighing on privacy, individual freedoms and human 
rights, in addition to the risks expressed just before, is due to the generalization of 
the adoption of a state of health emergency in many countries, making it possible to 
derogate from a number of usual regulations and rights, to impose restrictions that 
are normally impossible or exceptional. This risk is all the more tangible as this 
state of health emergency is currently being written into the law of various coun-
tries, de facto erasing its “exceptional” character and legitimizing the possibilities 
violation of human rights in the case of nations whose government control mecha-
nisms may be weakened or failing.

�The Need for a Cautious Analysis of the Real Cost of AI Use in Health

Finally, we would like to insist on two fundamental aspects concerning AI and the 
Covid pandemic.

The first may be due to a purely transitory phenomenon but is nonetheless a fact 
for this pandemic: as the MIT review reports, AI has been of no use in managing the 
pandemic [188]. However, both AI and the pandemic have drained and still drain 
many human, technical and financial investments. There is therefore a source to 
question.

The second is more general, and concerns the cost of digital technology and AI, 
from a systemic and ecological point of view. The collection, storage, access to data 
as well as the development for the use of AI algorithms have a very important foot-
print in terms of ecology. For a long time and probably still today, the use of data 
and in particular the secondary use of data, has been put forward as an inexpensive 
use: the data “are already there”, all that remains is to use them This is obviously 
grossly false: this requires the development of additional infrastructures, the cre-
ation of new professions, the constant increase of storage and processing capaci-
ties … all in addition to what already exists in terms of digital technology.

This cost is already problematic. It must be linked to the consequences and 
actions suggested by the latest IPCC report on climate [189]. The use of AI has a 
cost and consequences. They need to be looked at for what AI has to contribute to 
healthcare. It would be highly paradoxical to resort to techniques that are harmful to 
individual and population health in a context where they would be used to … 
improve health.

How far should we go in our exploration of the contribution of AI to epidemiol-
ogy and public health, given its early failures and the social cost associated with it?
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