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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 Al 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 Al community quickly stepped
up to tackle many of the clinical and epidemiological challenges presented by the
pandemic. As you will read in these pages, Al 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 Al
provide us with a much-needed, unfair advantage in the battle of human wits versus
the genes of emerging pathogens. Thanks to Al, we will be better prepared for the
next pandemic.

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



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.

Al 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.

Al has pivotal importance in the way we fight the present and future pandemics.
Here we present a plethora of areas where Al has been applied against COVID-19
and suggest areas in which Al 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 Al in this medical field. Equipped with this
book the reader will learn about the latest Al 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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viii Preface

We wish to acknowledge and express our deep appreciation to all contributing
authors of this book, the Springer Nature publishing team, and our supporting fami-
lies who suffered the pandemic with us.

Stockholm, Sweden Niklas Lidstromer
Rehovot, Israel Yonina C. Eldar
4 August 2022
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Chapter 1

Introduction to Artificial Intelligence
in COVID-19

Niklas Lidstromer 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 £xi epi above and 8fjpiog demos people) have accompanied
humanity throughout all of recorded history. A usual definition of a pandemic (from
Greek ndv pan all and dfjpog demos people) is that it is an epidemic, which has

N. Lidstromer (<)
Karolinska Institute, Stockholm, Sweden
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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 Sum-ma-me ga-am-ra-at-me alut Look, the city is consumed
31 i-na miti 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 (Al) has the potential to deeply improve healthcare. The
past decade has witnessed a deep learning, or Al, 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 Al in medicine are still being defined, but it is clear that future
medicine will have many integrated AI components. For example, in oncology, Al
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 Al 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 Al
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 Al 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].
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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 HIN1 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 EI Tor strain persists to the present. [23]. This
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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 H/V (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].1In 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
0C43 [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 HI [45].

Later it was confirmed that the H/NI was indeed the cause of the 1918 flu pan-
demic following identification of HIN1 antibodies in exhumed corpses. This led to
a new analysis of the gathered seroarcheological data, which then suggested
Influenza A subtype H3 (perhaps the H3NS 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



1 Introduction to Artificial Intelligence in COVID-19 7

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 Deaths in
# | name Disease/Causative agent millions Occurrence | Ref.
1 | Black Death Bubonic plague/Yersinia 75-200 1346-1353 | [53]
Pestis
2 | Spanish Flu Influenza A/HIN1 17-100 1918-1920 | [54]
3 | Plague of Justinian Bubonic plague/Yersinia 15-100 541-549 [55]
Pestis
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 | 2019-now | [56]
2022)
6 | Third Plague Bubonic plague/Yersinia 12-15 1855-1960 | [57]
Pandemic Pestis
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 14 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 2 1772-1773 | [66]
Pestis
16 | Naples Plague Bubonic plague/Yersinia 1.25 1656-1658 | [67]
Pestis
17 | Cholera Pandemic Cholera 1+ 1846-1860 | [68]
18 | Italian Plague Bubonic plague/Yersinia 1 1629-1631 | [23]
Pestis
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: Unmiindigkeit) [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).
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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 Aufkléirung. 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
Zollner, who was also an
official in the Prussian
government. (Photo of
original edition: Dr. Niklas
Lidstromer)

Beantwortung der Frage: Was ift Yuffldrung 2

,,%[ufﬂ&rung ift der Yusgang des Men:
fhen aus feiner felbjt verfchuldeten Unz
mundigfeit, Unminbdigfeit ift das Unvermds
gen, fidh feines Berftandes ofne Leitung eines andern
3w bedienen. Selbft verfdhuldet ift diefe Unmin:z
Digfeit, twenn die Urfache derfelben nicht am Mangel
-bes Beceftandes, fondern der Entfchliefung und des
Muthes lieat, fich feiner ohne Leitung eines andern ju
bedienen. Sapere aude! Habe Muth, dich deines eiges
nen Berftandes ju bedienen! ifi alfo der Wahlfprudy
der Yufflarung.

Faulbeit und Feigheit {ind:die Urfachen, twarum
¢in fo grofer Theil der Menfdhen, nachdem fie die Na-
tur [angft von frembder Leitung frei gefprochen (natura-
liter majorennes), dennoch gerne Seitlebend unmindig
Bleiben; und marum e8 Anbderen fo leicht toird, fid ju
beren Vormandern aufjuwerfen. €S ift fo bequem,
unmindig ju feon.  Habe ich ein Bucdh, dasg fue midy
Lerftand hat, einen Seelforger, dev fur mih Ges
wiffen Hat, einenrst, der fir mich die Diat beurtheilt,
u. §. w, fo.braudbe ich mich ja nicht feibft zu bemibhen. -

2er Fand, X

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
Wauhan, 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 Al 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 Rontgen 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, Al and Pooling Tests for COVID-19 (Chap. 2), presents Al 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 Al tools to analyze the pools.

The second chapter Al 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, Al
has generally boosted pharmaceutical development. The chapter exhibits and
discusses a variety of Al solutions, platforms and applications in use to target
COVID-19. It also presents various strategies and global collaborations for the
optimal use of Al in the drug development against the present pandemic, and in
order stay alert for future ones.

The third chapter Al and Point Of Care Image Analysis For COVID-19 (Chap. 4)
teaches about the application of Al techniques in medical imaging and discusses
a literature review on diagnostic and prognostic models using Al 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 Al 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 Al can help augment testing power, make
testing more available, quick and precise. It is also shown how Al 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 Al tools for, e.g., validation, and for strategy
optimisation and planning.

The fifth chapter Al and the Infectious Medicine of COVID-19 (Chap. 6) con-
cludes that the rise of Al 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 Al into the field.
The chapter reviews COVID-19 seen from a clinical infectious medicine special-
ists” perspective, with the patient management, the use of Al in clinical research,
decision support system in infectious medicine, as well as diagnostics, care and
preventative measures.

The sixth chapter Al and ICU Monitoring in COVID-19 (Chap. 7) shows that a
new paradigm rises on the intensive care unit horizon, with the help of Al 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 Al
approaches. The chapter presents how Al 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 Al (Chap. 8) demonstrates the pivotal importance of early diagnosis, and
how this can be accomplished with the use of Al, 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 Al 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 Al based detection model.

The eighth chapter Al 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 Al and Pharmacovigilance for
COVID-19 (Chap. 10) investigates the present and upcoming legislative and reg-
ulatory situations, and presents the rules, which govern Al in the health sector at
European Union level. The chapter focuses on pharmacovigilance, and the use of
Al 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 Al and how a better health policy can be cre-
ated. Ethical and personal data protection aspects are also elaborated.

The tenth chapter Al and the Clinical Immunology/Immunoinformatics for
COVID-19 (Chap. 11) presents applications of Al 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 Al in immunology contribute to the
fight against COVID-19, with an ever increasing number of Al-applications, with
increased scalability and wide-ranging complex pattern recognition in vast
amounts of data. Al 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.

e The twelfth chapter Al, 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. Al 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 Al for epidemi-
ology and public health. This chapter examines how which types of Al 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]:

Tdnka fritt dr stort, Thinking freely is great,

men tdnka riitt dr storre. 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. e S\
(Photo: Dr Niklas - 3 R S
Lidstrémer) !
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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#f minor. (Here, rendered and adapted from Mahler’s original partiture by Dr. Niklas
Lidstromer)

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).
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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 Benoit-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 Al 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 (n°pY 790, 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
Al for Pooled Testing of COVID-19
Samples

Check for
updates

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
Al 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 7 at cycle time 7 is given by: z,(1 + g,)’, where z; is the initial viral load in
the sample (before the RT-PCR process began), and g, € [0, 1] is an amplification
factor. Here 7 is a real number, and [7] denotes the number of RT-PCR cycles that
have passed. The fluorescence &,(f) of the ith pool at time ¢ is directly proportional
to the number of virus molecules. Hence we have:

&(t)=K-z(1+q,) . 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 7;, 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 z;
and the recorded cycle time #; are statistically related, and this relationship can be
modelled as 7; = 1; + e;, where e; is interpreted as the error in recording the value of
7;. Here ¢; is modeled as a zero-mean Gaussian random variable with variance o-j .
We assume 0<o <1, as we expect this error to not be too high. Plugging in
&i(z;)) = F, we have from (2.1) that

F=K-z/(l+q,) =K-y,(1+q,)", 2.2)

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

v, :z,.(l+qa)1'7t‘ :Z,-(1+‘1a )e' . 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 7, 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 € R represent the sam-
ples vector, i.e., the viral loads of each of the subjects, whose entries fj, ..., f, denote
the viral loads of the n individuals. If f; = 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€ R, 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 ® € {0, 1}"*", such that
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z =g ([£1®, =1}), ie{l,...m}. 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 z; = f; and @
as the n x n diagonal matrix. While pooling is commonly modelled as averaging,

lzx

gpool (X) =700 . . . . . .
e., |X v , 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
yeR". This is carried out via the element-wise mapping gue(+), such that
Vi = gmeas(2;) for each i € {1,...,m}. For RT-PCR, the mapping g...(-) 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
Zmeas(+) 18 typically stochastic. Under some approximations detailed in section
“Mathematical Model”, one can approximate g..(-) 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:

Al 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 guooi(+) and gme,s(-) may be noisy and unknown,
with one possible model for g..s(-) 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 Q 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
ornot, then Q = {0,1} , 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
Q :{no, low, med, high}. The decision regions are defined by the pre-specified
thresholds T, -, Tjg,, such that Q(x) maps a value of x not larger than t, is treated
as not infected, while, e.g., a value in the range (t,7,] is treated as a low level of
infection.

Example 2.3 When the desired output is the actual viral load, then Q =R, , with
Ox) =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 f € Q". 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 f from y, possibly along with the design of the
m x n measurement matrix ®. 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.

Al-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
8pool(f) = ®f 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., gnes(Z) = 2.
The resulting formulation is stated below as Algorithm 2.1.

Algorithm 2.1: Dorfman Adaptive GT [24]

Init: Subjects to be inspected f € R/, set size B
Pooling:
. Set number of pools to m = [n/B].
. Set measurement matrix such that (®), ;=1ifi € [(j — 1) - B,j - B) and
(@), ; = 0 otherwise
Measurement:
3. Measure y
Recovery:
. Set f=0
. for each j such that y; # 0 do
. Set each J?l for which (®), ; = 1 by testing f; individually
end

DN —

N o w A

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 & 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 Al), and particularly when k < n/3.
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Algorithm 2.2: Binary Splitting Adaptive GT [41]

Init: Subjects to be inspected f € R}, index of first subject i
Pooling:
Set measurement matrix ® to be the 1 x n all-ones vector;
Measurement:
Measure (the scalar) y;
Recovery:
if y # 0 then
if n =1 then

-

N

3
4

5 | Set f; as infected;

6 end

7 else

8 Invoke Algorithm 2 for fi,..., fr, 21 with first index 4;

9 Invoke Algorithm 2 for frp,/2141,- -, fn with first index i + [n/2];
10 end

13 ‘ Set fi ,,,,, fl+n_1 as not infected;

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 ®, 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 ®, after
which we review some representative recovery methods designed for both noiseless
and noisy settings.

Pooling Matrix
To determine the testing matrix @, one must first fix the number of the pool-tests m.

GT theory dictates that m should satisfy m = (1 + €)klog,n, for some & > 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 e 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 @ 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 — 27", 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 ®, as well as the rows of @,
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, ®
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 = ®@f. For such settings, common strategies attempt to classify the subjects
into DND and Db 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.

Algorithm 2.3: Combinatorial Orthogonal Matching Pursuit [44, 45]

Init: Pooled measurements y € RY’, pooling matrix @, infection threshold 7
1 Mark each {fJ }7q as PD;
2 fori=1,...,m do
3 if y; < 7 then
4 | Set fj as DND (Q(0)) for each j such that (®);; # 0;
5
6

end

While Algorithm 2.3 only divides the patients into DND and PD, it can also be
extended to identify some of the subjects as Dp. 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.
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Algorithm 2.4: Definitely Defective Non-Adaptive Recovery [46]

Init: Pooled measurements y € R, pooling matrix @, infection threshold 7
1 Apply Comp (Algorithm 3) to obtain DND and PD subjects;
2 for each PD subject fJ do
3 if Jy; > 7 such that (®);; # 0 while (®); ;o =0 for each j' # j with PD fjr then

4 | Set fj as Dp;
5 end
6 end

The Db 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 Db 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 = ®f. 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 ®f) 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

f :argmaxP(st). (2.5)
seQ"
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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 € Q" with entries s; = Q(f)) from the observed y € R". Such set-
tings correspond to Example 2.1 (where |Q| =2) and Example 2.2. Given a pooling
pattern matrix @, the joint probability distribution of y, s can be expressed as a
partition

m

P(ra)=P(ys)P(s) = P()[TP(3)S). 26)

i=1

where S, ={s.|(®). = IL. Note that the factorization in (2.6) is dictated by the
pooling pattern @, while the combined stochastic effect of the pooling and measure-
ment procedures is encapsulated in the conditional distribution P( y,-|5,-) . By defin-
ing g, (51 ) = P(y,-"Si ), (2.6) can be represented as a factor graph as illustrated in

Fig. 2.3, with m function nodes {g;} and n variable nodes {s,}.

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 { ,ug))_”] (s),ui?)_, . (s)} for each s € Q and
for every function node g; and variable node s; which share an edge in the factor
graph, i.e., ®; ;= 1. Then, for each vertex, the messages are shared downstream with
their neighbors in an iterative fashion. For iteration index z, the variable-to-function
messages are computed via

W ()= TT wi, () 2.7)

fe/\/'(xj)/gl

and the function-to-variable messages are obtained as

W (5)=Ye(S) 1 u (2), 2.8)

Sils; zeN(g)/s;

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

Variable nodes

Function nodes

Observations
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where N (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

f’(sj :sly) H ,u/_” ) (2.9

jeN

The resulting lbp algorithm is summarized below as Algorithm 2.5.

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

Init: Pooled measulements y € R, pooling matrix ®

1 Initialize {H(O) L (5), N.; Hf (s)} uniformly, i.e., setting (u); = 6‘ for each i € Q;
2 fort =0,- —1do
3 Update variable-to-function messages via (7);
4 Update function-to-variable messages via (8) to compute f(S;);
5 end
6 for j=1...,ndo
7 Recover infection levels of possibly defective samples by

fJ = arg max H H;qu] s).

s€EQ FEN(55)

8 end

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 7 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 = {sj A, = 1} € Q‘S" from y;. This form of Al-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 @ 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.
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Fig. 2.4 Pooling procedure with loopy learned factor graph

Summary

GT provides powerful Al 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’
® of size m x n, m < n leading to the acquisition of m measurements in a vector y.
This is represented mathematically as:

y=of +n, (211

where 7 is a noise vector with m elements. We note that the matrix-vector operation
®f 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 ®. This problem is
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ill-posed in general since m < n and this forms an under-determined linear system,
even if # 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 @ 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, @ [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 W such as the discrete wavelet transform (DWT) or discrete cosine transform
(DCT) in the following manner:

f=¥0= Z‘Pﬂr (2.12)
1=0

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 6 is sparse or weakly-sparse. In this case, the measurement model can be
written as:

y=0%0+n, (2.13)

and we seek to recover @ from y, @, W. Upon recovering 0, it is easy to recover f
since f = WO. Recovery can be efficiently performed using estimators such as
the LASSO:

6, =argmin, || y—O¥O | +1]10 | (2.14)

or basis pursuit denoising:

~

6, =argmin, || 0 || s.t.|| y-®Y¥O|,<¢ (2.15)

where 1 and e depend on the variance of the noise in #. In both cases, there are theo-
retical guarantees for the recovery of @ [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.
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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 g,.01(f) = ®f, such that the measurement output y = gy,e.s(®f) is
given by:

y=0f o(l+q,) = Vie[m],y, =@ f(l+q,)", (2.16)

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

1. fis a real-valued but sparse vector of n elements where each entry f; represents
the viral load in the sample of the i 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. ® is a m x 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 @, i.e. in @',

.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
q. € [0, 1] representing an amplification factor and each entry of e being distrib-
uted as per J\/'(O,o-f) where 0 < 0, < 1. Comparing with (2.3), the role of f; is
played by the appropriate viral load value in the ith pool, given by ®ff.

(O8]

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, ®. 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 ®f. The entries of ® 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
N~owmp [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”).
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’
(Dp) 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(F)Rly—@f I +A11 £} st.f =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 1 ideally depends on the noise
level but can be selected using cross-validation.

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

L (f)EIfll stlly—®f [F<eand f =0, (2.18)

where e 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 @, as analyzed in [14, 59]. The
cost function for NNLAD is given as follows:

L ()2l y—@f | st.f=0. (2.19)
The cost function for NNLS is

L (f)Ely-of |f st.f=0. (2.20)



46 A. Rajwade et al.

4. NNowmp: 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 ®f and a Gaussian prior on every element of f
with different unknown variances for each element, in the following manner:

oxp(-lly-f I /(207))
(27r0'2)m/2

p(¥l®f)

2.21)

%y “o

In this formulation, note that both x and {7/,.}:':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.

p(fsr)= (2.22)

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, 2@ f+® fllog(1+q,)]e. (2.23)

This approximation is reasonably accurate because the error term e; (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

Z( y, - f )2 / (d)i f )2 . However this function is non-convex and the squared loss

i=1

. 2
(yi -o'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 z such that any
estimated viral load value (call it 3 is to be regarded as zero if 3 < ¢, and non-zero
otherwise. Such strategies have been followed in the literature [12]. The optimal
choice of the threshold 7 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 z 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 j refers to an estimate of f:

L RMSE:=|| f— F1I, /|| 1
. Number of fase positives (FP)— {i:f,- =0,f; >0H
{iif,- >O’fi :OH

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.

3. Number of false negatives (FN):=

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, @ 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 @ 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 x 40 and 24 x 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 O 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 x 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, ®; = 0 means that
the jth sample did not contribute to the ith pool, and ®; = 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 @ 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 @ 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 x 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 7 x r'*! where r is a prime power,
and / is an integer such that 1 </ < 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 ®. 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 Q(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 @ 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 fis 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 Al 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 festing 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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Fig. 2.7 Average sensitivity (top sub-figure) and specificity (bottom sub-figure) results for the CS
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
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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 Al algorithms covered in this survey chapter typically do not require training
in the conventional sense that many Al 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 Al 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 fechnical 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 Al-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 Al 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 d" experiments, which means
that with as little as four dose levels for 12 different drugs, over 16 million (= 4?)
experiments would be needed. As a result, some of the combinations that could have
been effective at different dose ratios, are discarded without testing. Al is uniquely
suited for supporting an approach that identifies optimal combinations of both drugs
and dose levels in a high-dimensional interaction space. The Al-based, mechanism-
and disease-agnostic platform IDentif. Al 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 Al 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 Al-based approaches that showcase the potential of Al for drug repurposing
in COVID-19 are described, and the IDentif.Al 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 Al 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 Al for drug repurposing, it is important to first
understand key desirable features that allow Al 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 Al-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, Al-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. Al
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]. Al 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 Al 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 Al 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 Al-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 Al applications to facilitate in the discovery of clinically deployable therapeu-
tic drug solutions. Here, one key consideration is to ensure that Al 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 Al 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 Al 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 Al
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 Al 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 Al 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 Al 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, Al plays a big role, as a
variety of different Al algorithms are often incorporated to facilitate and speed up
the knowledge mining process. A widely published application of Al-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 BenevolentAl 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 Al-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, BenevolentAl
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 Al 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 (BenevolentAl: 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. Al 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 BenevolentAl 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 Al [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, Al 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]; Naive 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 Naive 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 Al
models, they can be used to identify drugs based on their predicted binding interac-
tions with a target viral protein (e.g. 3CLP", RdRp, PLP*) 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



3 Al for Drug Repurposing in the Pandemic Response 69

building drug-interaction models [1, 31] or through an optimized use of docking
application in conjunction with Al algorithms [29, 30]. In addition, as opposed to
the traditional experimental high-throughput screening, these Al-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 Al technology and its application
in clinic use.

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

As discussed above, several Al-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.Al 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. Al
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.Al

IDentif. Al as a pandemic preparedness platform was first demonstrated in Project
IDentif. Al 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.

Virus with Single drugs Single drug Validation combo  Validation combo
Plate cells varied MOI +virus response curves + virus readout
Confirm
viral infection
Plate cells Plate cells Validation
‘ design
0hr 12 hr 24 hr 36 hr 48 hr 60 hr 72 hr
Day 0 Day 1 Day 2 Day 3

Fig. 3.1 Project IDentif. Al experimental schedule demonstrates a compact workflow that achieves
data collection, IDentif. Al analysis and experimental validation within 3 days. (Adapted with no
change from [4])
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IDentif. Al for Drug Optimization Against SARS-CoV-2

Shortly after Project IDentif. Al demonstrated the potential for robust optimization
of combinations from repurposed drugs against a viral infection in the VSV model
[4], the IDentif. Al 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.Al 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’

1. Drug-Dose Selection 3. IDentif.Al Analysis
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Dose-Response Curves Clinical Applicability Combo Ranking Drug Interactions
| |
2. Combination Therapies 4. Experimental Validation

Antiviral Safe

—_— Combo1 % +/
Combo 2 X (Vg
Combo 3 x x
OACD Design Experimental Testing Experimental Testing Combo Analysis

CLINICAL
TRANSLATION

Fig. 3.2 IDentif.AI workflow comprising of two experimental steps with live cell infection model
to prospectively collect the data, IDentif. Al 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 (EC,, and EC,) 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
EC,, and EC,, values were then compared against maximum plasma concentration
in human studies (C,,,,) to avoid using drug concentrations unrealistically high to be
physiologically achievable in patients. The study used 10% C,,x as a universal cut
off drug concentration of what the target cells may experience in a human body.
This step of the IDentif. Al study stems from the characteristics of repurposed drugs:
already tested and known PK like C,,, 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 Al 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 EC,, below the 10% C,,,, cut off. The selected
concentrations for combinatorial testing of the remaining drugs were derived from
their C,,,, 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.Al analysis. The experimental data—
drugsand theirdoses 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. Al 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 Al 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. Al 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. Al 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.Al analysis to lower the cytotoxicity
induced by RDV/LPV/RTYV in THLE-2 cells.

In the final phase, the IDentif. Al 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.Al in step 3 of the workflow. (Adapted from [5])

RDV/LPV/RTV when directly compared to the efficacy of RDV alone. RDV/LPV/
RTYV 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. Al 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.Al 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.Al 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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Fig. 3.4 IDentif. Al 2.0 workflow (a) leads to a ranked list of combinations, which can be pre-
sented as a clinical dashboard for prioritising drug combinations for further testing and potential
clinical deployment (b) IDentif. Al - Clinical dashboard prioritizing combination therapy. (Adapted
from [6])

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. Al 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.Al 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. Al as a Pandemic Preparedness Platform

The IDentif. Al 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. Al 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.Al 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 Al 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. Al allows control over data quality
and therefore avoids some of the common biases related to data source.

IDentif. Al 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. Al and IDentif. Al 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. Al 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. Al 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. Al 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. Al 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.Al screening can be
selected to make the IDentif. Al 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.
Al drug pool to the target population is aligned with the principles of precision
public health approach.

A technical consideration included in IDentif.Al 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 (C,,,,). This strategy avoided operating with drug concentrations that lead to
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a common pitfall of low EC,:C,,, ratio, which in turn is known to preclude transla-
tion of the in vitro results to the in vivo setting. Additionally, as IDentif. Al 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.
Al-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 Al platform offers several unique features to serve as a
pandemic preparedness platform. It also stresses the importance of immersing the
Al 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’
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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.Al 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 Al, 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 Al 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 Al 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 Al 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 Al 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. Al-based tech-
nologies developed in response to the threat—including Al-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 Al 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 Schonlieb

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 (Al) 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 Al-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 Al-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 Al 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].

P

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). (¢) 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.

Itis 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 rev