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Machine learning in clinical decision making
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SUMMARY

Machine learning is increasingly integrated into clinical practice,
with applications ranging from pre-clinical data processing, bedside
diagnosis assistance, patient stratification, treatment decision mak-
ing, and early warning as part of primary and secondary prevention.
However, a multitude of technological, medical, and ethical consid-
erations are critical in machine-learning utilization, including the
necessity for careful validation of machine-learning-based technolo-
gies in real-life contexts, unbiased evaluation of benefits and risks,
and avoidance of technological over-dependence and associated
loss of clinical, ethical, and social-related decision-making capac-
ities. Other challenges include the need for careful benchmarking
and external validations, dissemination of end-user knowledge
from computational experts to field users, and responsible code
and data sharing, enabling transparent assessment of pipelines. In
this review, we highlight key promises and achievements in inte-
gration of machine-learning platforms into clinical medicine while
highlighting limitations, pitfalls, and challenges toward enhanced
integration of learning systems into the medical realm.
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INTRODUCTION

Computational support has been gradually integrated into clinical decision making

since the 1970s and 1980s, with computer-aided technologies developed to assist in

medical diagnosis of conditions such as acute abdominal pain1,2 or in modeling of

mortality in intensive-care units.3 While integration of such approaches was techno-

logically difficult and clinically limited at the time, rapid improvements were gradu-

ally noted in the following decades, facilitated by adaptation of new models

including conditional probabilities.4 The implementation of such knowledge-based

systems in hospitals and primary care centers has further expanded in the past few

years4–6 through the use of data-driven machine learning (ML)-based support sys-

tems and medical devices approved by the Food and Drugs Administration

(FDA).7 Numerous studies are increasingly incorporating ML algorithms across a

large variety of domains.8–10

As ML decision-support systems are gradually entering the clinics, it is important to

carefully evaluate their utility and performance while realizing their limitations.

Importantly, the know-how of these platforms should be expanded from computa-

tional biologists to the clinical end users, who should be informed and made aware

of the trade-offs between these factors11 in determining the performance and

accuracy of ML pipelines in various clinical contexts. ML can improve clinical decision

making in multiple ways by providing early warning, facilitating diagnosis, perform-

ing wide screenings, individualizing treatment, and assessing patients’ responsive-

ness to therapy.9,10 To evaluate the contribution of a given ML pipeline, it must

be tested with respect to the clinical features of the question faced and current
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gold-standard capacities and in particular clinician knowledge, intuition, and expe-

rience.7,12–14 In some cases, theMLmodel has been shown to perform at least as well

as clinicians, yet many studies provide poor accuracy reports and neither perform

‘‘fair’’ comparisons nor external validations.7,14 Recently suggested guidelines for

ML-associated clinical trials15,16 attempt to address these challenges by specifying

frameworks aimed at achieving better uniformity in ML assessment.

In this review, we provide examples of recent studies involving cutting-edge ML

technology aimed at facilitating medical care while evaluating their performance.

We highlight the characteristics of widely used types of ML systems, elaborate on

general evaluation of ML models and their wide spectrum of uses, and critically

discuss the challenges and pitfalls in their application into clinical decision making.

We aim to present an overview of ML clinical use for non-computational biologists

and clinicians. More in-depth descriptions of theoretical, statistical, and technical

considerations of ML development and implementations are presented

elsewhere.17,18
AN OVERVIEW OF ML SPECIFICATIONS

ML constitutes a field of artificial intelligence (AI) concerned with the question of how

to construct computer programs that automatically improve the accuracy of their

output with experience. ML algorithms use sample data (also known as a training da-

taset) for training computational models to generate predictions that will fit the sam-

ple data.19 These predictions can guide clinical decisions in various contexts that

may be divided into the following topics: pre-clinical solution (PCS); computer

aiding detection system (CADe); computer-aided diagnosis system (CADx); recom-

mendation system (RecSys); and early warning system (EWS) (Figure 1). PCSs are ML

systems that assist in creating the infrastructure that is subsequently utilized by

downstream analytical tools, such as marker-gene identification or drug discovery.

For example, PCS systems may be used for validation of questionnaires prior to their

assessment in clinical diagnosis. CADe and CADx refer to software-based analyses

used in automated or assisted interpretation of medical imaging, such as X-ray radi-

ography, computed tomography, magnetic resonance imaging, or ultrasonography.

CADe is aimed at assisting physicians to interpret medical imaging by identifying

suspicious features and bringing them to the clinician’s attention, while CADx pro-

vides a more-structured diagnosis of a given image. For instance, during a colonos-

copy, CADe would highlight suspicious polyps, while a CADx would predict the

pathological entity of such polyp (adenoma, carcinoma, or another benign lesion).

As indicated by its name, RecSys utilizes one of several user interfaces (e.g., Netflix,

Spotify, Youtube, Facebook, among others) to provide health-related and at times

individualized, dietary, medical, or pharmacological recommendations for a patient.

EWS produces warning information, which enables individuals, communities, and

organizations to prepare and proactively respond in advance to a specific risk,

thereby providing additional information while saving precious anticipatory time.

Examples for EWS include electronic health records (EHRs) screening, intraoperative

warnings, and systems utilized in patient triage.

To enable the above applications, ML approaches can be canonically classified into

the following major types:

(1) Reinforcement learning. Models are trained to fulfill tasks by means of being

rewarded for good operations (i.e., decisions) of the model and being pun-

ished for bad actions. An example for reinforcement learning is longitudinal
2 Med 2, 1–24, May 14, 2021



Figure 1. Graphical representation of ML specifications in clinical decision making

From top to bottom: DNA and metabolome sequencing devices for biomarker discovery for pre-clinical solutions; image acquisition techniques for

CAD, such as magnet resonance imaging, X-ray, and retinal photography; precision medicine drug recommendation systems and a smart insulin

recommendation pump; smart wearables and electronic health record surveillance providing early warning.
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evaluations of treatment options for patients, in which the model fulfills the

task of suggesting which drug to take, with the reward of a good clinical

outcome.

(2) Unsupervised learning. Methods aim to unravel underlying complex struc-

tures in the data and enable to reason about these patterns. Models such

as principal-component analysis, multidimensional scaling, and autoen-

coders attempt to find lower dimensional representations of the data that

provide insights into associations between the different features in the

data, while mixture modeling and cluster analysis aim to identify sub-popula-

tions in the data or they group a set of samples enabling an exploratory obser-

vation on subsets of samples.

(3) Supervised learning. Labeled data are utilized by the model to learn a map-

ping between the input data and the outcome variables. This modality is

commonly utilized in clinical decision making, in which ML models produce

an inferred function that maps labeled input data to outcome variables.

Once trained, the inferred function can be utilized to make predictions of

the outcome variables given new input data. Supervised learning can be

further classified into (1) regression, in which the outcome variable is contin-

uous, and (2) classification, in which the outcome variable takes discrete
Med 2, 1–24, May 14, 2021 3
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categorical values. Examples for commonly used supervised learning algo-

rithms are linear regression (LR), support vector machines (SVMs), decision

trees, and artificial neural networks (aNNs). LR and SVMs are models seeking

linear relationships between the input data and outcome variables, which are

simple and easy to interpret. A decision tree is a model that, during training,

recursively splits the feature space into subdomains and associates each sub-

domain with an outcome value that is based on the outcome values of training

data points that remain within it. At evaluation, given an unlabeled sample,

the decision tree locates the test cases’ relevant subdomain according to

the learned partitioning and outputs the value associated with this subdo-

main. When unrestricted (via hyper-parametrization), decision trees may split

the feature space so that each subdomain contains only a single data point

and will most often suffer poor performance when presented with examples

outside of the training set due to the high sensitivity implied by such overfit-

ting. Conversely, ‘‘shallow’’ decision trees, which allow only for a small num-

ber of splits, tend to miss complex structures and subtle relationships in the

data. Ensemble approaches (random forests, AdaBoost, and XGBoost) seek

to overcome such dilemmas by combining a number of ‘‘weak’’ models to

form a diverse and accurate model that generalizes well. Models such as

LR, SVMs, and decision trees seek to exploit direct relation between the fea-

tures of the input data and the outcome variables. For them to perform well,

the data must exhibit a ‘‘straightforward geometric structure.’’

In contrast to the aforementioned models, which make predictions based on

the original features in the data, aNNs transform the data into a latent feature

space, such that only the latent representation of the data features a straight-

forward relationship with the outcome variable. Then, a simple regression can

be successfully applied to the latent representation and yield accurate results.

Learning this latent representation is performed by applying to the input data

a sequence of linear mappings, where each linear transformation is followed

by a non-linear activation function to allow for composite transformations.

Each pair of linear and activation functions results in an intermediate repre-

sentation of the data, usually referred to as a layer. The input layer contains

the original features of the data, and layers in between the input and output

layers are termed hidden layers. aNNs with a large number of hidden layers

are called deep neural networks (DNNs) (hence ‘‘deep learning’’) and are

tasked with fitting a very large set of parameters (in some cases millions),

and the number of parameters increases with the depth of the network, as

well as the dimension of each hidden layer. Fitting parameters in quantities

traditionally associated with aNNs requires a training dataset that is large

enough to avoid ‘‘memorization’’ of the data, i.e., learning a degenerate ‘‘dic-

tionary,’’ which maps every sample from the training dataset to its label

instead of learning a meaningful mapping, which makes use of true relation-

ships between features in the data.

To obtain good predictive results, supervised ML tasks require large amounts of

qualitatively labeled datasets, which might be impractical due to the high volume

required, or they require expansive domain-experts time to create such annotations.

Therefore, a data acquisition bottleneck exists in this context. Weakly supervised

models tackle this challenge by harnessing noisy, limited, and/or unprecise data

annotation to provide an appropriate signal for supervised models. For example,

in a task to identify cancerous lesions, in which a given set of histopathology images

is solely labeled as negative or positive for cancer, weak supervision methods are

applied to learn these specific cancerous lesions using multiple-instance learning.20
4 Med 2, 1–24, May 14, 2021



Table 1. Overview of supervised learning

Supervised learning:
fitting a model to
approximate known values
using the input data

regression: continuous
outcome predictions

root-mean squared
error ([R]MSE), R2,
maximal error

binary/multiclass
classification: estimating
the probability of sample
membership in a class

sensitivity, specificity,
auROC, f1
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Another example for weak supervision is the recent work by Xue et al.,21 in which a

model that was trained for the self-supervised task of future values forecasting of an

unlabeled EHR longitudinal dataset was then fine-tuned for the supervised task of

estimating time to event for scenarios such as mortality and kidney failure by utilizing

a smaller, labeled dataset. This pre-train fine-tune technique is a special instance of

the transfer learning methodology, which is an additional solution for the lack of

large-scale, highly curated data. Transfer learning utilizes the knowledge of pre-

trained, well-validated models as basis for training a new model to either fulfill a

different task or extend the current models’ capabilities to a new dataset.22 The un-

derlying assumption is that solutions for tasks such as contour or edge detection of

any given domain share fundamental components that are helpful in fulfilling addi-

tional tasks, as histopathology image segmentation for cancer detection, and also in

assessing severity levels of diabetic retinopathy from fundoscopy images.

Performance evaluation

Quantitative outcome predictions, such as viral load or intracranial pressure, often

involve the use of regression models, which can be evaluated using the mean-

squared error (MSE), the maximal error of the prediction, or the coefficient of deter-

mination R2 measuring proportion of the variance in the outcome variable that is pre-

dictable from the input, etc. (Table 1). In clinical practice, health-related outcome

variables are often discretized into class labels to form more clinically convenient

classifications. For example, instead of actual viral load estimation, only infected

and non-infected individuals are discerned.

Sensitivity and specificity are common measures to evaluate the performance of a

given ML system prediction. Sensitivity measures the ability of the classifier to iden-

tify samples from the positive class (disease, type of polyp, and treatment) out of all

positive samples, simply stating how sensitive the model is in detecting this positive

class. Specificity measures the ability of the model to identify samples from the

negative class out of all negative samples. The trade-off between these measures

is inherent. If an extremely sensitive classifier is required, then its sensitivity will

come at the expense of specificity and vice versa. Of note, the terms sensitivity,

recall, and true positive rate (TPR) are synonyms and so are specificity and true nega-

tive rate (TNR). Precision, or interchangeably positive predictive value (PPV), refers

to a measure evaluating how well a model identifies the positive class from all the

cases as positive, and negative predictive value (NPV) measures the same for the

negative class. In contrast to sensitivity and specificity referring to the identification

of true positive and negative cases among the positive and negative cases, PPV and

NPV quantify the positive and negative cases among all cases, which depends on the

prevalence of cases (or ‘‘pre-test probability’’), independent of the model

performance.

In the case of binary classifiers, it is convenient to assess the models’ performance by

analysis of receiver operating characteristic (ROC) curve, in which the sensitivity of a

model is plotted against 1� specificity. It is common to evaluate the performance of
Med 2, 1–24, May 14, 2021 5
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amodel by the area under the ROC curve (auROC). Each point on the ROC curve rep-

resents the sensitivity and specificity of the classifier at a certain decision threshold,

resulting in a detailed description of the trade-off between the two measures. To

exemplify this concept, one can imagine an ML system predicting, based on some

input data, whether an individual would be positive or negative for coronavirus dis-

ease 2019 (COVID-19). If we adjust the ML system to exhibit high sensitivity, nearing

perfection, many individuals being truly positive will be predicted as such; however,

such perfect sensitivity will affect the specificity of the model leading to COVID-19-

negative individuals being predicted as positive, resulting in unnecessary quaran-

tining, hospital admission, treatment, and its potential adverse effects and patient

anxiety contributing to an enhanced healthcare system burden. Random chance re-

sults in a 50% probability of predicting a positive class as positive and a negative

class as negative (corresponding to an auROC of 0.5), and thus a diagonal ROC,

while a ML model featuring benefits to clinical decision making is expected to

perform at a higher sensitivity and specificity. Examples for performance measures

of ML systems at different clinical contexts are discussed in the following sections

within the particular presented contexts.
PCSs

ML-based PCSs are based on ML models trained on data to identify associations and

make predictions. These, in turn, could support disease detection, diagnosis, or patient

stratification, or alternatively be integrated into RecSys or EWSs in generating data-

driven recommendations based on PCS findings. A plethora of PCSs based onmolecular

data are being developed in both academia and industry. Since the completion of the

Human Genome Project in 2003, technology advances increasingly enable the assess-

ment of molecular entities from human samples on a global scale at steadily decreasing

costs.23 This allows for significant multiplexing, in which multiple genes, sequences, or

molecules associatedwith a disease are assessed in parallel, usingMLpipelines, in search

for associating patterns and correlating or predicting disease manifestations. In contrast

to traditional bottom-up approaches focusing on a single gene or molecule of interest,

such global assessment of features with high-throughput technologies is feasible at

different layers. Related datasets and approaches are usually referred to with the suffix

-omics; e.g., genomics, transcriptomics, metabolomics. These enable ML-based assess-

ment even if the nature and mechanism of individual feature impact on disease course,

and their respective cross-interactions remain elusive. From a biological standpoint, inte-

grating multiple features may enable to capture more signals within a signaling network

associated with a disease trait, thus optimizing the chances to achieve predictive accu-

racy. With these exciting prospects notwithstanding, there are data-type-specific con-

straints to be considered when utilizing omics data as input for ML algorithms, including

the high dimensionality of omics data with thousands of features and the high costs to

generate such comprehensive datasets. Additionally, omics data are prone to spurious

correlations between features or with metadata. To prevent ML models from picking

up such random associations, the training dataset must be sufficiently large to reduce

the probability of irrelevant correlations between the many features in the dataset and

theoutcomevariable. Evenwith the reduction in the costs of high-throughputdata acqui-

sition methods,23 generating a sufficiently large training dataset of dozens of thousands

of omics samples remains a formidable and often prohibitive challenge.
Utilizing genomic data for ML-based predictions

The human genome has been utilized as a feature for clinical decision making ever

since the establishment of karyotyping via Giemsa staining. The detection of chro-

mosomal abnormalities developed into a quantitative method to systematically
6 Med 2, 1–24, May 14, 2021
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detect genome-wide DNA copy number changes.24 In the past decade, deep

sequencing of exomes or even whole genomes is rapidly integrating into clinical

practice. Well-curated databases exist with annotations of clinically relevant meta-

data, such as The Cancer Genome Atlas.25 These datasets are suitable as inputs

training AI algorithms and may even allow the detection of microbial genetic signa-

tures from human samples of the so-called ‘‘metagenome’’ for cancer diagnosis and

patient stratification.26 Such approaches may yield ML models that inform personal-

ized, rational interventions in human pathologies even beyond cancer.27 In fact, the

sheer number of sequences publicly available allows for the classification of homo-

geneous matching groups of disease versus control cases,28 even though the diver-

sity with respect to the ethnicity of the people is largely underrepresented in existing

datasets.

The transcriptome can be measured from human biopsies at single-cell resolution.

PCSs in the field of single-cell RNA sequencing (scRNA-seq) involve the robust iden-

tification of individual cell types and cellular states from transcriptome data. Deep

learning allows to train and predict the cell-type composition from scRNA-seq data-

sets.29,30 In addition, methods exist to infer cellular states, e.g., aging, or responding

versus non-responding cells upon treatment.31,32 Human peripheral blood holds

great promise as a potential ‘‘liquid biopsy.’’ The serum metabolome determines

various diseases and was recently predicted with an ML model based on host ge-

netics, gut microbiome, clinical parameters, diet, lifestyle, and anthropometric mea-

surements.33 Besides the blood metabolome being a non-genetic, individualized

reference map, recent advances in the collection and analysis of blood-cell-free

DNA harbor huge potential to enter the clinics in the context of cancer,34 e.g., for

the postoperative evaluation of gastric cancer.35 Such approaches are suitable to

train predictive ML models for disease,36 which might guide clinical decision making

in the future. Genetic information was recently utilized as input for a deep-learning

algorithm to predict the transcriptome based on DNA sequence information.37

In addition to DNA sequences, epigenetic data can also serve as input for ML

models. DNA methylation was utilized by an ML approach to identify differentially

methylated loci as biomarkers of human leukocyte types.38 Single-cell data on the

complex chromatin landscape of the human brain have been integrated into an

ML framework to predict single-nucleotide polymorphisms associated with Alz-

heimer’s and Parkinson’s diseases.39 The integration of several omics layers (e.g.,

genomics, transcriptomics, DNAmethylome, and histone marks) may provide future

guidance to clinical decision making. The microbiome, increasingly considered to

constitute a ‘‘second genome,’’ may provide another level of functional complexity

to be harnessed by ML approaches for prevention, diagnosis, and therapy in a

personalized manner. Successful examples, in which microbiome data were utilized

by MLmodels, include cancer,26 microbiome-based predictions of the human blood

metabolome,33 and microbiome utilization in personalization of nutrition.40 The

latter will be further elaborated as an example of the RecSys.

In the following, we will showcase two examples of clinical contexts, in which ML

models have been trained as PCSs.

Screening for drug discovery

In the quest to identify new precision drug interventions, large-scale screening

aimed at drug discovery and testing pipelines may be greatly facilitated by utiliza-

tion of ML.41 Predictive ML algorithms have been used in identifying promising

candidate molecules in drug development or in decoding potential mechanisms
Med 2, 1–24, May 14, 2021 7



ll

Please cite this article in press as: Adlung et al., Machine learning in clinical decision making, Med (2021), https://doi.org/10.1016/
j.medj.2021.04.006

Review
of action of promising compounds, such as binding of the drug to its molecular

target (reviewed in Santos et al.42). ML can be utilized to discern features indicative

of drug-target binding.43

One recent ML breakthrough, which may greatly facilitate drug discovery, is an AI

pipeline developed by Google, predicting 3D protein structures from amino acid se-

quences.44 This impressive development may enable to generate predictive knowl-

edge on active sites within the tertiary structures of proteins, thereby facilitating the

design of small-molecule inhibitors. As such, ML algorithms may be projected to

increasingly help in reaching a rational drug design, thereby accelerating identifica-

tion of compounds, while reducing the costs associated with unbiased high-

throughput experimental screening.45 One example for such ML-assisted drug

design is a small-molecule inhibitor against the discoidin domain receptor 1

(DDR1), which plays a role in pulmonary and renal fibrosis. With a ML approach uti-

lized for de novo drug design, potent DDR1 inhibitors were discovered and vali-

dated in only 46 days.46 First, the mapping of the chemical space was learned by

the algorithm and then this space was explored for the discovery of new compounds.

A large ensemble of pre-existing molecules as well as known DDR1 inhibitors and

similar structures served as input data for the model, which in turn generated

30,000 structures as output, of which 40 representative structures across the chem-

ical space were randomly selected for further analysis. Six of those molecules, which

were also not related to any patented structure, were selected for synthesis and

experimental validation. Two compounds featured potent inhibition of DDR1,

including in a human bone osteosarcoma epithelial cell line. In vitro studies of micro-

somal stability and in vivo assessment of the pharmacokinetic properties of these

candidate compounds (half-life �3.5 h) are currently underway in animal models.

SARS-CoV-2 patient stratification

Another recent example for the utilization of ML in PCSs is the establishment of a

prediction model to prioritize individuals for severe acute respiratory syndrome co-

ronavirus 2 (SARS-CoV-2) testing based on a simple questionnaire.47 During the

COVID-19 pandemic, demands for systematic testing of people and hospitalization

of patients are often exceeding available resources. ML can help to predict demands

for testing and hospitalization based on large public datasets, thereby identifying

priorities so that resources are made available for the people who need them the

most. This challenge was addressed by generating a model that estimates the prob-

ability of an individual to test positive for SARS-CoV-2 by reverse-transcriptase po-

lymerase chain reaction (RT-PCR). As input data, Shoer et al.47 utilized the answers

of 43,752 adults from Israel to nine straight-forward questions on, e.g., age, gender,

and self-reported symptoms. With these data, a logistic regression model was

trained to predict the outcome of a COVID-19 test, which the authors defined as a

self-reported diagnosis confirmed by a laboratory. The model achieved an auROC

of 0.737 (confidence interval [CI]: 0.712–0.759). To evaluate the contribution of

the different features (i.e., answers to the questionnaire) to the model output (i.e.,

predicted probability of being diagnosed with COVID-19), a gradient-boosting de-

cision trees algorithm was applied. With this approach, the loss of taste or smell was

identified to be the most contributing feature. The model was validated with inde-

pendent datasets from the US, the UK, and Sweden. With these data, the trained

model achieved an auROC of 0.727 (CI: 0.711–0.739). Major limitations of this

work include the reliance on the presence of symptoms and thus asymptomatic pa-

tients were largely neglected, the exclusion of children, and an inherent selection

bias created by the willingness to self-report. Further work is required to overcome

existing challenges in the pre-clinical settings and translate these approaches to
8 Med 2, 1–24, May 14, 2021
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accurate bedside predictive and stratification tools. Of note in the context of COVID-

19 diagnosis is the application of ML models to computed tomography data.48,49

Such approaches are CADes, which will be presented in the following section.
CADes

Starting as early as in the 1970s, CADe has become one of the most promising ML-

based applications in medical image analysis,50,51 as well as in sound processing, signal

processing, and interpretation of EHRs data.52 ML CADe could help clinicians by

providing feedback in the formof alerts, segmentation results, or interpretations of com-

plex signals.52 Innovative advancements and immense industry efforts in image analysis

using neural networks, along with an exponential increase in data availability, enabled

substantial improvement of CADe platforms.53,54 The existing architecture and plat-

forms enabled neural networks to discover imaging structures that are obscure to the

naked human eye, thus detecting hidden layers of clinically important information in

medical images. Collectively, numerous applications of image classification arose in

multiple domains, with two use cases described below.8,12,55–58
CADe in endoscopic imaging

Colorectal cancer is the second leading cause of cancer-relateddeaths in theUS and the

fifth leading overall cause of death in China.59,60 Screening colonoscopy remains the

most efficient modality recommended for early diagnosis and is recommended to all in-

dividuals older than 50 years.61,62 However, adenoma miss rate has been a rising

concern in endoscopy-based diagnosis of colorectal cancer, despite the high accuracy

of detection of colorectal cancer.63–65 This is of major clinical importance, as adenomas

may progress into life-risking colorectal carcinomas. Efforts to further increase the

detection rate of adenomas, e.g., by chromo-endoscopy or extra lenses, have been

limited in success.66 ML has been recently offered to constitute an attractive potential

solution to this challenge,67 with numerous randomized control trials attempting to

address this challenge, mostly harnessing the ability of neural networks to provide

high-quality image analysis.16,66,68–74 In these studies, CADe patients were randomized

into control groups, receiving diagnosis without use of an AI system, or to a treatment

group receiving care from an ML computer-aided physician. Adenoma detection rates

were reportedly increased in all of these studies, compared to the non-ML group, and

performed particularly better at detecting small polyps (<5 mm).

A systematic review68 encompassing five randomized controlled trials has quantified

adenoma detection rate while considering endoscopic withdrawal time in assessing

both the advantages and drawbacks of CADe. The reviewed studies collectively

included a total of 4,354 colonoscopies with 2,163 cases in the CADe group and

2,191 cases in the control group. An improved adenoma detection rate of 36.6%

was observed in the CADe group compared to 25.2% in the control group (relative

risk [RR], 1.44; 95% CI, 1.27–1.62; p < 0.01), which was mainly attributed to superior

ML-associated detection of smaller adenomas (<5 mm). Despite no statistically sig-

nificant difference observed between the CADe and control groups in terms of mean

colonoscopy withdrawal time (representing the duration of the procedure), it was

higher on average in the CADe group of all of the reviewed studies compared to

the controls. As such, CADe may enable better identifying early onset of colorectal

cancer but is associated with an extended procedure duration, potentially resulting

in a heavier hospital burden and associated adverse effects. Additionally, the major-

ity of trials were only performed to date at a single country, China, and merit pro-

spective duplication in other localities and ethnic groups.
Med 2, 1–24, May 14, 2021 9
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CADe in radiology imaging

Breast cancer constitutes the second leading cause of death of women.75,76 Large

screening attempts are underway to enable early detection of breast cancer as a pri-

mary preventive measure.77,78 Interpretation of these medical images remains an

enormous challenge. In a large-scale survey spanning 205 radiologists, the median

scored a sensitivity of 83.8% across >1,000,000 mammograms,79 while in

another,80,81 271 radiologists scored a median sensitivity of 87.3%. Given the

increased prevalence and associated screening, the workload of radiologists and cli-

nicians needed for this assignment has dramatically increased.82,83 CADe, without

ML algorithms, have been widely used since the first FDA-approved device in

1998, with mixed results noted regarding their effectiveness.80,81,84

ML algorithms, and more particularly neural networks, have shown promising results

in improving the accuracy of image analysis.8,14,56,85,86 However, the accelerated

availability of ML CADe is often challenged with a need for external validation and

sufficient controls.58,87,88 A recent comparison89 of three CADe-based mammog-

raphy interpretation pipelines, applied to a database of �9,000 women (739 of

whom ultimately were diagnosed with breast cancer), suggested that only one of

the tested pipelines achieved a sensitivity higher than human manual interpretation.

Combining this computerized pipeline with human interpretation led to a marked

improvement in diagnostic accuracy over either manual or computed interpretation,

reaching 88.6% sensitivity and 93.5% specificity for accurate detection, suggesting

integrating computer-assisted diagnostics in human interpretation rather than re-

placing it. One concern, to be assessed by ‘‘real-life’’ trials, is the risk of creating

spurious overdiagnosis, which may result in patient stress and anxiety,90,91 and an

excess of health system workload and associated costs.

CADx

CADe and CADx may be regarded as overlapping to some extent, as both are de-

signed to provide physician support in the diagnosis process. In contrast to

CADe, which mainly involves ML-mediated assistance in improving diagnostic accu-

racy (such as in accurately evaluating medical images), CADx adds a ML-based facet

focused on stratifying a suggested follow-up evaluation or treatment modality,

based on CADe inputs. In all, ML is aimed at both reducing miss rates and increasing

accuracy or treatment success while avoiding unnecessary procedures and their

associated adverse effects. Two examples of CADx-based uses are depicted below.

CADx-based pipelines in cancer diagnosis

One example involves a mammography screen for breast cancer, in which a CADe-

based approach may help the radiologists to more accurately pinpoint lesions that

are suspected as being potentially malignant, while a CADx-helped approach may

further help the radiologists to utilize the data in deciding which lesion merits a bi-

opsy versus other, less-invasive follow-up diagnostic approaches.92 In breast cancer,

the second leading cause of death for women,75,76 CADx based on deep learning of

multiparametric magnetic resonance imaging improved the radiologists’ perfor-

mance by reducing the false-positive rate of diagnosis.93 Besides breast cancer,

such evaluation-facilitating ML pipelines have been proposed in the context of

lung cancer94 and gastrointestinal disorders.95

CADx-based pipelines in diabetic retinopathy

Diabetic retinopathy (DR) is a commonmicro-vascular long-term complication of uncon-

trolled diabetes mellitus and a leading cause of consequent blindness. Early diagnosis

of DR can lead to an important reduction in sight loss.96,97 However, diabetic patients
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often feature poor adherence to the recommended annual eye examinations aimed at

diagnosing early signs of DR.96–99 A few attempts have been made to increase

screening compliance, including training primary care clinicians to identify DR, or

through use of telemedicine, which involves acquiring retinal images that are later inter-

preted by an expert.100,101 Lately, ML-based solutions were also integrated into this

effort, as means of enabling an automated diagnosis of DR at the primary care setting.

Following several experimental attempts at achieving high accuracy in DR diag-

nosis,102–105 the first automated diagnosis system, IDx-DR, was approved in 2018.

The ML model consists of many input features associated with DR, such as microa-

neurysms, hemorrhages, and lipoprotein exudates, that are, in turn, implemented

in a convolutional neural network to provide a disease level output. In a prospective

study,106 900 participants with type 1 diabetes mellitus (T1D) and T2D, who had not

been diagnosed with DR, were enrolled in ten different primary care sites, and DR

was detected using an automated AI system, capturing the retinal image and utiliz-

ing ML in stratifying between retinas that are healthy or featuring mild DR and those

featuring more-advanced DR. Results were compared to the gold standard Wiscon-

sin Fundus Photograph Reading Center (FPRC) widefield stereoscopic photography

and macular optical coherence tomography taken by official FPRC photographers.

Out of 819 patients featuring proper readouts by both methods, FPRC detected

198 cases having more than mild DR, while the ML-based system detected 173

cases, achieving a sensitivity of 87.3% and surpassing the FDA’s designated 85% su-

periority endpoint. Specificity using the ML approach reached 90.7%, with 556 pa-

tients out of 621 mild DR patients accurately diagnosed by the system, surpassing

the 82.5% FDA’s superiority endpoint. The IDx-DR has been adapted and continu-

ously validated in pilot autonomous AI-based DR screenings in Poland107,108 and

Spain.109 Currently, automated AI-based DR diagnosis is being further adapted to

smartphone technology, which could additionally enhance the adherence to annual

eye examinations.109,110 Further evaluations are needed to enable this potentially

exciting technology to be integrated into widespread clinical use.
RecSys

RecSys applies knowledge-discovery techniques to make personalized recommenda-

tions for information, products, or services during a live interaction.111 RecSys is

commonly used for content suggestions. For example, theNetflix content-recommender

algorithm isconsideredacanonical example for a systemthatgathers ratings fromall of its

users about featured shows andmakespredictions about ratingsof userswhodid not see

these shows. These predictions are then used to direct users tomovies for which the pre-

dicted rating is high, based on their previous preferences and similarities to other users.

In the clinical context, RecSys aims to suggest the most appropriate course of action

for a given clinical condition in diverse situations, for example, insulin administration

dosage for T1D patients or in optimizing dietary regimes for pre-diabetic individ-

uals.40,112–114 Of note, direct interaction of the patient with a RecSys, without a pro-

fessional medical mediation of the recommendations and the required actions, may

lead to misinterpretation that would be detrimental to the patient. Thus, gradual

acclimation and proper training sessions, coupled with medical caregiver support,

should be considered in mitigating these risks.
Automated insulin dose optimization

T1D is a metabolic disorder characterized by increased blood glucose concentra-

tions, caused by the loss of insulin-producing beta cells in the pancreas. It is
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estimated that T1D prevalence rate is increasing by about 3% annually, with millions

impacted by this life-risking disease worldwide.115,116 T1D is associated with acute

life-risking complications, such as diabetic ketoacidosis and hypoglycemia, and

long-term complications, such as cardiovascular disease, diabetic neuropathy, ne-

phropathy, and retinopathy. Hyperglycemia is considered a major player in the

formation of all of these complications.117,118 The current standard of care for indi-

viduals with T1D includes an intensive insulin therapy (IIT), which is key to controlling

hyperglycemia and thus reduce the risk of diabetes-related complications. Nathan

et al.119 defined IIT as comprising at least three daily injections of insulin, or alterna-

tively, treatment with external insulin pumps. In both modalities, insulin dosage is

adjusted based on at least four self-monitored glucose measurements per day.

The aim of IIT is to achieve glucose control within the nondiabetic range as contin-

uously as possible while minimizing both hypoglycemic and hyperglycemic

episodes.119

Despite increased adoption of insulin pumps and continuous-glucose-monitoring

(CGM) devices in this setting, most people with T1D do not achieve their glycemic

goals.120,121 Reasons for this may be related to the lack of expertise of clinicians in

analyzing complex sensor-augmented pump data112 or the inherent inaccuracy of

the modification system, which is often based on a rough and inaccurate assessment

of previous meal carbohydrate content. Nimri and colleagues112 compared the out-

comes of dose adjustments delivered by an automated AI-based decision support

system (AI-DSS) against those given by expert physicians in a 6-month, multicenter,

multinational parallel, randomized control study in 108 T1D patients aged 10–21.

Importantly, the AI-based solution was shown to be non-inferior to the expert guid-

ance in terms of maintaining the primary efficacy measure, which is the percentage

of time spent within the target blood-glucose levels range (70–180 mL/dL). More-

over, three severe adverse events were reported in the physicians’ arm compared

to zero in the AI-DSS arm. Of note, the specific solution discussed by Nimri

et al.112 did not disclose open-source implementation enabling the scientific com-

munity to test and validate the specificities of the algorithm, thus substantially

limiting its critical evaluation and implementation. On the positive side, the findings

encourage further research aimed at ML-based detection and prediction of CGM

patterns associated with impending loss of glycemic control.

Personalized nutrition for blood sugar control

T2D and related metabolic disorders represent an even greater major global health

and economic burden worldwide. This disease constitutes a central component of a

spectrum of cardio-metabolic disorders, including obesity, non-alcoholic fatty liver

disease, hyperlipidemia, and their common cardiovascular complications. Overt

T2D is often preceded by a milder form of glucose intolerance termed pre-diabetes,

which is reversible upon lifestyle modification but often remains undiagnosed. A

common first-line prevention and treatment strategy in both T2D and pre-diabetes

involves reduction of caloric intake and implementation of a carbohydrate-depleted

diet, which, however, remains limited in its long-term success on an individual and

population-wide level.122 A potential reason for the failure of these nutritional inter-

ventions is, in part, related to poor long-term compliance given strict specifications.

This paradigm was recently revisited in a study demonstrating individualized glyce-

mic responses of individuals consuming identical amounts of non-nutritive sweet-

eners,123 followed by a larger scale study, the personalized nutrition study, in which

people’s glycemic responses to identical foods were surprisingly found to vary be-

tween individuals.40 These studies raised the possibility that dietary approaches
12 Med 2, 1–24, May 14, 2021
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aimed at normalizing blood glucose levels may have to be tailored to the individual.

Toward this aim, the authors recruited a cohort of 800 people and continuously

monitored their blood glucose levels over a week in response to a total of 46,898

meals. In addition to postprandial glycemic responses (PPGRs), data were collected

on anthropometrics and the gut microbiome, as well as a questionnaire on medical

history, lifestyle, and eating habits, together with a panel of blood tests. With this

input data, Zeevi et al.40 devised a model based on stochastic gradient boosting

regression. The performance of the model was evaluated by a leave-one-out cross

validation scheme, which resulted in a correlation between predicted and measured

PPGRs of held-out individuals of R = 0.68. The trained model was further validated

on an independent cohort of 100 individuals, in which a similar performance was ob-

tained: R = 0.70, featuring a high degree of generalizability.

The clinical relevance of the model-based RecSys was demonstrated in a two-arm

blinded, randomized, controlled trial with 26 independently recruited participants,

in which the rational (i.e., ML-based), personalized dietary intervention improved

the PPGRs of individuals. These conceptual findings were repeated with a cohort

consuming whole-wheat versus white bread124 and in additional cohorts in distinct

territories in which the same125 or alternative126,127 ML-based predictive pipelines

were utilized. Potential limitations of these approaches could include a loss of pre-

dictive power following prolonged ML-based interventions inducing changes in

the input features (such as microbiome configuration) as well as emergence of

counter-regulatory mechanisms limiting the long-term patient responsiveness to

this approach. Long-term clinical utility of such personalized dietary approaches in

diabetes and potentially in other nutrition-dependent multi-factorial diseases merits

further studies.
EWSs

EWSs and early warning scores are tools used by clinicians and hospital care teams

to prematurely identify the deterioration of the clinical state and initiate early inter-

vention and treatment.128,129 The context in which EWSs are used might vary

between intensive care or intraoperative alerts to detect an onset of a new clinical

condition among the surveillance population. Although early warning scores for

monitoring and reducing cardiac arrest and overall hospital deaths have been widely

and effectively used,130 attempts to facilitate additional EWSs for a variety of clinical

conditions are constantly being pursued. Precision-medicine approaches and

improved available measurement devices, along with the rise of electronic health re-

cords, have provided a solid ground for the introduction of AI to the field of

EWSs.131–133 Examples of clinically utilized EWSs include predictors of acute illness

at the intensive care setting,134,135 predictors of kidney failure,136,137 sepsis,138,139

glaucoma, age-related macular degeneration, diabetic retinopathy,140 detection

and monitoring of Parkinson’s disease,141,142 fall risk estimation,143 and heart moni-

toring.144 We want to highlight the potential power of natural language processing,

a deep-learning approach particularly suitable to process large amounts of textual

structured and unstructured data. In some cases, such approaches meet the expec-

tations by predicting future acute kidney injury137 or pediatric disease145 from EHRs.

With these advances notwithstanding, most such EWS studies to date provide a

proof of concept, while faithful and safe translation into the clinical setting await

the completion of rigorous clinical trials. Below, we provide examples of two unique

implementations of EWSs in both an intensive care setting and as a screening

approach in the community.
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Intraoperative support with EWSs

Intraoperative hypotension (IOH) in non-cardiac surgeries constitutes a major

complication resulting from general anesthesia, intra-operative bleeding, and other

surgery-related events.146 With no clear definition of IOH, the prevalence of this

complication ranges between 12% and 94% of operations147,148 and is associated

with postoperative kidney failure, myocardial infarction, and various long-term pa-

tient outcomes.149,150 Monitoring arterial blood pressure is considered important

during standard general anesthesia management, either by non-invasive oscillome-

try in 2- to 5-min intervals or continuously using an invasive arterial catheter.151 In a

randomized controlled study, twice as many hypotensive minutes were detected on

average using an arterial catheter compared to oscillometry.152 Another randomized

control study demonstrated that individualized intraoperative systolic blood pres-

sure monitoring was more effective than standard management monitoring in the

prevention of systemic inflammatory response syndrome or organ dysfunction.153

The first attempted implementation of ML in aiming to control IOH included the

Hypotension Prediction Index (HPI), a metrics based on the analysis of features in

high-fidelity arterial pressure waveform recordings.153,154 Use of intense signal pro-

cessing enabled feature extraction, followed by training of an IOH predictor utilizing

logistic regression of 1,334 patients’ records. The predictor was prospectively vali-

dated using a dataset of 204 patients by predicting hypotension incidents (mean

arterial pressure <65 mmHg for at least 1 min) 5, 10, or 15 min before the event.

An impressive 92% specificity and sensitivity, 89% and 90% specificity and sensi-

tivity, and 88% specificity and 87% sensitivity were noted in the prediction of IOH

5, 10, and 15 min prior to the actual event, respectively. A follow-up assessment155

retrospectively validated these findings, albeit with a slightly decreased perfor-

mance for 5-min predictions of 85.8% sensitivity and specificity. In two small-scale

intervention studies, this system was used as an EWS in high-risk surgical cases

and managed to significantly decrease IOH time.156,157 Limitations of these trials

include the relatively small groups of participants enrolled, specific surgical proced-

ures tested using the ML system, and their validation mainly in severely ill popula-

tions that are invasively monitored. In addition, generalization of the IOH shortening

to clinically meaningful complications was not measured and merits future studies.

Cardiovascular disease detection with smartwatches and smartphones

Cardiovascular diseases (CVDs) are considered the leading cause of mortality globally,

with an estimated 17.3 million people succumbing to cardiovascular-related disease in

2008.158 People with cardiovascular conditions may feature a variety of clinical presen-

tations, ranging, among others, from cardiovascular ischemia, heart failure, peripheral

vascular disease, stroke, or heart-rhythmdisturbances. An immense need exists for early

diagnosis of CVD to provide primary care for improvedquality of life and longevity while

reducing the burden of CVD imposed on healthcare systems.159,160 In the past 3 de-

cades, the prospect of remote cardiac monitoring via telemonitoring has attracted

much attention as a possible early-detection point-of-care modality for CVD patients

and has managed to increase the quality of life while reducing mortality, hospitaliza-

tions, and health care costs in several clinical studies.161–165

Attempts to integrate AI for improvement of CVD remote monitoring have been

proven most useful in improving the New York Heart Association functional class,

preventing heart failure and subsequent heart failure hospitalization, and reducing

mortality.166–168 Yet these modalities involved cumbersome, complex, and often

invasive monitoring equipment and have not been translated well into clinical prac-

tice,169,170 which precludes them from routine, widespread use.171 Even though
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advancements were achieved in heart failure prevention with invasive monitoring for

at-risk populations,161–165 detection and treatment for early CVD onset has re-

mained under-explored.

Increasedavailabilityofwearable technologyandsmartphoneshasprovidedanewoppor-

tunity for collection of a wide, comprehensive, and continuous array of features related to

heart function.133,144,172 Smart wearables, coupledwith compatible software enabling the

support for advanced analytics and the use of ML, are increasingly used as EWSs for CVD.

Sucha frameworkhasbeen shown toprovidebeneficial predictive values in a fewproof-of-

concept studies.173,174One studyenrolled9,750participants, 347ofwhichwith atrial fibril-

lation (AF). A neural network was established through heuristic pre-training, in which the

network approximated the time between heartbeats with manual annotation of the

trainingdata.Theauthorsvalidated theperformanceof their algorithm in two independent

cohorts. In thefirst cohort, encompassing51patientsundergoingcardioversion, theneural

network exhibited high sensitivity and specificity of 90.2% and 98%, respectively. In the

secondvalidationcohort, encompassing1,617ambulatorypatients, thepre-trainedneural

network exhibited worse performance with only 67.7% and 67.6% sensitivity and speci-

ficity, respectively.174 In another prospective trial, a smartwatch signal-processing algo-

rithm was tested against an electrocardiogram of 508 hospitalized patients, 237 of which

presented AF. The EWS achieved a sensitivity of 93.7% and specificity of 98.2%.173,174

Powered with the Apple watch as an EWS, an extensively large-scale study, including

419,297 participants, aimed at screening detection of new-onset AF.175 In case of an

alert, a telemedicine meeting was scheduled and an electrocardiography (ECG)

patch was sent via email and worn for 7 days to decide whether the participant

was indeed diagnosed with AF by the gold-standard heart monitoring. In total,

2,161 participants received a notice of irregular pulse, and of them, only 450 re-

turned ECG patches containing data that could be analyzed, of which 34% of cases

have been correctly diagnosed with AF. Elderly individuals (>65 years old) featured a

higher diagnostic accuracy compared to young adults (<40 years old). Among 86 pa-

tients that featured an AF episode during continuous ECG monitoring, 84% also

noted an AF by their smartwatch.

Despite the relatively low 34% accurate detection rate of AF by smartwatches, the price

of mistake in this clinical context was negligible compared to a late diagnosis of AF.

Moreover, the irregular pulse monitored by a smartwatch could stratify a risk group

for other heart conditions besides AF.176 However, a high miss rate in the general pop-

ulation could lead to product uncertainty, anxiety, ignored notifications, or, at the other

extreme, to overdiagnosis and overtreatment. Additionally, hardware and software dif-

ferences of various brands of smartphones and smartwatches may possibly impact the

performances of ML monitoring systems. Addressing these challenges may potentially

enable to utilize these exciting wearable technologies for a variety of medical readouts

as well of other potential smartwatch readouts and merit future studies.
CHALLENGES AND OBSTACLES

Despite the enthusiasm, technological developments, encouraging results, and a

hype featured by integration of ML into the clinical realm, many challenges and pit-

falls still limit the widespread implementation to clinical decision making.
Explainability

ML algorithms for regression and classification are based on discovering associations in

the data, which are strong and reliable enough to make predictions from previously
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unseen data. An explanation of the underlying data-driven ML model only refers to the

statistical sense, in which it is possible to measure the amount of variance in the output

labels that is explained by the trained predictor. Therefore, it is important to stress that

explainability of ML algorithms must not be confused with causal inference or ‘‘mecha-

nistic observations.’’ A simple example is the case of a linear regression model, in which

the absolute value and the sign of a coefficient assigned to a predictor describe how

strong its impact on the predicted outcome and the directionality of the association.

Another example is a decision tree, which can be considered as a decision path formed

by answering a sequence of yes and no questions.

Some models aim for the discovery of associations that are obvious or easy to

explain. An example of this important concept is the work by O’Shea177 that utilized

a Bayesian network to discover risk factors for post-stroke mortality. The high extent

of agreement between the data-driven network model and common expert knowl-

edge demonstrates the potential of such causal models not only to reconfirm previ-

ously known associations but also to discover new relationships between factors and

better understand hypothesized relations between such factors. As the complexity

of the model increases, the ability to provide explainable results decreases, which

leads to complex models, such as DNNs, frequently referred to as ‘‘black box’’ algo-

rithms. These are further discussed elsewhere.10,178,179

Causability

Beyond explainability, the term ‘‘causability’’180 is referring to measures for the qual-

ity of explanations provided by ML algorithms.181 This is of particular importance in

clinical decision making, because medical professionals require a measure to judge

and understand why an ML algorithm generated a certain output. These proceed-

ings can be facilitated by interactive ML,182 in which the human domain expert

provides implicit and contextual knowledge to the learning process. A solid under-

standing of the causability is the foundation for a rational attribution of ML-based

discoveries in medicine in accordance with legal constraints and regulatory hur-

dles,183 which will be discussed further below.

Availability of data

Despite the increase in public availability of clinical data,184,185 high-quality data repre-

sentative of the global population remains limited,186 especially when considering rare

medical cases which, according to their prevalence, are hardly documented. A key

example is the challenge of EHR data collection, where the task of integrating data

from multiple sources is challenging due to usage of different formats and the rich

and complex nature of the data. When using inadequate datasets for training of an

MLmodel, there is a risk of picking up incidental correlations that appear due to sample

size or bias therein, which have nothing to do with the true underlying relationships be-

tween the variables of interest.187 In such cases, models are prone to suffer from poor

generalizability and provide misguided predictions. A related challenge relates to pub-

lic and transparent sharing of data and codes enabling practical implementation of

models, which remains disappointingly limited. One must stress the importance of

such community sharing to enable validation, corroboration, and comparisons of results

and their faithful representation between researchers and study populations. These

must be balanced with preservation of privacy, data protection, and avoidance of unau-

thorized commercial exploitation of clinical data.

Generalizability

It is not uncommon for an ML system to perform better on data collected in the same

study or from similar sources than of newly collected data.188 Generalizability is the
16 Med 2, 1–24, May 14, 2021
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measure of how useful an existing model will be on real-life data. For instance, if an

ML system is trained and tested on data from one hospital and performs badly on

data from another hospital, the ML system may exhibit a lower degree of generaliz-

ability. ML systems with higher generalizability are often preferable for clinical use.

There are multiple ways to reason about the expected generalizability of a trained

model, but in the absence of a rigorous definition for this concept, some scientific

journals provided new guidelines demanding external cohort validation.189–191

Panch et al.192 discussed the necessity of benchmark datasets for such external vali-

dation and provided detailed guidelines for constructing such databases. Another

perspective by Futoma et al.188 raised concerns that the pursuit of generalizable

models would become counterproductive. The authors explain that, although uni-

versal generalization is important, it is not always most relevant; thus, the concept

of generalizability should be adapted to the specific setting in which the model op-

erates and be measured accordingly.188 The authors discuss the relevance of

geographic generalizability in a successful nationwide DR screening in India193 yet

warn that unrealistic expectation that every ML system will generalize may risk

compromising excellent and often important local performance.194–196

Incorporating ML of multi-omics

Several studies combine in their ML input features obtained from different omics

layers.33 For such approaches to enter the clinics, several existing hurdles have to

be overcome. Despite the gradual decrease noted in the cost of obtaining diverse

omics data, such as whole-genome sequences, scRNA-seq data, andmetabolomics,

the acquisition of such datasets from entire patient cohorts longitudinally during a

study is still expensive and laborious and may become prohibitive, especially in

less-affluent population settings.

Additionally, such omics often require characterization using a standard reference,

which could exhibit different biases. For example, common pitfalls in the field of

ML with scRNA-seq data are the confounders related to reference transcriptomes

for the supervised a priori assignment of cell types. Inter-cellular and inter-personal

variability may not allow unique assignments of cell types for model training. Tradi-

tionally, cell types were defined by the presence or absence of surface markers

acquired by fluorescence-activated cell sorting (FACS). However, these data are

not always available in addition to the transcriptomic readout. While ML has been

utilized to tackle that problem,197 dynamic transitions of cellular states were recently

modeled within a deterministic framework, more suitable than ML algorithms in this

case.198

Randomized control trials versus real-life data evaluation

Estimating whether a ML system is appropriately suited for clinical usage currently

constitutes one of the most challenging aspects in this emerging field. Mostly, ML

systems are validated in retrospective or prospective trials and, in some occasions,

with simulated data.15,199 As these trials could be useful in a proof-of-concept

manner, more randomized control trials are needed to allow for a better evaluation

of the ML system, as it was lately discussed in guidelines for AI-related publica-

tion.15 Although randomized control trials may provide solid evidence for the per-

formance of an ML system, they may face interpretive problems and challenges

due to lack of fine-grained controls.89,200 Recently, a team from Google Research,

following a successful trial assessing a ML pipeline in diagnosing diabetic retinop-

athy (DR),201 deployed their ML system in a nationwide screening of DR in

Thailand.200 While closely monitoring the deployment of this ML system, the

team noticed many unexpected issues that were never encountered in their clinical
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trials,200 including low internet speed and poor lighting slowing down the

screening process, preventing diagnosis in some cases, and adding unexpected

costs. This emphasizes the importance of follow-up research for the ML system

to face real-life problems, which may require adjustments to the model itself or

to the way it is deployed in the clinics.

Regulatory hurdles

Regulatry hurdles are often encountered in the process of certification of aML-based

pipeline or software for use in prospective clinical trials, or during adaptation into the

real-life setting. While the legal process differs markedly between the US, EU, and

other global regions, in most regulatory settings the concept of a learning and

thus an inherently shifting algorithm constitutes a formidable regulatory challenge

andmerits adaptation of some of the basic concepts of clinical testing specifications.

Ethical consideration also constitutes an important unresolved topic with use of pre-

dictive ML pipelines. For example, data-sharing requests need to be balanced with

data protection considerations. The implications of unsupervised personalized

health predictions on the individual may bear dramatic economic, medical, and per-

sonal ramifications that merit a broader discussion and careful consideration in

balancing population and personal benefits.

CONCLUSIONS

ML systems are gradually being adopted fromwell-established pre-clinical scenarios

to the bedside in multiple domains and various use cases. The extensive and unique

contributions of ML systems to clinical decision making may generate a substantial

impact but necessitate continued rigorous research and tackling of challenges and

biases. Regulatory authorization of ML-based medical pipelines constitutes another

challenge, given their inherent dynamic and constantly improving analytical nature.

Much-needed uniformity is sought in terms of guidelines for protocols and publica-

tions. These require more randomized control trials evaluating, in a standardized

manner, the performance of newML systems in real-life settings. As these challenges

are gradually met and existing hurdles are overcome, MLmay eventually meet its ex-

pectations in integrating into clinical decision making and transforming the data-

driven evolution of precision medicine.
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45. Häse, F., Roch, L.M., and Aspuru-Guzik, A.
(2019). Next-generation experimentation with
self-driving laboratories. Trends Chem. 1,
282–291.

46. Zhavoronkov, A., Ivanenkov, Y.A., Aliper, A.,
Veselov, M.S., Aladinskiy, V.A., Aladinskaya,
A.V., Terentiev, V.A., Polykovskiy, D.A.,
Kuznetsov, M.D., Asadulaev, A., et al. (2019).
Deep learning enables rapid identification of
potent DDR1 kinase inhibitors. Nat.
Biotechnol. 37, 1038–1040.

47. Shoer, S., Karady, T., Keshet, A., Shilo, S.,
Rossman, H., Gavrieli, A., Meir, T., Lavon, A.,
Kolobkov, D., Kalka, I., et al. (2020). A
prediction model to prioritize individuals for
SARS-CoV-2 test built from national symptom
surveys. Med (NY) 2, 196–208.e4.

48. Mei, X., Lee, H.C., Diao, K.Y., Huang, M., Lin,
B., Liu, C., Xie, Z., Ma, Y., Robson, P.M.,
Chung, M., et al. (2020). Artificial intelligence-
enabled rapid diagnosis of patients with
COVID-19. Nat. Med. 26, 1224–1228.

49. Zhang, K., Liu, X., Shen, J., Li, Z., Sang, Y., Wu,
X., Zha, Y., Liang, W., Wang, C., Wang, K.,
et al. (2020). Clinically applicable AI system for
20 Med 2, 1–24, May 14, 2021
accurate diagnosis, quantitative
measurements, and prognosis of COVID-19
pneumonia using computed tomography.
Cell 181, 1423–1433.e11.

50. Doi, K. (2007). Computer-aided diagnosis in
medical imaging: historical review, current
status and future potential. Comput. Med.
Imaging Graph. 31, 198–211.

51. Giger, M.L. (2018). Machine learning in
medical imaging. J. Am. Coll. Radiol. 15 (3 Pt
B), 512–520.

52. Yanase, J., and Triantaphyllou, E. (2019). A
systematic survey of computer-aided
diagnosis in medicine: Past and present
developments. Expert Syst. Appl. 138,
112821.

53. He, K., Zhang, X., Ren, S., and Sun, J. (2016).
Deep residual learning for image recognition.
2016 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR) (IEEE),
pp. 770–778.

54. Krizhevsky, A., Sutskever, I., and Hinton, G.E.
(2017). ImageNet classification with deep
convolutional neural networks. Commun.
ACM 60, 84–90.

55. Dalmisx, M.U., Gubern-Mérida, A., Vreemann,
S., Bult, P., Karssemeijer, N., Mann, R., and
Teuwen, J. (2019). Artificial intelligence-based
classification of breast lesions imaged with a
multiparametric breast MRI protocol with
ultrafast DCE-MRI, T2, and DWI. Invest.
Radiol. 54, 325–332.

56. Firmino, M., Angelo, G., Morais, H., Dantas,
M.R., and Valentim, R. (2016). Computer-
aided detection (CADe) and diagnosis (CADx)
system for lung cancer with likelihood of
malignancy. Biomed. Eng. Online 15, 2.

57. Hahn, S., Perry, M., Morris, C.S., Wshah, S.,
and Bertges, D.J. (2020). Machine deep
learning accurately detects endoleak after
endovascular abdominal aortic aneurysm
repair. JVS Vasc. Sci. 1, 5–12.

58. McKinney, S.M., Sieniek, M., Godbole, V.,
Godwin, J., Antropova, N., Ashrafian, H.,
Back, T., Chesus, M., Corrado, G.S., Darzi, A.,
et al. (2020). International evaluation of an AI
system for breast cancer screening. Nature
577, 89–94.

59. Chen, W., Zheng, R., Zhang, S., Zeng, H., Zuo,
T., Xia, C., Yang, Z., and He, J. (2017). Cancer
incidence and mortality in China in 2013: an
analysis based on urbanization level. Chin. J.
Cancer Res. 29, 1–10.

60. Edwards, B.K., Ward, E., Kohler, B.A.,
Eheman, C., Zauber, A.G., Anderson, R.N.,
Jemal, A., Schymura, M.J., Lansdorp-
Vogelaar, I., Seeff, L.C., et al. (2010). Annual
report to the nation on the status of cancer,
1975-2006, featuring colorectal cancer trends
and impact of interventions (risk factors,
screening, and treatment) to reduce future
rates. Cancer 116, 544–573.

61. Lieberman, D.A., Rex, D.K., Winawer, S.J.,
Giardiello, F.M., Johnson, D.A., and Levin,
T.R. (2012). Guidelines for colonoscopy
surveillance after screening and polypectomy:
a consensus update by the US Multi-Society
Task Force on Colorectal Cancer.
Gastroenterology 143, 844–857.
62. Seeff, L.C., Richards, T.B., Shapiro, J.A.,
Nadel, M.R., Manninen, D.L., Given, L.S.,
Dong, F.B., Winges, L.D., and McKenna, M.T.
(2004). How many endoscopies are
performed for colorectal cancer screening?
Results from CDC’s survey of endoscopic
capacity. Gastroenterology 127, 1670–1677.

63. Dawwas, M.F. (2014). Adenoma detection
rate and risk of colorectal cancer and death.
N. Engl. J. Med. 370, 2539–2540.

64. Robertson, D.J., Greenberg, E.R., Beach, M.,
Sandler, R.S., Ahnen, D., Haile, R.W., Burke,
C.A., Snover, D.C., Bresalier, R.S., McKeown-
Eyssen, G., et al. (2005). Colorectal cancer in
patients under close colonoscopic
surveillance. Gastroenterology 129, 34–41.

65. van Rijn, J.C., Reitsma, J.B., Stoker, J.,
Bossuyt, P.M., van Deventer, S.J., and Dekker,
E. (2006). Polyp miss rate determined by
tandem colonoscopy: a systematic review.
Am. J. Gastroenterol. 101, 343–350.

66. Brand, E.C., and Wallace, M.B. (2017).
Strategies to increase adenoma detection
rates. Curr. Treat. Options Gastroenterol. 15,
184–212.

67. Ahmad, O.F., Soares, A.S., Mazomenos, E.,
Brandao, P., Vega, R., Seward, E., Stoyanov,
D., Chand, M., and Lovat, L.B. (2019). Artificial
intelligence and computer-aided diagnosis in
colonoscopy: current evidence and future
directions. Lancet Gastroenterol. Hepatol. 4,
71–80.

68. Hassan, C., Spadaccini, M., Iannone, A.,
Maselli, R., Jovani, M., Chandrasekar, V.T.,
Antonelli, G., Yu, H., Areia, M., Dinis-Ribeiro,
M., et al. (2021). Performance of artificial
intelligence in colonoscopy for adenoma and
polyp detection: a systematic review and
meta-analysis. Gastrointest. Endosc. 93, 77–
85.e6.

69. Huang, S., Yang, J., Fong, S., and Zhao, Q.
(2020). Artificial intelligence in cancer
diagnosis and prognosis: Opportunities and
challenges. Cancer Lett. 471, 61–71.

70. Wang, P., Berzin, T.M., Glissen Brown, J.R.,
Bharadwaj, S., Becq, A., Xiao, X., Liu, P., Li, L.,
Song, Y., Zhang, D., et al. (2019). Real-time
automatic detection system increases
colonoscopic polyp and adenoma detection
rates: a prospective randomised controlled
study. Gut 68, 1813–1819.

71. Wang, P., Liu, X., Berzin, T.M., Glissen Brown,
J.R., Liu, P., Zhou, C., Lei, L., Li, L., Guo, Z., Lei,
S., et al. (2020). Effect of a deep-learning
computer-aided detection system on
adenoma detection during colonoscopy
(CADe-DB trial): a double-blind randomised
study. Lancet Gastroenterol. Hepatol. 5,
343–351.

72. Wu, L., Zhang, J., Zhou, W., An, P., Shen, L.,
Liu, J., Jiang, X., Huang, X., Mu, G., Wan, X.,
et al. (2019). Randomised controlled trial of
WISENSE, a real-time quality improving
system for monitoring blind spots during
esophagogastroduodenoscopy. Gut 68,
2161–2169.

73. Gong, D., Wu, L., Zhang, J., Mu, G., Shen, L.,
Liu, J., Wang, Z., Zhou, W., An, P., Huang, X.,
et al. (2020). Detection of colorectal
adenomas with a real-time computer-aided

http://refhub.elsevier.com/S2666-6340(21)00155-0/sref37
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref37
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref38
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref38
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref38
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref38
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref38
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref39
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref39
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref39
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref39
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref39
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref39
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref39
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref39
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref40
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref40
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref40
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref40
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref40
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref40
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref41
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref41
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref41
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref41
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref41
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref41
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref42
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref42
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref42
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref42
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref42
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref42
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref43
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref43
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref43
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref43
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref43
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref43
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref43
https://www.nature.com/articles/d41586-020-03348-4
https://www.nature.com/articles/d41586-020-03348-4
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref44
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref44
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref44
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref44
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref45
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref45
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref45
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref45
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref45
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref45
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref45
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref46
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref46
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref46
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref46
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref46
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref46
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref47
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref47
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref47
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref47
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref47
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref48
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref48
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref48
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref48
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref48
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref48
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref48
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref49
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref49
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref49
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref49
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref50
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref50
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref50
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref51
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref51
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref51
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref51
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref51
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref52
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref52
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref52
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref52
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref52
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref53
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref53
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref53
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref53
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref54
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref54
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref54
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref54
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref54
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref54
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref54
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref54
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref55
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref55
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref55
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref55
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref55
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref56
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref56
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref56
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref56
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref56
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref57
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref57
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref57
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref57
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref57
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref57
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref58
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref58
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref58
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref58
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref58
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref59
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref59
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref59
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref59
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref59
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref59
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref59
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref59
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref59
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref60
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref60
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref60
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref60
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref60
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref60
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref60
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref61
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref61
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref61
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref61
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref61
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref61
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref61
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref62
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref62
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref62
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref63
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref63
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref63
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref63
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref63
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref63
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref64
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref64
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref64
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref64
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref64
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref65
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref65
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref65
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref65
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref66
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref66
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref66
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref66
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref66
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref66
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref66
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref67
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref67
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref67
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref67
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref67
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref67
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref67
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref67
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref68
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref68
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref68
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref68
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref69
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref69
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref69
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref69
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref69
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref69
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref69
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref70
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref70
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref70
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref70
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref70
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref70
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref70
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref70
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref71
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref71
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref71
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref71
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref71
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref71
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref71
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref72
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref72
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref72
http://refhub.elsevier.com/S2666-6340(21)00155-0/sref72


ll

Please cite this article in press as: Adlung et al., Machine learning in clinical decision making, Med (2021), https://doi.org/10.1016/
j.medj.2021.04.006

Review
system (ENDOANGEL): a randomised
controlled study. Lancet Gastroenterol.
Hepatol. 5, 352–361.

74. Repici, A., Badalamenti, M., Maselli, R.,
Correale, L., Radaelli, F., Rondonotti, E.,
Ferrara, E., Spadaccini, M., Alkandari, A.,
Fugazza, A., et al. (2020). Efficacy of real-time
computer-aided detection of colorectal
neoplasia in a randomized trial.
Gastroenterology 159, 512–520.e7.

75. Bray, F., Ferlay, J., Soerjomataram, I., Siegel,
R.L., Torre, L.A., and Jemal, A. (2018). Global
cancer statistics 2018: GLOBOCAN estimates
of incidence and mortality worldwide for 36
cancers in 185 countries. CA Cancer J. Clin.
68, 394–424.

76. GBD 2017 Causes of Death Collaborators
(2018). Global, regional, and national age-
sex-specific mortality for 282 causes of death
in 195 countries and territories, 1980-2017: a
systematic analysis for the Global Burden of
Disease Study 2017. Lancet 392, 1736–1788.

77. Oeffinger, K.C., Fontham, E.T., Etzioni, R.,
Herzig, A., Michaelson, J.S., Shih, Y.C.,Walter,
L.C., Church, T.R., Flowers, C.R., LaMonte,
S.J., et al.; American Cancer Society (2015).
Breast cancer screening for women at
average risk: 2015 guideline update from the
American Cancer Society. JAMA 314, 1599–
1614.

78. Lee, C.H., Dershaw, D.D., Kopans, D., Evans,
P., Monsees, B., Monticciolo, D., Brenner, R.J.,
Bassett, L., Berg, W., Feig, S., et al. (2010).
Breast cancer screening with imaging:
recommendations from the Society of Breast
Imaging and the ACR on the use of
mammography, breast MRI, breast
ultrasound, and other technologies for the
detection of clinically occult breast cancer.
J. Am. Coll. Radiol. 7, 18–27.

79. Elmore, J.G., Jackson, S.L., Abraham, L.,
Miglioretti, D.L., Carney, P.A., Geller, B.M.,
Yankaskas, B.C., Kerlikowske, K., Onega, T.,
Rosenberg, R.D., et al. (2009). Variability in
interpretive performance at screening
mammography and radiologists’
characteristics associated with accuracy.
Radiology 253, 641–651.

80. Kohli, A., and Jha, S. (2018). Why CAD failed in
mammography. J. Am. Coll. Radiol. 15 (3 Pt
B), 535–537.

81. Lehman, C.D., Wellman, R.D., Buist, D.S.,
Kerlikowske, K., Tosteson, A.N., and
Miglioretti, D.L.; Breast Cancer Surveillance
Consortium (2015). Diagnostic accuracy of
digital screening mammography with and
without computer-aided detection. JAMA
Intern. Med. 175, 1828–1837.

82. Moran, S., and Warren-Forward, H. (2012).
The Australian BreastScreen workforce: a
snapshot. Radiographer 59, 26–30.

83. Rimmer, A. (2017). Radiologist shortage
leaves patient care at risk, warns royal college.
BMJ 359, j4683.

84. Fenton, J.J., Taplin, S.H., Carney, P.A.,
Abraham, L., Sickles, E.A., D’Orsi, C., Berns,
E.A., Cutter, G., Hendrick, R.E., Barlow, W.E.,
and Elmore, J.G. (2007). Influence of
computer-aided detection on performance of
screening mammography. N. Engl. J. Med.
356, 1399–1409.

85. Hollon, T.C., Pandian, B., Adapa, A.R., Urias,
E., Save, A.V., Khalsa, S.S.S., Eichberg, D.G.,
D’Amico, R.S., Farooq, Z.U., Lewis, S., et al.
(2020). Near real-time intraoperative brain
tumor diagnosis using stimulated Raman
histology and deep neural networks. Nat.
Med. 26, 52–58.

86. Steiner, D.F., MacDonald, R., Liu, Y.,
Truszkowski, P., Hipp, J.D., Gammage, C.,
Thng, F., Peng, L., and Stumpe, M.C. (2018).
Impact of deep learning assistance on the
histopathologic review of lymph nodes for
metastatic breast cancer. Am. J. Surg. Pathol.
42, 1636–1646.

87. Akselrod-Ballin, A., Chorev, M., Shoshan, Y.,
Spiro, A., Hazan, A., Melamed, R., Barkan, E.,
Herzel, E., Naor, S., Karavani, E., et al. (2019).
Predicting breast cancer by applying deep
learning to linked health records and
mammograms. Radiology 292, 331–342.

88. Rodriguez-Ruiz, A., Lång, K., Gubern-Merida,
A., Broeders, M., Gennaro, G., Clauser, P.,
Helbich, T.H., Chevalier, M., Tan, T.,
Mertelmeier, T., et al. (2019). Stand-alone
artificial intelligence for breast cancer
detection in mammography: comparison with
101 radiologists. J. Natl. Cancer Inst. 111,
916–922.
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