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Abstract

Background: With the emerging era of precision medicine and high-throughput sequencing technologies, huge amount of ‘omics’
data has been gathered. Data interpretation remains a challenge due to the large and evolving magnitude of the dataset [3]. Precision
medicine not only includes targeted therapeutics, but also necessitates ‘precision diagnostics’ Rational design of multidimensional
biomarkers is the keystone of precision diagnostics, wherein multiple biomarkers are cumulatively assessed using computational
techniques to yield specific patterns [1]. Patterns thus obtained are analyzed with Machine learning algorithms to arrive at a diag-
nosis that is both reliable and accurate.

Aim of the Study: To determine the role of Machine Learning in the rational design of multidimensional biomarkers.

Research Question: Can Machine Learning enable rational design of multidimensional biomarkers which serve as molecular signa-

tures for specific disease states?

Materials and Methods: With the Medline database and Cochrane Collaboration taken as a source for authenticated scientific re-
search data, 45 articles were selected having undergone randomized control trial. Out of these, 14 articles (studies) were chosen

which met the criteria for systematic review.

Results and Conclusion: Machine learning enables identification of molecular signatures of specific disease states, by cumulative

interpretation of multiple biomarkers simultaneously.
ML Algorithms can discover higher-order interactions among biomarkers, greatly improving the diagnostic performance.
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Introduction

Beginning with the completion of a milestone in our genome
sequencing endeavor, the Human Genome Project (HGP), we have
now evolved to complex sequencing technologies known as high-
throughput sequencing or next-generation sequencing (NGS). As a
result of this dynamic evolution, we now have enormous genomic

datasets have been mined to identify both drug targets and bio-

markers [3]. Acquisition of this data has become relatively easier,
but interpreting this data efficiently still remains far-fetched. Data
comprehensibility is the need of the hour in this era of ‘precision

medicine’.

The twenty first century healthcare is dominated by the con-

cept of tailor-made therapeutic approaches that cater to individual
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healthcare needs. And, biomarkers are serving as essential diagnos-
tic aids in this era of precision medicine. What are biomarkers? The
FDI-NIH Working group on biomarkers has defined biomarkers as
“substances used to detect or confirm the presence of a disease or
condition of interest, or to identify individuals with a subtype of
the disease. Individual biomarkers have since long, been used for
the diagnosis of particular disease states. But, human diseases are
phenotypically heterogeneous. This implies that each disease has
multiple underlying genomic and proteomic changes, which cannot
be pin-pointed using a single biomarker. Diagnoses obtained using
a single biomarker remains unreliable [1]. This necessitates the use
of advanced computational methods and Machine Learning algo-
rithms to identify ‘multidimensional biomarkers’ [2]. Multidimen-
sional biomarkers unlike single-analyte biomarkers are a group
of biomarkers associated with a specific disease state that cumu-
latively form patterns unique to that particular disease state, in
other words forming pathognomonic biomarker patterns. Machine
Learning and advanced computational techniques enable identifi-
cation and rational design of such multidimensional biomarkers.
This greatly improves the accuracy and diagnostic performance of

microchip-based diagnostic devices, point-of-care devices etc. [4].

Single-analyte vs. multidimensional biomarkers

Single-analyte biomarkers (for example, gene fusions or mu-
tations) limit biomarker analysis, and set out to predict patient
response based on merely a single facet of biology, attempting to
oversimplify diagnostic techniques. As combination therapies in
precision medicine, have evolved to target multiple diseases us-
ing a single therapeutic modality, biomarkers must as well seek
to capture maximum possible information from data obtained
through molecular profiling. By harnessing the potential of ma-
chine-learning tools, it is possible to filter out large amounts of
noise within datasets and identify only the most useful data. Using
machine-learning algorithms and models, high-accuracy predictive
biomarkers called ‘multidimensional biomarkers’ can be identified
and built by employing rational, data-driven methods. Hence, mul-
tidimensional biomarkers are superior to single-analyte biomark-

ers in all aspects [12] (Figure 1).

What is machine learning?

Machine Learning encompasses a set of computational tech-
niques employed to reduce a large number of measurements into
smaller dimensional outputs. With the dawn of the ‘Omics’ era and

Next generation Sequencing (NGS), there is an ever expanding bio-
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logical database. Machine learning enables clustering and stratifi-
cation of this data, in order to reduce the data to manageable sizes

and permit easy analysis.
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Figure 1: Single-analyte biomarker vs multidimensional

biomarker - schematic representation.

Based on the data set used machine learning has been catego-

rized into three major types:
e  Supervised learning
e  Unsupervised learning

e  Reinforcement learning.

Supervised learning

Supervised learning applications are most relevant to diagnos-
tic devices. How does supervised learning work? In supervised
learning algorithms, the machine learning algorithm is first provid-
ed a set of labeled data called as - ‘training data’. It is subsequently
tested for its Diagnostic performance by providing a set of unla-
belled data known as - ‘test data’. The train data is the input given
to the machine learning algorithm and it is categorized as either
healthy or diseased. Based on the training data provided generate
a deep model. Based on this deep model generated, the algorithm
interprets the test data provided stratified i.e. labeled the test data
as either healthy or diseased. It is to be noted that larger the size
of the training data set provided to the algorithm, better is its diag-

nostic performance.

Supervised ML algorithms best address ‘stratification/catego-

rization problems’. Biomarker patterns aid in this stratification i.e.
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individual sample units with a specific pattern of a given set of bio-
markers are categorized as ‘diseased’, while those units without the
defined biomarker pattern are categorized as ‘healthy’.
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Figure 2: Schematic representation of how supervised learning

algorithms work.

Unsupervised learning

In case of unsupervised machine learning algorithms, a set of in-
put data is given, which is heterogeneous in its nature and structure.
The algorithm aids in homogenizing such data by a process of clustering
and reducing data dimensionality. Hence, such algorithms are best

suited for ‘clustering problems’.

Reinforcement learning

Reinforcement based ML algorithms on the other hand function
on a trial and error basis with the predetermined reward to come
up with a solution to a given problem. The algorithm maximizes the
reward by starting with random trials and multiplying the number

of trials sufficiently to obtain the best outcome.

Materials and Methods
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A literature-based systematic review was carried out to fulfill
the aim of this study. With the Medline database and Cochrane Col-
laboration taken as a source for authenticated scientific research
data, 45 articles were selected having undergone randomized con-
trol trial. Out of these, 14 articles (studies) were chosen which met

the criteria for systematic review.

Selection criteria (Inclusion and Exclusion Criteria)
Exclusion criteria

Articles which were not published in English and where the full
text could not be obtained were excluded. Non-case control articles

were also not included in the study.

Inclusion criteria

45 Articles published within a period of 5 years (2015 - 2020)
were checked for validity, eligibility and design of the study, 14 of
which were included in this systematic review based on their sta-

tistical significance.

Results

The need for this systematic review was laid on the foundation
of following major conclusions which were drawn from the final 14

studies which were selected:

e  Machine learning enables identification of molecular signa-
tures of specific disease states, by cumulative interpretation
of multiple biomarkers simultaneously.

e ML Algorithms can discover higher-order interactions
among biomarkers, greatly improving the diagnostic perfor-

mance.

Discussion
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Figure 3: Machine learning in healthcare - field of applications.

Machine learning has a wide panorama of applications in

healthcare including:
e Disease diagnosis

e  Cancer detection
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e  Prognostic implications
e  Precision medicine

e  Drugdiscovery

e  Electronic health records

e  (linical trials and research.

Disease diagnosis

Machine vision and other machine learning technologies can
greatly enhance the efforts of pathologists and radiologists in iden-
tifying minor discrepancies. Facial recognition software is com-
bined with machine learning aid in the diagnosis of rare diseases.
Patient photographs are analyzed using facial analysis and deep
learning to detect phenotypes that correlate with rare genetic dis-

eases.

Cancer detection

Machine learning algorithms and deep learning have been em-
ployed to recognize dysplastic and neoplastic changes at the tissue
level comparable to trained physicians [11]. ML algorithms have
been successfully used to identify neoplastic histopathological
specimens, and detect various cancers including head and neck
cancers(HNCs),breast cancer, small cell carcinoma of the lung and

colorectal cancer etc.

Prognostic implications

ML algorithms have a profound role in cancer prognosis and
risk stratification which directly influences the treatment planning
[13-15]. ML algorithms have been used to predict mean survival
rate, level of risk in various cancers and potentially malignant dis-

orders.

Precision medicine

ML has been instrumental in changing the face of precision
medicine as states in various research articles and evidences in the

literature:

e  “Al techniques have been applied in cardiovascular medicine
to explore novel genotypes and phenotypes in existing dis-
eases, improve the quality of patient care, enable cost-effec-
tiveness, and reduce readmission and mortality rates. Over
the past decade, several machine-learning techniques have
been used for cardiovascular disease diagnosis and predic-
tion” [19].

e  “Referring to huge amounts of epigenetic data coming from
biological experiments and clinic, machine learning can help
in detecting epigenetic features in genome, finding correla-
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tions between phenotypes and modifications in histone or
genes, accelerating the screen of lead compounds targeting
epigenetics diseases and many other aspects around the
study on epigenetics, which consequently realizes the hope
of precision medicine” [20].

e  “Machine learning approaches for clinical psychology and
psychiatry explicitly focus on learning statistical functions
from multidimensional data sets to make generalizable
predictions about individuals. The goal of this review is to
provide an accessible understanding of why this approach
is important for future practice given its potential to aug-
ment decisions associated with the diagnosis, prognosis, and
treatment of people suffering from mental illness using clini-
cal and biological data” [21].

Drug discovery

ML algorithms largely aid in simplifying the understanding of
drug-target interactions through computational techniques and
thus facilitate rapid advancements in drug discovery. “Machine
learning (ML) approaches provide a set of tools that can improve
discovery and decision making for well-specified questions with
abundant, high-quality data. Opportunities to apply ML occur in all
stages of drug discovery. Examples include target validation, iden-
tification of prognostic biomarkers and analysis of digital pathol-
ogy data in clinical trials. Applications have ranged in context and
methodology, with some approaches yielding accurate predictions
and insights” [22,23].

Electronic health records

Data from Electronic Health Records can be utilized for predict-
ing various imperative situations in a healthcare setting such as the
risk of emergency admission [24], Intensive care unit readmission

[25], post-partum depression [26] etc.

Clinical trials and research

ML has the greatest role in fast-tracking research in various
branches of medical sciences enabling us to device therapeutics
that would have otherwise reached us centuries later. ML algo-
rithms can also aid in identifying clinically relevant evidences in

the literature, saving the time spent in manual literature mining.

ML Algorithms in common use

Commonly used machine learning algorithms include:

e  Rpackages (e.g. caret, randomForest, e1071, rpart, glmnet)
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e  Python libraries (e.g. TensorFlow, scikit-learn, Theano, Py-
learn2, Pyevolve), and

e  MATLAB statistics
e  Machine leaning toolbox (e.g. SVM, KNN, PCA, Ensemble, Deci-

sion trees)

e Naive Bayes model

Challenges with ML

The three challenges with using ML based technologies include:

e Quality, structure, and amount of the training data:
Large amounts of training datasets are essential to achieve
clinically and statistically significant accuracy in ML based
diagnostics. Smaller datasets correspond to poor diagnostic
performance.

e Training on artifacts of sample collection or processing:
It is imperative to follow standardized methods of sample
collection and processing in order to avoid bias and conse-
quent attainment of erroneous results and conclusions.

e Time and expense involved in sampling: As large training
datasets are required for acceptable levels of diagnostic ac-
curacy in ML based diagnostic devices, sampling becomes a

cumbersome, expensive and tie consuming procedure.

Conclusion

Machine learning has the ability to identify signatures of spe-
cific disease states in dynamically evolving datasets with constant
addition of new molecular information. This has widespread impli-
cations in ‘precision diagnostics’, microchip-based diagnostics and

point-of-care devices.

Using ‘multidimensional biomarkers’ that is by cumulative as-
sessment of multiple molecular biomarkers, machine learning
can improve drastically the diagnostic performance compared to
manually chosen biomarker(s) using the same input dataset. More-
over, very often individual biomarkers do not have any significant
predictive value independently, but the cumulative interpretation
of many weak predictors can synergize to a strong correlation with
specific disease states. Machine learning algorithms simultane-
ously evaluate effects of many biomarkers and can discover higher-
order interactions among biomarkers, which is extremely tedious
to carry out by conventional manual methods. This can open new
possibilities for developing highly accurate diagnostic devices and
act as a turning point in the timeline of precision medicine and di-

agnostics.
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