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1. Introduction

Since the first introduction of Artificial Intelligence (Al) in 1956, its
aim was to tackle problems with human intelligence, but with
greater speed and accuracy. Al has been inspired a lot by natural
swarm intelligences, such as those observed in groupings of
animals and insects. Swarm intelligences not only are observed
in our surroundings, but also exist within the human body. For
instance, vertebrae immune system can be considered as a swarm
intelligence in that it consists of independent, self-organized
agents that interact with one another to form a higher intelligence
[1]. Al has profited from immune system and artificial immune
system has been of use in overcoming challenges such as intru-
sion detection, self-healing of robots, optimization and anomaly
detection. As much as immunology has served the Al, recently Al is
being used in many immunological fields. Beside remarkable
analytic abilities, antigen and phenotype detection, predicting
prognosis and treatment outcomes, etc., are examples where Al
is serving the immunologists in the field.

2. Al at molecular levels

Machine learning (ML) is an Al tool that can process huge
imported data, process them and generate models for those
data and their alikes to fit in. This allows Al to classify inputs
and predict outcomes. Many algorithms have been developed to
predict the outcome of interactions and classification at mole-
cular levels (Figure 1). For instance, ML can predict genotypes
associated with poor prognosis [2]. Phenotype detection is
another example of the classification abilities of Al. Cellular phe-
notype detection and classification can determine the presence
of a particular disease or its outcome. In case of certain diseases,
the importance of phenotype classification at molecular level is
more prominent since it can directly determine prognosis and
treatment plan. For instance, HIV-1 response to therapy can be
predicted based on viral phenotype, as certain phenotypes are
associated with drug resistance. Determining the genotype lead-
ing to resistant phenotypes can be easy in some cases as these
viruses are subject to point mutations. However, determining
mechanisms leading to resistance in other viruses is complicated
[3]. Many factors influence resistance and determining the
impact of each factor is complicated. ML can determine the

resistance-associated phenotypic features and classify virus
strains upon them. It can also determine the weight of each
factor precisely, a complicated and time-consuming task to be
done by conventional statistical analyses [3].

Another way of phenotype detection is image-based pheno-
type detection. The image-based techniques have remarkable
accuracy at both cellular and molecular levels. The classical meth-
ods of microscopic visual inspection of tissues are time-consuming
and prone to subjectivity. Furthermore, they cannot keep up with
the data collected from high-throughput studies. Machines not
only can keep up with the pace that the data are generated in
modern medicine, but can also detect phenotypic changes that
could slip through human screening [4]. The scope of machine
screening can be adjusted to detect only a phenotypic alteration
of interest or screen for a wider variety of phenotypes. These
image-based techniques have been recruited to determine
immune responses such as macrophage activation [5] and lym-
phocyte infiltration in breast cancer and other solid tumors [6],
hence assist in determining prognosis and response to treatment.

One of the fields in immunology for which many
accurate algorithms exist is predicting the immunopeptidome.
Determining whether a peptide can be presented by the MHC
molecules is of utmost importance and can be a step forward
towards personalized vaccine development. The most accurate
way to determine immunopeptidome is mass spectrometry (MS).
However, it is an expensive and time-consuming technique. ML
not only can determine the immunopeptidome, but it can also be
trained by the current data on human immunopeptidome and
predict whether a given peptide can be presented by MHCI
molecules. Data acquired from in vitro studies provide information
on peptide-MHC affinity. These data can be used to generate
models that can predict presentability of neoantigens discovered
through whole exome sequencing of tumors by MHC molecules.
Predicting epitopes for MHC-Il molecules is even further challen-
ging due to different peptide length. Al-based algorithms have
shown promising efficacy in predicting MHC-Il epitopes based on
their amino acid sequence and designing vaccines targeting MHC-
Ilimmunopeptidome [7,8]. However, since these models are based
on in vitro data, they may not predict in vivo interactions with the
same level of accuracy.
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Figure 1. Machine learning methodologies frequently used in immunology: In order for data to be processed by machine learning algorithms, they should be first
preprocessed. There are different preprocessing methods such as denoising, feature extraction, etc., based on the type of data used. Then these data are processed

using different algorithms in machine learning.

Apart from determining the human immunopeptidome, ML
has served vaccine development in other ways. ML can help
design optimum adjuvants for vaccines by determining epi-
topes in antigens. For this purpose, machines are trained
based on epitope properties retrieved from existing data on
epitope of antigens [6]. A scoring system based on the driven
epitope properties predicts how likely a given structure (3D) or
sequence (2D) is to play the role of an epitope. ML can even
go further with predicting the tertiary structure of a protein
from scratch based on its amino acid sequence and predict its
binding to MHC molecules [7]. A recently proposed support
vector machine-based classifier can distinguish epitope pep-
tides from non-epitope peptides [9] and determine the immu-
nogenicity of a given peptide. Similar efforts have been made
at the level of DNA and RNA to determine oligonucleotides
that have immunomodulatory properties [10]. Many of these
in silico cell models have shown promising predictive proper-
ties in designing vaccines and computationally evaluate their
effectiveness [11]. Furthermore, ML can accelerate finding new
candidate antigens in reverse vaccinology [12]. However, the
accuracy of these classifiers depends on the set of data and
retrieved features they are trained upon. Therefore, it is impor-
tant to constantly enrich the dataset training these machines.

3. Al in the field

Application of Al is not limited to molecular levels. Apart from
detecting potential targets for developing novel therapeutic
approaches and predicting their efficacy at in vitro level, Al can
be applied at clinical levels and their application can go beyond

their analytic power. Recruiting Als can change the face of clinical
trials. Al can check patients for their eligibility to participate in the
trials by going through their electronic medical records. It can
analyze both structured and non-structured clinical records and
compares patients’ information and the eligibility criteria for
a given study. This way, Al-based software can propose clinical
trials suitable for patients which will increase the probability of
patients’ enrolment in a suitable clinical trial [13]. After the
enrolment of the patients, Al can increase their adherence to
clinical trials by providing constant emotional support by
answering their queries. Another example of benefiting from Al
in clinical trials and clinics is supervision on patients’ ingestion of
medication. Video-based applications use Al algorithms to iden-
tify the patient’s face and the drug and make sure that the drug is
swallowed (e.g. NCT02243670). Same technology can be
adapted for drugs administered other than oral route; however,
no algorithm has been provided for this purpose yet.

4. Future perspective

Many studies have recruited Al in biological fields, and their
algorithms are mostly publicly accessible online. The fact
that these algorithms are designed for public databases
allows their comparison in the future and this way algo-
rithms with higher accuracy are developed. Table 1 sum-
marizes some of these databases which have been used for
the development of many of these algorithms.

Using Al-based methods apart from saving time and eco-
nomic resources, has the potential to model entirely artificial



Table 1. Some of the public databases used to develop algorithms in the field
of immunology using machine learning methodologies.

Database Database description Study/method

TCGA A database of genetic alterations [2], LUADpp
leading to cancer.

UniProt A database for functional and [14], ELM-MHC
structural information and
sequence of proteins.

IEDB A database for antibody and T cell [15], NetMHCpan
epitopes.

SYFPEITHI A database for peptide sequences that [15], NetMHCpan

bind to MHC | and MHC II.
IEDB: Immune Epitope Database, TCGA: The Cancer Genome Atlas

studies. Al's ability to predict interactions such as peptide-MHC
affinity is one of its major strength points which can be used to
develop new prophylactic/therapeutic agents such as vaccines
using neoantigens. Furthermore, Al can simulate non-human
and human subjects in preclinical and clinical studies. With the
right data set to be trained upon, there is a possibility that Al
replace human subjects in clinical trials, at least in early phases.
However, such implementation of Al may be ethically a subject
of debate as there may remain hidden aspects to in vivo inter-
actions that are not predicted in silico. In order to move towards
in silico clinical trials, consensus must be reached between sta-
keholders and researchers. However, amidst the rapid develop-
ment of computational medicine, many questions arise: How far
can Al go in medical fields? Should replacing humans in clinical
trials be considered as the ultimate goal of Al in medicine? How
far are we from attaining this probably ultimate goal?

5. Conclusions

The pre-computational era of medicine has provided enough
data regarding disease status, prognostic factors and therapeutic
approaches to pave the road for Al to use these data to come up
with better solutions. The past few decades have witnessed
tremendous evolutions in computational medicine. Today,
machines are able to go through databases, retrieve desired
information and recruit this information to predict outcome
and design therapeutic interventions for a given individual. We
believe that more studies have the potential to recruit Al. This
can be specifically the case for immunology, where there is
a tight relationship between the molecular and clinical levels.
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