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Abstract
Introduction: Nowadays an increase in the amount of information creates the need to replace and update data process-
ing technologies. One of the tasks of clinical pharmacology is to create the right combination of drugs for the treatment 
of a particular disease. It takes months and even years to create a treatment regimen. Using machine learning (in silico) 
allows predicting how to get the right combination of drugs and skip the experimental steps in a study that take a lot 
of time and financial expenses. Gradual preparation is needed for the Deep Learning of Drug Synergy, starting from 
creating a base of drugs, their characteristics and ways of interacting.

Aim: Our review aims to draw attention to the prospect of the introduction of Deep Learning technology to predict 
possible combinations of drugs for the treatment of various diseases.

Materials and methods: Literary review of articles based on the PUBMED project and related bibliographic resources 
over the past 5 years (2015–2019).

Results and discussion: In the analyzed articles, Machine or Deep Learning completed the assigned tasks. It was able 
to determine the most appropriate combinations for the treatment of certain diseases, select the necessary regimen 
and doses. In addition, using this technology, new combinations have been identified that may be further involved in 
preclinical studies.

Conclusions: From the analysis of the articles, we obtained evidence of the positive effects of Deep Learning to select 
“key” combinations for further stages of preclinical research.

Keywords
Deep Learning, drug synergy, informatics, machine learning, neural networks, preclinical study.

Copyright Ter-Levonian AS, Koshechkin KA. This is an open access article distributed under the terms of  the Creative Commons Attribution License (CC-BY 4.0), 
which permits unrestricted use, distribution, and reproduction in any medium, provided the original author and source are credited.

Research Results in Pharmacology 6(3): 27–32 
UDC:  615.12

DOI 10.3897/rrpharmacology.6.49591

Review Article

mailto:koshechkin@expmed.ru
https://doi.org/10.3897/rrpharmacology.6.49591
https://doi.org/10.3897/rrpharmacology.6.49591


Ter-Levonian AS, Koshechkin KA: Machine Learning and Neural Networks in...28

Introduction
Pharmacological research is required to develop and mar-
ket a new, unique drug or a new combination of drugs 
(Friends of cancer research). They include proof of quali-
ty, efficacy, and safety. Studies are carried out at first in the 
experimental laboratory, then enter a phase of preclinical 
tests, and further clinical studies are carried out, which are 
some of the most costly stages of the life cycle, both in 
terms of finances and time (Koshechkin et al. 2015). One 
of the most important ways to increase the availability of 
modern, more efficient, and safer drugs for patients is the 
reduction of pharmacological research costs without re-
ducing their quality.

Recent advances in technologies have uncovered tre-
mendous therapeutic opportunities, rapidly transforming 
the field of medicine. For example, molecularly targeted 
agents aim to exploit key tumor-specific vulnerabilities 
(Day and Siu 2016) or gene-therapeutic drugs (Ma et al. 
2020). While drug combination therapies are a well-es-
tablished concept in cancer treatment, identifying novel 
synergistic combinations is challenging due to the size of 
combinatorial space. However, computational approach-
es have emerged as a time- and cost-efficient way to pri-
oritize combinations to test, based on recently available 
large-scale combination screening data (Chen et al. 2017; 
Li et al. 2017; Jeon et al. 2018; Li et al. 2018).

One of the most advanced methods for optimizing 
pharmacological research is the introduction of technolo-
gy for the collection of primary data in digital form. This 
allows the further use of Machine Learning systems based 
on Neural Networks for their analysis.

Machine Learning is a technology that allows the Arti-
ficial Intelligence to automatically self-study from previ-
ous experience without using programming (Expert Sys-
tem 2020; Obermeyer and Emanuel 2016).

Its application is found in almost all spheres of human 
life. For its operation, it is necessary to create a huge data-
base, data in which are combined into clusters and have a 
cause-and-effect relationship with one another. Using the 
experience and knowledge of the scientific community 
about the methods of interaction and establishing depend-
encies between them makes it possible to get closer to the 
exact results of Deep Learning.

Neural Network is a series of algorithms whose pur-
pose is to recognize the main relationships in a data set 
through a process that simulates the operation of the brain 
(Investopedia 2020).

Neural Networks can learn high-level features from 
data to the ensemble-based predictors. By combining 
deep learning-generated score with only two main ensem-
ble-based functional features, we can achieve superior 
performance of various Machine Learning classifiers. The 
synergy of Deep Learning scores and integrated metrics 
derived from protein sequence conservation scores can 
allow us to improve treatment development. Machine 
Learning predictions are leveraged in molecular simu-
lations, protein stability, and network-based analysis to 

obtain insights about molecular signatures and enhance 
efficiency (Agajanian et al. 2018; Deist et al. 2018; Aga-
janian et al. 2019).

While the development of Artificial Intelligence algo-
rithms has been fast paced, the actual use of most Arti-
ficial Intelligence algorithms in biomedical engineering 
and clinical practice is still markedly below its conceiva-
bly broader potentials. This is partly because for any algo-
rithm to be incorporated into existing workflows it has to 
stand the test of scientific validation, clinical and personal 
utility, application context, and is equitable as well. In this 
context, there is much to be gained by combining Artifi-
cial Intelligence and human intelligence (Sniecinski and 
Seghatchian 2018; Amisha et al. 2019; Dzobo et sl. 2020).

The aim of our review is to draw attention to the pros-
pect of the introduction of Deep Learning technology to 
predict possible combinations of drugs for the treatment 
of various diseases. We tried to assess the feasibility of 
using digital systems for the collection of primary data 
and Machine Learning systems for pharmacological re-
search. The evaluation of the software on the market in 
terms of its applicability to the collection of primary in-
formation in digital form during pharmacological studies 
was carried out. The prospect of using Machine Learning 
technology for processing the results of pharmacological 
research has been evaluated.

Materials and methods

A literature review was conducted using the PUBMED 
electronic database of articles. As part of this review, arti-
cles from the last 5 years were used (from 2015 to 2019). 
The writing of this article was motivated by the introduc-
tion of Machine Learning technology to the market and 
the need to automate pharmacological research to create 
treatment regimens for various diseases. We analyzed the 
currently existing processing systems for the drug data set. 
The following keywords were used to search for articles: 
“Machine Learning Drug Synergy Combination”, “Neural 
Network Drug Synergy Combination”, “Machine Learn-
ing Drug”, “Deep Learning Drug”, “Deep Synergy Drug”, 
“Drug Synergy Combination”, “Deep Learning”, “Machi-
ne Learning Prediction”, “Deep Learning Prediction”. The 
research was made using Microsoft Office software based 
on the Microsoft Windows 10 operating system.

Search strategy

For this review, we searched through the PubMed data-
base. According to PubMed, for example, the first publi-
cation for the request “Machine Learning Drug Synergy 
Combination” was in 2014. Since then, the number of 
publications grew every year, with 7 publications in 2018 
and 8 publications in 2019. And in total, the search re-
turned 22 publications on this request. Upon the request 
“Neural Network Drug Synergy Combination”, PubMed 
provided a list of 10 publications, most of which related to 
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2016–2019 indicating a growing interest in Deep Learn-
ing technology to predict possible combinations of drugs 
for the treatment of various diseases. Only papers that re-
ported results and outcomes were included in this review. 
We analyzed 238 unique articles, 8 of which were carried 
out as vivid examples of the use of this technology in the 
preclinical process.

Study selection

We have limited our review to articles that, in our opinion, 
are the most significant for assessing the predictive op-
portunities of neural networks. Only studies about market 
available systems for the prediction of possible combi-
nations of drugs are included. All the systems are based 
on data from preclinical studies. All the results provided 
by systems based on Artificial Neural Network are com-
plementary for major pharmacological studies and were 
created to speed up research and provide useful hints for 
scientists. No decisions are proposed to be made on Arti-
ficial Neural Network results only.

Results and discussion

Pharmacological studies have the most significant posi-
tion in the life cycle of a drug. At this stage, researchers 
receive reliable confirmation of its efficacy and safety, 
which determines the very possibility of medical use of 
the drug. Studies determine the therapeutic dosage to 
avoid toxic effects and ensure maximum effectiveness.

Systems for collecting research results are in digital 
form on the media and communications market. Their 
functionality allows such devices, as graphic processing 
of images, selection of news feeds based on web surfing 
stories, voice search, etc., to work.

Machine Learning technology is used in several pilot 
projects in the field of medicine and health care, for ex-
ample, in ultrasound diagnostics of myositis, using the 
classification method and ultra-precise Neural Networks, 
and showed positive results in identifying this nosology 
(Burlina et al. 2017).

Machine Learning will allow us to find the most ben-
eficial combination for a particular disease. As well as a 
lower concentration of the drug in combination, which has 
a low threshold for the onset of toxic effects and has many 
adverse effects. This creates the opportunity to increase 
the concentration of those drugs in combination which do 
not have such high values of toxicity and adverse effects.

Firstly, it is necessary to enter parametric data (predic-
tors of synergy), to create the right combination of drugs 
using Machine Learning. These are the general data about 
the drugs: name, chemical structure and substructural 
profile, pharmacological effects based on the mechanism 
of drug action, toxic and adverse effects, considering the 
concentration of injected drugs.

Secondly, the need to create a database of targets for 
the action of these drugs, violations of which are a trigger 

in the pathogenesis of diseases, and which will serve as 
the basis for calculating the minimum dose at which the 
pharmacological effect occurs, as well as the targets of 
action of drugs that are not part of the pathogenesis of the 
disease, but cause adverse effects. Equally important is a 
toxic dose – this is an amount of the drug the excess of 
which will cause a toxic effect. Combinations of syner-
gistic drugs will have the same effects, but the dose of the 
combined drugs will differ from the doses  of their com-
ponents. This is due to the fact that preparations of syner-
gistic action, but with different chemical structures, have 
different effect-concentration ratios. It is also important to 
determine the pharmacokinetic properties and methods of 
administration of drugs, as well as the ability of the drug 
to accumulate and cross the histohematogetic barriers. 
The simultaneous use of synergy predictors will allow us 
to refine our search queries for a combination.

New perspectives open up the use of digital information 
processing systems when conducting preclinical studies. 
Machine Learning ”Combination Synergy Estimation” 
(CoSynE) (Burlina et al. 2017) can predict new synergistic 
interactions of drugs, as well as reveal hidden antagonism 
of drugs used in the clinic. For this purpose, it is neces-
sary to create a pool of drugs with known pharmacologi-
cal effects of the action, taking into account their probable 
manifestations in the cohort. This is also significant in the 
practice of clinical pharmacology, where the selected com-
binations of pharmaceutical preparations are empirically 
approved without the involvement of computer simulation. 
To implement the principles of personalized medicine, 
combinations of different amounts of drugs in a certain 
dosage can be selected, each of which will be evaluated ac-
cording to its adverse and toxic effects. In preclinical stud-
ies, it is important to note the absence of toxic effects and 
the desire to reduce adverse effects. It is worth remember-
ing that when combining drugs, summations are not only 
pharmacological effects, but also side (and toxic) effects. 
The new system aims to quickly create combinations of 
drugs that can be effectively used in the human population.

CoSynE is a digital system that allows you to select a 
successful synergistic combination of antibacterial agents 
based on their chemical structure (substructural profile), 
mechanism of action, taking into account the MIC (min-
imum inhibitory concentration). The advantage of Co-
SynE is that there is no need to have experimental data on 
each preparation. The disadvantage of this system is the 
reluctance to use experimental data.

The study showed that the digital system helped to find 
20 synergistic and 28 antagonistic antibiotic pairs among 
153 pairs (13% synergy and 18% antagonism).

The INDIGO algorithm (INferring Drug Interactions 
using chemoGenomics and Orthology) was investigated 
to select a combination of antibacterial agents in order to 
overcome the resistance of bacterial cells (Chandraseka-
ran 2019). In addition to finding the best combination, this 
approach used the data from chemogenomics – a combi-
nation of different genes that determine resistance to anti-
biotics in bacteria.
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This tool can accurately predict the activity of drug com-
binations, including synergy, where the activity of the com-
bination is greater than the sum of the individual drugs. It 
also accurately predicts antagonism between drugs, where 
the activity of the combination is less. In addition, it also 
identifies the genes that control these drug responses.

Among the combinations, INDIGO identified a five-
drug combination of tuberculosis drugs –Bedaquiline, 
Clofazimine, Rifampicin, Clarithromycin with the anti-
malarial drug P218 – as showing a strong likelihood of 
effectiveness against tuberculosis. A combination of anti-
biotics Moxifloxacin, Spectinomycin, two drugs that are 
typically antagonistic, can be made highly synergistic by 
the addition of a third drug – Clofazimine.

All three groupings were in the top .01% of synergistic 
combinations identified by INDIGO. Successful combi-
nations identified by INDIGO, when tested in a lab set-
ting, showed synergy in 88.8% of cases.

In the practice of treating oncological diseases, a group 
of US scientists created the NCI ALMANAC database 
(Holbeck et al. 2017; Xia et al. 2018) (NCI – A Large Ma-
trix of Anti-Neoplastic Agent Combinations) – “A large 
matrix of combinations of antitumor agents”, in order 
to create a combination of drugs with the best antitumor 
activity. The use of synergistic effects of chemotherapy 
drugs, which have different points of application of their 
action, will allow avoiding overdosing and toxic effects 
with their single use, as well as immunological and met-
abolic disorders. Tumor cells have high mutational vari-
ability, which may mean the ability to enhance resistance 
to a particular drug.

In that study, a total of 2620 drug combinations matri-
ces of drug concentrations for 4×4 were screened in 60 
cancer cell lines to generate 3.04 million data points for 
the NCI ALMANAC database. The authors confirmed 
in vitro a synergistic drug interaction flagged in the drug 
combinations high-throughput screening between the 
vinca alkaloid microtubule assembly inhibitor vinorel-
bine (Navelbine) tartrate and the epidermal growth factor 
receptor tyrosine kinase inhibitor gefitinib (Iressa) in the 
SK-MEL-5 melanoma cell line. 75% of the drug combi-
nations examined on the screen are not currently in the 
clinical trial database. Selected synergistic drug interac-
tions flagged in the drug combinations high-throughput 
screening were subsequently confirmed in vitro, evaluat-
ed mechanistically, and were shown to have greater than 
single-agent efficacy in mouse xenograft human cancer 
models. Enrollment is open for two clinical trials for drug 
combinations that were identified in the drug combina-
tions high throughput screening. The NCI ALMANAC 
database, therefore, constitutes a valuable resource for 
selecting promising drug combinations for confirmation, 
mechanistic studies, and clinical translation.

A more up-to-date system was developed by UK sci-
entists and is called DeepSynergy (Preuer et al. 2018). 
DeepSynergy is a means of finding new synergistic com-
binations of drugs. Researchers at the Institute of Bioin-
formatics (Austria) presented an application that can pre-

dict combinations of anticancer drugs for a specific cancer 
cell line using Machine Learning. For the example of this 
software, 39 cell lines, 14 experimental, and 24 approved 
anticancer drugs with different structures and targets of 
action were used. The results of this method showed high 
prognostic efficiency and an average Pearsen correlation 
coefficient when compared with other methods of Ma-
chine Learning. Indicators of synergy are estimated by 
the Loewe method, the values of which are between -327 
and 179. When using them in practice, positive were the 
combinations, the values of which were higher than 30.

DeepSynergy uses chemical and genomic information 
as input information, a normalisation strategy to account 
for input data heterogeneity, and conical layers to mod-
el drug synergies. DeepSynergy was compared to other 
Machine Learning methods, such as Gradient Boosting 
Machines, Random Forests, Support Vector Machines, 
and Elastic Nets on the largest publicly available synergy 
data set with respect to mean squared error. DeepSyner-
gy significantly outperformed the other methods with an 
improvement of 7.2% over the second best method to pre-
dict novel drug combinations within the space of explored 
drugs and cell lines. At this task, the mean Pearson corre-
lation coefficient between the measured and the predicted 
values of DeepSynergy was 0.73. Applying DeepSynergy 
for the classification of these novel drug combinations re-
sulted in high predictive performance of an AUC of 0.90. 
All compared methods exhibit low predictive performance 
when extrapolating to unexplored drugs or cell lines.

The purpose of the introduction of digital systems is to 
automate the processes of laboratory work. Digital sys-
tems replace paper protocols. Numerical data and param-
eters, as well as the contents of the protocols, must be en-
tered into programs, such as Microsoft Excel, GraphPad 
Prism and others for analysis, but this process is lengthy 
and time consuming, therefore, using primary electron-
ic documentation will allow you to preserve the original 
material, such as confirmation of this study, and instantly 
translate it into other programs for simultaneous analysis. 
There is also the possibility of indexing the contents of 
the protocols and accelerating the use of the received data.

Primary electronic laboratory protocols solve the prob-
lem of creating a primary substrate for an in-depth analysis 
through Neural Networks and Machine Learning. The use 
of this technique by the scientific community in its prac-
tice will allow us to accelerate the process of scientific re-
search, as well as to predict the success of scientific work. 
This creates an opportunity to save financial resources. 
Another direction within the framework of this issue is the 
creation of an electronic indexing system not only for the 
titles of scientific articles, but their contents, which will be 
based on a specific programming language with many dic-
tionaries and the creation of Big Data with the possibility 
of a meta-analysis of the results of scientific works. Com-
pliance with laboratory information management require-
ments is required. For example, Principles of Good Lab-
oratory Practice (GLP) contain principles for the study of 
drugs in non-clinical studies using computerized systems.
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Since the ongoing research will focus on combinations 
of drugs with extensive clinical histories, according to the 
major guidelines, preclinical studies on toxic effects are 
not necessary. Since we will study the combinations with 
different effects, it is advisable to conduct them in vivo in 
order to confirm or adjust the dose of the drugs adminis-
tered in one combination, their pharmacological, adverse 
and toxic effects at different doses.

In Russia, many companies are automating their labora-
tories, but there are many flaws in this process. Since com-
panies employ personnel who lack adequate biological and 
medical background, the possibilities for reforming these 
programs are very limited. Digital systems for medical and 
pharmacological purposes should not only provide the possi-
bility of their registration, but also further use for processing 
by applying complex mathematical formulas and involving 
medical statistics. The 1C program, which is widely used in 
the health care system; is limited to accounting tasks.

Conclusions

The introduction of Deep Learning with the use of va-
rious methods of classifying and clustering information 
will help to improve pharmaceutical production in the 
search for a suitable combination of drugs to treat va-
rious human pathologies. Also, this technology can be-
come an auxiliary tool in the further study of the effects 
of drugs on the body and in the identification of new 
targets of their action.
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