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Chapter

A Method for Plotting

Disease Drug Analysis and Its
Complications by Combining
Sources of Scientific Documents
Using Deep Learning Method with
Drug Repurposing: Case Study
Metformin

Zahra Rezaei and Behnagz Eslami

Abstract

Drugs for medical purposes aim at saving one’s life and improving their life
quality. Side effects or adverse drug reactions (ADRs) on patients are studied as an
important issue in pharmacology. In order to prevent the adverse drug effects, clinical
trials are conducted on the drug production process, but the process of these trials is
very costly and time consuming. So, various text mining methods are used to identify
ADRs on scientific documents and articles. Using existing articles in the reference
websites such as PubMed to predict an effective drug in the disease is a vital way to
declare the drug effective. However, the effective integration of biomedical literature
and biological drug network information is one of the major challenges in diagnosing
anew drug. In this study, we use medical text documents to train the BioBERT model
so that we can use it to discover potential drugs for treating diseases. Then, we are able
to create a graphical network of drugs and their side effects with this method as well
as it provides us with an opportunity to identify effective drugs that have been used in
many diseases so far while having the ability to be used effectively on other diseases.

Keywords: adverse drug reactions, drug repurposing, deep learning, natural language
processing, social network
1. Introduction

What makes reusing old drugs worthwhile is the cost of developing a new
drug, according to research [1]. The cost of developing a new drug reaches bil-

lions of dollars, which includes analysis, testing, validation costs, and so on. More
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importantly, duration of developing new drugs may take long nearly 9 to 12 years
to launch a new drug.

This practice, therefore, is deemed to be of importance in the pharmaceutical
industry because it accelerates the development of drugs and reduces the cost of drug
production, especially for pandemic diseases such as COVID-19, and the need to use
this scientific process in the field of artificial intelligence is essential.

Due to the rapid growth of scientific articles in medical research, the analysis of
medical textual documents using text mining methods has become very popular.

The emergence of powerful deep learning methods and their maturity in text mining
has created various development ways for different types of text analysis. The only
drawback of deep learning models is their training using a large number of input
data, which has made an unsurmountable challenge in medical topics. Fortunately,
various medical sites such as PubMed allow the use of textual data and have seriously
contributed to the development of deep learning models.

Improvements in healthcare and nutrition have generated remarkable increases
in life expectancy worldwide. Although our understanding of the molecular basis
of these morbidities has quickly advanced, effective novel treatments are still lack-
ing. Today, the topic of reusing drugs based on text mining methods and based on
valid scientific articles is important and vital, because based on the characteristics of
pharmacokinetics and pharmacodynamics, the process of data generation has already
been approved and validated by scientific communities and the study of side effects,
and their impact on other diseases will significantly save the time and cost of the data
generation process. Creating new drug profiles based on previously valid drugs is a
way of bypassing the drug production cycle.

Metformin is one such drug currently being investigated for novel applications.

What is clear from the clinical evidence is that metformin is prescribed in the treat-
ment of diabetes. The aim of this research is to investigate the effects of metformin on
various diseases that are reflected in PubMed documents. What will be studied in this
report are the results of the use of metformin in the prevention of various diseases.

This chapter aims to provide the reported results, available in medical literatures
for potential of metformin to prevent or treat different kinds of disorders.

Furthermore, some of the previous researches in the field of drug reuse have been
reviewed in the second chapter. In the third chapter, the proposed research model
is discussed and in the fourth chapter, the explanation of the model architecture is
discussed. The implementation results and final outputs of the proposed method are
explained in the last section.

2. Related works

Drug reuse is used to treat diseases other than an approved disease (such as drug
use in new drugs, development of indications, or change of indications), including
the development of new medical applications for previously approved drugs, as well
as the evolutionary cycle. A drug is defined for the use and development of drugs
that are in the drug archive. This strategy is not very new, but it has gained significant
momentum in the last decade as approved scientific sources on drug reuse have
identified side effects.

About one-third of the approvals in recent years correspond to drug repurposing,
and repurposed drugs currently generate around 25% of the annual revenue for the
pharmaceutical industry [2].
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Drug reuse involves identifying new uses for existing drugs. Prominent exam-
ples of the use of these methods include sildenafil and thalidomide as a result of
serendipity [3].

Graphs of drugs, genes, and diseases are created and clustering methods are
developed to predict new edges between drugs and diseases [4].

Disease genes and drug genes are modeled. Relationships from Medical Scientific
Documents and Induction of Indirect Relationships Between Drugs and Diseases
Proposed a ranking method based on the similarity of the drug target to rank these
relationships [5].

When predicting a new drug-target interactions (DTI), drug-drug interaction
(DDI) [6], there are three levels of prediction using machine learning techniques.
First, it preprocesses input data such as drug side effects, drug chemical structure,
and disease genes and provides training data through feature extraction. The
appropriate machine learning algorithm is then used for training. Third, we apply
a predictive model to get the results of drug repositioning in the test dataset. The
data is transformed into a consistent, normalized format, such as computer-readable
vectors and matrices, before being entered into the machine learning model to
train the representation. Representation learning [7] (or feature learning) is a set
of techniques for transforming raw data into something that can be effectively used
through machine learning. Representation learning is mainly divided into a super-
vised learning approach and an unsupervised learning approach and extracts the
properties of the input data of the downstream.

3. Material and methods

We look for relevant publication in PubMed through using metformin as key
word. The data of this research are documents and scientific articles written in
English between 1994 and 2020. In this direction, we applied named entity recogni-
tion (NER) BioBERT method.

The used NER method includes three main phases (Figure 1); it is started with
textual documents from PubMed which are entered as input data, followed by prepro-
cessing phase to improve data, and eventually, in the third phase, grouping data into
train and test categories is done, and NER via deep learning algorithm — BioBERT
method - runs to extract patterns.

3.1 Data sources
We looked at 18000 publications in PubMed using metformin as a keyword. The

abstracts of 16,000 out of them were analyzed by NER BioBERT. This search covered
studies which have been done between 1994 and 2020.

Pre-training of BioBERT
Pre-training Corpora BIOBERT Pre-training

= Publifed 438 words
\ Preprocessing T —
Publmed ) Text Data
- ._‘_. ;' BERT
Figure 1.

The workflow of the proposed model-based strategy.

3



Drug Development Life Cycle

3.2 Preprocessing
The preprocessing of comments in both datasets was performed as follows:
1.Data shuffling
2. Converting all uppercase words into lowercase
3.Elimination of special characters such as @,!, /, *, $.
4.Remove stop words such as at, of, the.
5.Convert acronym or abbreviation to complete
6. Lemmatization
3.3 Deep classification

Bidirectional Encoder Representations from Transformers for Biomedical Text
Mining can be considered a particular language pretrained model on a large-scale
biomedical corpus. According to the mentioned architecture, the knowledge from
a large number of biomedical documents by BioBERT [8] is transferred to biomedi-
cal text mining models with the least amount of modification in the architecture.
Whereas competitive performances with previous novel models appeared by BERT
and BIOBERT essentially have better performance on the following three biomedical
text mining functions: biomedical named entity recognition and biomedical cluster-
ing based on the effect of Metformin.

Different diseases and the trend of metformin impact in publication during several
years, based on drug effect on various diseases.

BioBERT effectively moved the data from a part of biomedical textual documents
to biomedical text mining models by some alterations in a particular structure.
Whereas BERT had outlined excellent function with previous models, BioBERT
discernibly overwhelmed them on entity recognition and clustering concerning
metformin effect on individuals’ wellbeing.

We investigated publications based on the association between metformin and
type 1and 2 diabetes. And separately, we explored them in accordance with the effect
of metformin on other disease.

PubTator [9] and BEST [10] are two of the potential sources that automatically can
extract compounds and proteins from PubMed or PubMed Central (PMC). However,
these two sources are not able to extract the combined and interactive relationships
between the drug and the disease. To address these issues, we began building a pipe-
line using NER to identify studies containing DTT and extract related data. We, then,
trained the BioBERT model on known studies containing DTIs and used this model to
predict new drug studies.

Indeed, given an input sentence X = {x1, x2, ..., XN} where x; is the i-th word/token
and N speaks to the length of the sentence. The objective of NER is to categorize each
word/token in X and allot it to corresponding name y € Y, where Y may be a pre-
defined list of all conceivable name sorts (e.g. CHEMICAL as Drugs, Infection).

Additionally, this structure was used after preprocessing to identify the relation-
ship between the drug and the disease. In future research, we are going to create this
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graph of relationships and use the number of drug references to a chemical structure
as a weight to discover drug relationships.

4, Result

There have been a few detailed examinations into the relationship between
metformin and the results of cures in different diseases. Moreover, these preclinical
reports and dependable biological pathways have been known which clarify the atomic
component of metformin and addressed in our research work. Nevertheless, the vital
reply to this issue is the level of metformin adequacy against nondiabetic disarranges.

Metformin is the generic name of the drug which is produced and supplied under
different brand names such as Metformex, Glucophage, and so on. As shown in
Figure 2, the drugs extracted from the authoritative scientific articles are in the drug
groups related to diabetes and some other drug groups.There are several classes of
drugs used to control diabetes, and members belonging to each group have similar
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The word-cloud of the BioBERT model in drugs.
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The word-cloud of the BioBERT model in disease.
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Figure 4.
The word-cloud of the BioBERT model in disease.
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Figure 5.
The word-cloud of the BioBert model in disease.

functions. One of these drug classes is biguanides. Metformin, the only member of
this drug group, works in three ways:

* Decreased amount of glucose produced in the liver

* Decreased absorption: the amount of glucose that the body absorbs

* Increased effect of insulin on the body

Diabetes medications are generally prescribed to lower blood glucose For example,
in articles, it refers to synthetic alternatives and antidiabetic drugs to reduce perfu-
sion or kidney function, exacerbate the antihypertensive effects, exacerbate meta-
bolic acidosis, and so on (Figures 3-5).

According to the NERBIOBERT model, out of 16,781 articles reviewed by the PubMed
site and analyzed in the article, 6185 papers refer to type 2 diabetes and 221 papers refer
to type 1 diabetes as we know it. Type 2 diabetes is a chronic disease. It is characterized by
high levels of sugar in the blood. Type 2 diabetes is also called type 2 diabetes mellitus and
adult-onset diabetes. Although, 2388 papers used metformin in type 2 diabetes mellitus,
and 1178 articles did not mention any disease at all. Therefore, based on the type of articles,
if the adverse use of metformin for the treatment of another disease has been identified, it
can be used in the treatment of that disease. What is important in this analysis is a dem-
onstration of the disease and the drug so that by analyzing a large volume of authoritative
articles, the use of the approved drug can be used in the treatment of other diseases.

5. Conclusion

Experimental results on the drugs and disease with using advanced deep learning
models like Bret show that integrating pretrained biomedical language representation
models (i.e. BERT and BioBERT) into a pipe of information extraction methods with
multitask learning can improve the ability to collect drug repurposing knowledge
from PubMed.

Hitherto, there has not been any clear answer for that in clinical trial, and also, the
role of metformin on treatment or prevention of disease remains hypothetical on next
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step, and we will extract the association between diabetes and other relevant disease
with respect to administration of metformin as treatment.
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