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Abstract

The purpose of this project is to analyze
drugs known to treat a particular disease and
find other drugs that can potentially treat the
same disease, with some modifications, if
required. Drug discovery is an expensive
process. It takes a lot of time and resources
to find new drugs to treat a disease. For this
process, our project can be used to predict
some potential drugs to treat a particular
disease and those drugs can be further
analyzed so as to study their properties with
respect to the disease to be treated. For this,
we have considered similarity between
drugs chemically as well as the shared genes
that are affected by these drugs.
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I. Introduction

Drugs generally have the tendency to act on
more than one target, which is useful to
check for more indications to be treated
using those drugs; which is can be perceived
as the main concept of drug repositioning.

Drug repositioning is the process of
examining currently approved drugs and
analyzing what other diseases or indications
can be treated with the help of those drugs.

Drug repositioning mainly involves studying
the chemical similarities and the gene
sequences for target genes, that are affected
by those drugs. Basically, drug repositioning
depends on analyzing the currently available
approved drugs and then studying those
drugs for new indications.
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Currently, an estimated number of 4,000 of
active pharmaceutical ingredients (API)
have been approved for human use in the
world[4]. Approved drugs keep
accumulating over the years, on average to
20 to 30 NMEs each year have been
approved by US-FDA [] further expanding
the space for drug repositioning[1].

Many drugs are subsequently discovered to
have the potential to treat some other new
Indications. Extension of the clinical use of
a drug to a new indication has historically
occurred through serendipitous clinical
observation, e.g, sildenafil for erectile
dysfunction, but recently has occurred
through logical connection of a disease’s
pathophysiology to a drug’s target, e.g,
losartan for Marfan syndrome[2].

Advancements in treatment have also been
made by combining new drugs with
repurposed old drugs, e.g, chloroquine,
historically used to treat malaria, has
recently been combined with a new drug,
tarceva, which Kkills lung cancer. It is
estimated that roughly 1 in 10,000 new
chemical  entities that enter the
pharmaceutical research and design process
actually makes it to market[5]. The success
rate for repurposed drugs was almost 30% in
2012[3].

In this paper, our aim is to provide a disease-
specific method for drug repositioning, i.e,
to provide some potential drugs that are not
being currently used for that disease, but can
be used to treat that disease. For our study,
we have taken 2 diseases, migraine disorders

357


mailto:aditisharma472@gmail.com
mailto:tyagianjali260@gmail.com
mailto:sweeta.bansal@ipec.org.in

ISSN(Online) : 2456-8910

International Journal of Innovative Research in Applied Sciences and Engineering (IJIRASE)
Volume 2, Issue 11, DOI: 10.29027/IJIRASE.v2.i11.2019, 357-361 , May 2019

and headache disorders, to predict the same.
First, we have considered the drugs that are
currently being used to treat these diseases,
and compared their chemical structures with
currently available approved drugs. Next,
we have considered the genes that are
commonly affected by the drugs already
being used to treat the diseases and kept a
score of similarities in those genes’
sequences. Then, a matrix was formed
keeping a track of the commonly affected
genes and whether they are directly affected
by the drugs that were found to be similar to
those already treating the disease.

Based on this matrix, a score was calculated
for all the similar drugs and a classifier, like
svm, neural network are used to predict a
class, 0 or 1, for that drug. O indicating that
the drug cannot be used to treat the disease
and 1 indicating that the drug can be used to
treat the disease and should be analyzed
further for checking the side effects related
to that particular disease.

Il. Material and method
1. Dataset
i. Drug-disease association

Data was taken from DrugBank[6]. It
contains 1933 drug-disease associations
between 593 drugs and 313 diseases. All
593 drugs are registered in DrugBank and
all 313 diseases are listed in OMIM
database[7].

ii. Drug targets
This data was also obtained from
DrugBank[6]. Drug targets one or more

cellular molecules such as metabolites or
proteins for desired effects. A list of targets
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corresponding to all 584 drugs were
Obtained.

iii. Genomic data
Amino acid sequences of the target proteins
were obtained from DrugBank][6].

2. Method
i. Drug-drug similarity

The dataset containing chemical structures
of drugs, taken from DrugBank][6], was used
to observe similarity between drugs, using
chemical fingerprints[8].

This was done to get a list of drugs that were
similar in structure, to the drugs already
being used to treat the two diseases.

Similarity measure was calculated using the
Tanimoto coefficient[9]. Tanimoto score
gives the ratio of common elements and
total elements present in the two structures.
It is only applicable for a binary variable,
and for binary variables, it ranges from 0 to
+1 (+1 being the highest similarity).

Alternatively, the search results can be
estimated using a threshold value, which
was used for our research.

Drugs that were already known to treat the
two diseases in consideration, migraine
disorders and headache disorders,were used
to calculate similarities with other approved
drugs, present in the obtained database,
based on chemical fingerprints and
Tanimoto coefficient for similarity measure.

ii. Gene similarity
For both diseases, data was analyzed, to find

the genes that were commonly affected by
these diseases. This was estimated using the
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data for each drug known to treat the disease
currently.

Using this data, pairwise gene similarity was
calculated for all genes and a matrix was
formed. This pairwise gene similarity was
calculated using the Smith-Waterman
algorithm[10].

iii. Drug-gene association

Initial association matrix was formed for
both the diseases. Where row contains
DrugBank ids of drugs and columns contain
gene ids of the common genes, extracted in
the above step.

Value 1 was assigned to a cell, if that drug
affected that particular gene directly,
otherwise value 0 was assigned to that cell.

3 association matrices were formed for each
disease, one containing the cell values
among drugs known to treat the disease and
the common genes, second containing cell
values among drugs, neither similar nor
known to treat the disease and the third,
containing cell values among drugs found to
be similar and the common genes.

iv. Calculating scores

A score was calculated for each drug, i.e for
each row in the initial association matrix.

When a value 1 was encountered in a row,
the score for that drug was calculated by
checking the similarity between all genes
with the gene for which value 1 was found
in the row.

By taking a weighted value for the similarity

and number of drugs associated with that
gene in the matrix,
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A score was calculated and assigned to that
particular drug. In case, there were multiple
1 values in a row, score with the highest
value was assigned to that drug.

v. Assigning classes and using classifiers
Scores calculated for the first two initial
matrices, one with drugs known to treat the
disease (positive class) and the one with
drugs neither similar nor known to treat the
disease (negative class), were used as the
training inputs for the two classifiers used
(svm and neural network).

Positive class of drugs for a disease was
assigned class 1 and the negative class of
drugs was assigned class 0.

This data was used as the training data for
the classifier and the scores calculated for
similar drugs, was fed to the classifier so
that the classifier can predict classes for
those drugs.

Drugs predicted to have class 1, were
provided as the result of our analysis.

I11. Results

Fig 1.Predicted classes for migraine
disorders using svm

..............
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Fig 2.Predicted classes for headache
disorders using svm
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Fig 3. Classes predicted for migraine
disorders using neural networks
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Fig 4. Classes predicted for headache
disorders using neural networks

The drugs with highest value (near 1), or the
predicted potential drugs to treat the diseases
were:

For migraine disorders,

Imipramine, currently being used to treat
panic disorders, pain, neuropathic pain and,
Amphotericin b, currently used to treat
infections, were the drugs predicted with
highest scores.

For headache disorders,

Imipramine, Framycetin (currently being
used to treat infection) and Trimethadione
(currently being used in control of absence
seizures that are refractory to treatment with
other medications.

IVV. Conclusion

It was observed that, for the disease where a
higher number of genes were considered
(migraine disorders, in our case), the results
were more accurate as compared to that
where a lesser number of genes were
considered.

Also, for headache disorders data, multiple
number of drugs in the training set had a
zero score (because of having lesser number
of genes in consideration), which made the
results difficult to converge as compared to
migraine disorders.

Our study provides some potential drugs that
can be wused to treat a particular
disease.These drugs can be further analyzed
to check whether these drugs are safe to be
used for that disease, and for any other
harmful side effects these drugs might have.
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Case studies for migraine and headache
disorders indicate that our method could be
used for predicting new drugs for some
indications based on the similarity between
chemical structures and gene similarities.
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