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Abstract

Many different approaches have been used to find miRNA and disease associations.But none of the
state-of-art methods use global information instead of using local infor- mation. As of now, this work
has been done considering maximum 2 similarities of miRNA or Disease. In the proposed method,
we tried finding MiRNA disease asso- ciation using five similarities. The work also calculates the
accuracy of the resulting miRNA -Disease prediction using a SOM approach.

Chapter 1 Introduction

This chapter begins with the section 1.1 which describes the background of the problem. Then the
motivation for the problem. Followed by the problem statement and objectives. Subsequently the
organization of the thesis and proposed works are given briefly.

1.1 Background

The discovery of the first microRNA was about 20 years ago and it involved in variety of physiological and
pathological processes.Since the discovery of the powerful effect miRNAs are through biological
processes,mutations affecting miRNA may play an important role in the pathogenesis of human diseases.
According to latest recent years microRNAs plays an important role in various human diseases.Now a
days many studies aim to apply miRNAs for diagnostic and therapeutic applications in human diseases.
Over the past several years microRNAs have been found to play a major role in various human
diseases. In addition, many studies aim to apply miRNAs for diagnostic and therapeutic applications in
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human diseases. [5]

The miRNA’s plays an important roles in many biological processes such as cell development,
proliferation, differentiation, apoptosis etc. The miRNA exhibits their function by regulating expression
of disease genes.As a result, the abnormality of miRNAs, the imbalance of miRNAs and dysfunction of
miRNA biogenesis may result in many diseases, including cancers, inherited diseases, nervous system
diseases, and so on. The miRNA exhibits their function by reg- ulating expression of disease genes. As
such, the abnormality of miRNAs, the dysregulation of miRNAs and dysfunction of miRNA biogenesis
may result in many diseases, including cancers, inherited diseases, nervous system diseases, and so on
[6]. For example, miR-21 can control the expression of gene MAP2K3 expression, which is a tumor
repressor gene and has association with hepatocel- lular carcinoma cell expansion. Therefore,
identifying disease-related miRNAs can be helpful for exploring disease parthenogenesis and designing
appropriate and effective treatments [6].

It has been reported that genes with similar functions are often implicated in similar diseases and vice
versa [7].The homologous miRNAs are collected into the same miRNA family The seed regions
(normally 2-8th nucleotide from the 59 end of miRNA) of miRNA sequences of the same family are
almost identical. It has been reported that miRNAs are often found in genomic clusters.The clus- tered
miRNAs are usually transcribed together and more likely associated with the similar diseases. [7]The
clustered miRNAs are usually transcribed together and that are associated with the similar
diseases.Based on this information we can calculate disease-disease DAG similarity, disease-disease
semantic similarity and disease-disease functional similarity. Identifying the relationship between
miRNAs and diseases is by using the experimental methods. And the cost of identifing relatioship is
greatly increased by the probe design

. Therefore, development of computational methods that estimate the reliable disease-related miRNA
candidates is a worth complement to experi- mental studies. So far, little work is obtained in predicting
disease miRNAs. By combining machine learning techniques a lot more information can be obtained by
integrating different similrity database and eventually a better prediction of miRNA and diseases is
possible. There are quite a few papers which integrating data from different sources and using different
techniques to the prediction of miRNA and diseases. These approaches have been discussed in the
Literature survey section.

1.1.1 Basics of miRNA

1.1.2 Chromosome

Chromosomes are thread-like structures located inside the nucleus of living be- ings [1] . Each
chromosome is made of protein and a single molecule of deoxyri- bonucleic acid (DNA) [1]and RNA. DNA
contains genetic information that is transfer from one generation to another. A detailed diagram showing
chromo- some structure and DNA is provided in Figurel.1. [1].
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Figure 1.1: Chromosome structure [1]

1.1.3

1.1.4 Central Dogma of molecular biology

The central dogma of molecular biology deals with the detailed residue-by- residue transfer of sequential
information. It states that such information cannot be transferred back from protein to either protein or

nucleic acid [8]. The basic three process of Replication, Transcription and Translation is depicted in the
Figure 1.2.
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Figure 1.2: Central Dogma of Molecular Biology [2]

1.1.5 miRNA

Mature microRNAs (miRNAs) are a class of small non-coding RNA molecules, about21-25 nucleotide
in length.Due to the up-regulation and down-regulation of miRNAs causing different dangerous
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diseases . miRNA plays an impor- tant roles including translational repression, mRNA cleavage,
and deadenyla- tion, microRNAs are relatively peer to one or better messenger RNA (mRNA)
molecules. [3].

1.2 Motivation

In the field of Genetics, integrating data from various sources is the greatest challenge due to the
complexity of heterogeneous data available out there. Inte- grating such large sources of data can be
tedious for humans but can be carried out easily by a computer science student. Research works
carried outin the filed of Bioinformatics using Machine Learning approaches proved to be a boon to
humanity by finding MiRNA disease associations which were earlier unknown to biologists. These
associations in turn paved way for exploring disease pathogens and designing effective treatments.
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Figure 1.3: miRNAstructure [3]

1.3 Problem Statement and Objectives

The major objectives identified are the following:

1. Prediction of suitable disease corresponding to the miRNA based on miRNA and disease
similarity.

2. Integrating different data source related to miRNA’s similarities and dis- eases
similarities.

1.4 Major contributions of the thesis

1. To integrate multiple side information sources by coupling matrix factor- ization.

2. A global method based on multiple kernel learning is used to predict the miRNA and disese
association
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1.5 Challenges in this Thesis

1. Dataset availability.

2. Integration of different datasets.

3. Understanding molecular mechanism of disease.

4. The available dataset has poor quality and missing values.
5. Understanding molecular mechanism of diseases.

6. Integration from different machine platforms raises issues.
1.6 Thesis Outline

This thesis report is organized into five chapters, including Chapter 1. The contents of chapters
2 to 5 are briefly outlined as follows:

Chapter 2: deals with the survey of the literature
Chapter 3: presents the Methodology used

Chapter 4: deals with the Result analysis and Discussion
Chapter 5: presents the Conclusion and Future Scope
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Chapter 2 Literature Survey

In order to gain a better understanding on the topic a lot of references including Published papers and
Web Databases were referred. Alongside that some software’s out there was also referenced and used.
The details on these topics are explained below.

2.1 Literature papers

The identification of human disease-related microRNAs (disease miRNAs) is important for analysing
their involvement in the focalization of diseases. It is identified that miRNAs with similar functions
are often associated with simi- lar diseases. Xuan.P,Han et al. [7] describes new prediction method,
HDMP, based on weighted k most similar neighbors is presented for predicting dis- ease miRNAs.
The paper uses the members of miRNA family or cluster are assigned higher weight since they are
more probably associated with similar diseases.Experiments validated that HDMP achieved
significantly higher pre- diction performance than existing FCS methods( [9]) .HDMP results of 5-
fold cross validation and those of the updated dataset validation demonstrated that HDMP has
significantly higher accuracy in recovering the known disease miR- NAs. . The results had an average
correct rate of 78.90% and highest correct rate of 82.20% .

ChenX et al. [10] developed two machine learning methods, Regular- ized Least Squares for
MiRNA-Disease Association (RLSMDA) and Restricted

Boltzmann machine for multiple types of miRNA-disease association predic- tion (RBMM MDA), to
discover the certify relation-ships between diseases and miRNAs .The AUC of RWRMDA is 0.8617,
which has significantly increase the performance of previous computational method based on the
hyper geometric distribution .For RLSMDA, AUC in local and global LOOCV is 0.8450 It is much
likely that the performance of RLSMDA would be further improved after introducing the information
of miRNA family and cluster into its model. Ex- cellent performance certify RLSMDA can recover
known experimentally verified miRNA-disease associations and hence has the potential to predict
potential associations.

L.Cheng, et al. [11] gives idea about number of databases have been ac- quire to bring together disease-
related molecular, phenotypic and environmen- tal features (DR-MPEs), such as genes, microRNAs,
genetic variations, drugs, phenotypes and environmental factors. However, each of current databases fo-
cused on only one or two database of Disease related molecular ,phenotypic and enviormental
factors. If a integrated all existing database it is very helpful in cross checking which can establish
significant associations among disease- related databases and link them to provide a global view of
human disease at the biological level.To establish an combined disease-collaborated database, dis- ease
vocabularies used in different databases are mapped to Disease Ontology (DO) through semantically. In
Medical Subject Headings (MeSH) and Online Mendelian Inheritance there are 4,274 and 4,176 disease
terms in o(OMIM) On- line Mendelian Inheritance in Man are mapped to DO. Then, the relationships
between DR-MPEs and diseases are extracted and combine from different source databases for reducing
the data repetition. After that a network visualization tool using Cytoscape Web plugin has been
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discovered in SIDD. It increases the SIDD usage when viewing the relationships between diseases and
DR-MPEs.

Juan Wang et al. [12] It is known that genes with similar functions are of- ten associated with similar
diseases, and the relationship of different diseases can be represented by a structure of directed acyclic
graph (DAG). This is also true for miRNA genes. Therefore, it is possible to find miRNA functional
similarity by calculating the similarity of their associated disease DAG. Based on there observations and
rapidly accumulated human miRNA-disease association data, we presented a method to infer the
pairwise functional similarity and functional network for human miRNAs based on the structures of
their disease relation- ships. There are lot of comparisons in state of arts showed that the calculated
functional similarity of miRNA is well associated with previous knowledge of miRNA functional
relationship. It is importantly used to predict novel miRNA biomarkers and it also infer miRNA novel
potential functions and associated diseases for miRNAs.

Subsequently, this method can be easily extended to other species when sufficient miRNA-associated
disease datas are available for specific species.

Zou et al. [13]proposed two methods based on social network analysis, KATZ and CATAPULT, to
infer potential miRNA-disease associations.It is a supervised machine learning method. KATZ
succeeds in processing social heterogeneous network links to achieve prediction.KATZ uses the
simple mea- sure on the social network to predict the potential microRNA-disease relation- ship.
CATAPULT is a supervised learning method which help for the predic- tion miRNA and disease Zou
et al. [13]proposed two methods based on social network analysis, KATZ and CATAPULT, to infer
potential miRNA-disease associations.It is a supervised machine learning method. KATZ succeeds
in processing social heterogeneous network links to achieve prediction.KATZ uses the simple
measure on the social network to predict the potential microRNA- disease relationship. CATAPULT
is a supervised learning method that helps to find association of diseases and miRNA ,it also uses a
biased SVM . Biological experiment prove than it KATS CATAPULT gives the true associations.

Biological experiment prove than it KATS CATAPULT gives the true associations.

2.2 Evaluation measures

The Metrics used to evaluate includes AUC (Area Under The Curve) ROC (Receiver Operating
Characteristics) curve. It is one of the most important evaluation metrics for checking any
classification model’s performance.
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2.3 Review of Different methods

Table 2.1: Review of Different methods

OFEMN

Authors

Data
Set’s

Tec
hniq
ues

Performance

Xuan.P,Ha
n, et. al.

[7]

HD
MP
MET
HOD

e Average
Accuracy :
78.90%

* Highest
Accuracy :
82.20%

e Itassigned
higher weights
to mem- bers in
the same
miRNA
cluster or
family when
miRNA func-
tional similarity
is calculated.

* Improved
the func- tional
similarity es-
timation method.

Chen.X et
al. [10]

e SI
DD
Databa
se
e H
MDD
databa

se

RLS
MD

MET
HOD

e It
reconstructs the
missing
association for
all diseases.

e RLSMDA
don’t need
negative
samples
selection

Continued on next page
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ACCESS

Though there are various approaches,to find the prediction of mirna and disease association.HDMP
method have better accuracy but its totally dependent on the weights of mirna and genomic cluster.
SIDD method give a new idea to integrte the different disease-related molecular, phenotypic and
environmental features (DR-MPEs), such as genes, non-coding RNAs, genetic variations, drugs,
phenotypes and environmental factors. sequence and functional similarities of miRNA’s . RLSMDA have
the advantage they dont take any negative samples for the prediction of miRNA and disease.Likewise

diseases semantic similar- ity,functional similarity and DAG similarities. But the different approaches do
gives further insight on how to attain better knowledge in prediction of diseases.

© Author(s). This work is peer-reviewed, openly published, and permanently archived

This article is openly accessible and reusable with proper attribution.
https://ijsmt.org/ , Email: editor@ijsmt.org



https://ijsmt.org/
mailto:editor@ijsmt.org

= ¥ Volume 02 Issue 06 June-2026 | ISSN: 3108-1762 (Online) | Impact Factor: 3.8

<® International Journal of Science, Strategic Management and Technology A —
¥ An International, Peer-Reviewed, Open Access Scholarly Journal Indexed in recognized academic databases

2. 5 Conclusions

The main methods considered for this study was done by Juan Wang et al

[7],Xuann P,Han et al. [14] and L.Cheng et al. [10]. After reading their work it became clear that there are
a lot of factors that are yet to connected with the existing knowledge. This project aims to improve that
insight to gain a better understanding of how predicting miRNA -Disease using existing all similarities.

Chapter 3 Methodology

In this chapter the detailed step wise methodology applied in this project is described. Starting of with
the Introduction, Inputs Used, and Methods Used

3.1 Introduction

This project focuses on predicting disease and miRNA based the disease Sim- ilarities and miRNA
similarities. There are different types of similarites used here that are miRNA-miRNA sequence
similarity, miRNA-miRNA functional similarity,Disease-Disease functional similarity, Disease-
Disease semantic simi- larity, Disease- Disease DAG similarity and that are combined into different
manner. The SOM method gives the accurate disease causing miRNA based on the similarites of
diseases and miRNA.

Softwares and tools used :

. Python [15]

. Matlab [16]

. multi-Harmony [17]
. Cytoscape [18]

Inputs Used :

miRNA- Disease Dataset’s were used. The datasets are as follows HMDD

[19], [20], MiRbASE [21],Disese ontology [22],Mesh Database [23], miRNA- miRNA similarities [24],
disease-disease similarites [25]. The dataset, MiRNA and Disease similarities used for the creation of
the dataset and dimensions are given in the table below.

Table 3.1: Data Set Details
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Continued on next page

3.2 Methodology

Figure 3.1: Block diagram of methodology

3.2.1 INPUTS

1. miRNA-miRNA functional similarities can be calculated based on the misim method

2. miRNA-miRNA sequence similarities can be calculated based on the needle- man wunch
algorithm

3. Disease-Disease functional similarity is to measure the similarity between two diseases, that

can be obtained from gene similarity of the correspond- ing diseases. Gene similarities are available in
HumanNet

4, Disease-Disease DAG similarities represent the corresponding node,ancestor node and edges
of the corresponding link

5. Disease-Disease semantic similarities can be taken from the mesh database and humannet
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Figure 3.3: miRNA-miRNA Functional Similarity
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Figure 3.5: Disease-Disease Functional Similarity
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Figure 3.6: Disease-Disease Semantic Similarity
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3.2.2 Integrating the data sets

We collect the five data sets of miRNA-miRNA sequence similarity, miRNA- miRNA functional
similarity,Disease-Disease Functional Similarity, Disease-Disease Semantic similarity, Disease-
Disease DAG Similarity.The main task was inte- grating these five data sets which was later fed as
input to SOM module. For each disease the values in the other data sets are found and converted to
an ar- ray. Similarly miRNA ’s are calculated to a array. For each array we obtain five values, out of
which three values are for diseases rest for miRNA. The first value

in the array consist miRNA-miRNA sequence similarity.In the data sets miRNA are represented row
wise. Therefore we can’t obtain miRNA-miRNA Sequence Similarity directly. For this we need to find
out the miRNA with which that particular diseases has an association from a known
database(HMDD). HMDD consist of known miRNA-disease information. If a disease has an
association with more than one miRNA, then we select the miRNA which has maximum association
with that disease. Similarly miRNA-miRNA functional similarity can be found.

3.2.3 Input of the SOM modules

After integrating the data sets,each row of input is added even as input to the SOM. Each row consists
of miRNA and it is represented as five similarities.

SOM modules

el

Figure 3.7: SOM MODULE
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3.24 Working of som modules

SOM Maintains the topology of the data set . When we input a miRNA ’s they initialize weight
randomly .For each input, find the “winning” neuron called Best matching unit. If we inputa miRNA,
five similarity values are considered to rep- resented that miRNA. Then find the euclidean distance
between the miRNA and all disease in the data sets . One disease is represented by mirna-mirna
sequence similarity, mirna-mirna functional similarity,disease-disease functional similar- ity,
disease-disease Semantic similarity, disease-disease dag similarity. But we cannot obtain mirna-
mirna both similarities, so we need to find which miRNA is causing disease from the HMDD database.
Similarly miRNA is also represented. fig 3.8 Shows the distance calculated between miRNA and
disease.

SOM MODULES

i

MIRNAT [ Maeq, Maun ,Drn, DsoiDiaag Disease A [ Myea, Mtun ,Drue, Dsare, Dong]

\

MIRNA2 | Misg, M ,Dain, Diss, - Ding

d=0.3

)
Disease B [ Misa, Mfun ,Dfisn, Dswer, . Dine]
mMIRNA3 [ Mssa, Mtus ,Dtur, Dsarm, . Ditng)

d=0.6

Figure 3.8: DISTANCE

3.2.5 Finding BMU

According to the euclidean distance, each som modules have a winning neuron called best matching unit.
Then we integrate all the best matching unit and found the lowest distance. Because Lowest distance
have high similarity. So, the high similarity of disease will be the output.
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SOM modules

Figure 3.9: Lower Distance of som module

3.2.6 Ploting Networks from BMU

For plotting the Best match unit we use a cytoscape to visualizing the miRNA and Disease. In
cytoscape we set which is the source nodes and target nodes. The network gives a great deal of idea
about the key regulatory miRNA based on disease.

3.3 Conclusion

This section covered in detail the Inputs taken, methodologies used, and results are plotted using
cytoscape. The results obtained at of this methodology is given in the next chapter, Result analysis
and Discussion.

Chapter 4

Result Analysis and Discussion

4.1 Results Analysis

4.1.1 SOM results
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Figure 4.1: Predicting miRNA using SOM.

Fig shows the miRNA-Disease prediction using SOM . When we input a miRNA ,it takes the
corresponding five values to represented them. After fed to the SOM, it calculates the best matching
unit(disease) and that disease has an association with other miRNA is be calculated. So if we give a
miRNA the corresponding disease is predicted. Fig 4.2 shows the miRNA-Disease associ-
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Figure 4.2: miRNA-Disease Association Data.

ation data using the KBMF method. The negative value shows that the worst similarity and positive
value shows that high similarity. Each row represent by a miRNA and column represent by
diseases. One cell value represent the association of miRNA and disease.

4.1.2 Network Results
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The networks created based on the results of prediction of miRNA and disease using SOM are shown
in fig 4.3. Using cytoscape we can plot the som results as network.Cytoscape Networks are easy to
understand which miRNAs are related to diseases. Each edge showing the relationship between
disease and miRNA (fig 4.3).

4. 2 Performance

The area under the ROC curve(AUC) is utilized to measure the performance. We compare the SOM
with work done by. [9]. Fig 4.4 shows that area of curve

M
3T

MY

.“t: L BN

Figure 4.3: miRNA-Disease Association using SOM Module.
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Figure 4.4: ROC CURVE

obtained from SOM is greater that KBMF method which implies better accuracy of SOM.

4.3 Discussions

The ROC curve of our SOM shows that it matches the state-of-art methods.The methods used in the
previous works uses the assignment of weight based on miRNA families and miRNA Clusters on the
basics of seed regions of miRNA sequence of same families are identical. Some of the state-of-art
methods mea- sures only similarities of miRNA and diseases only based on disease data or miRNA
data.

4.4 Conclusion

From the result analysis we can come to the following main conclusions
. The miRNA plays important role in diseases (fig:4.3).

. The uses of SOM improved the accuracy compared to the one state of art methods. Hence
like mentioned in Zou et.al [13], Juan wang et al. [7], Cheng et al. [10] it seems that identifying
miRNA SIMILARITIES do help in recognizing that has higher probability of causing a disease.

. Apart from the above main results showcases the miRNA regulation which plays an important
role in many diseases.
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Chapter 5 Conclusion

This chapter presents the summary and conclusions of the proposals and future work

5.1 Conclusion

So in this thesis accurate use of similarities of miRNA and disease are used, from which the global
data sets HMDD,SIDD and HumanNET. The integrating the miRNA ’s and diseases similarities helped
in to find best matching diseases. In the previous state of art methods uses only either miRNA or
Disease simi- larities. But in our method we uses the five similarities to predict the miRNA and
diseases. So it is very helpful to discover uncover the dangerous disease pathogens behind the
miRNA.

5.2 Future work

The future work includes the use add more similarities based on miRNA or diseases. There are lot of
exiting methods which uses only the information of disease or miRNA which result in poor
performance. So if we modify it getbetter result. If we add chromosomal coordinates of human miRNA
from miRBase data sets can provide more clearer and accurate results.
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