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Abstract
Drug repositioning offers a promising route to increase the efficacy and streamline the development of pharmaceutical treat-
ments. With the high costs and extensive time frames associated with traditional drug development pathways, computational 
approaches have risen as pivotal alternatives. This paper surveys the latest network-based methodologies in computational 
drug repositioning, focusing on network analysis, machine learning, and deep learning methods. By examining the predic-
tive accuracies of various methods across consistent datasets, we present a comparative analysis that reveals the strengths 
and potential of each category. Our findings highlight the evolution of computational strategies, emphasized by the growing 
complexity and predictive capabilities of recent models, especially those leveraging deep learning frameworks.
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1  Introduction

Drug development has varying costs, with expenses rang-
ing from tens of millions to hundreds of millions of dollars. 
These costs cover everything from drug discovery to clini-
cal trials and approval Sertkaya et al. (2016). They can be 
complex, as they include both direct clinical trial expenses 
and long-term capital investments for preclinical research. 
One study found combined costs of about $1.8 billion, with 
$870 million as out-of-pocket expenses Paul et al. (2010). 
A study conducted in 2020 found that the median expense 
of introducing a new drug to the market was estimated to be 
$985 million, while the average cost stood at $1.3 billion. 
This figure represents a significant reduction compared to 
earlier estimations, which had placed the cost at $2.8 billion 
Wouters et al. (2020). This process is not only costly but also 
requires a long time to be accomplished. It can take 12–15 
years to complete all phases and license a new drug Hughes 
et al. (2011). Hence, an alternative approach was necessary 

to address the lengthy and costly nature of this process. Drug 
repositioning or repurposing emerged as a popular and more 
suitable approach in the pharmaceutical industry, proving 
highly successful over the years.

Drugs were repositioned in various phases of their devel-
opment cycle, some were already approved and marketed 
before being repositioned, some were repositioned during 
clinical trials and others were repositioned after unsuccess-
ful clinical trials. In the 1960s, zidovudine (AZT) was being 
developed for its anticancer potential but failed to prove any 
activity in the clinical trials and was shut down. After almost 
20 years, reports showed that it can stop HIV replication 
in vitro and was approved as an anti-HIV drug later. This 
was the first successful case of drug repositioning Trivedi 
et al. (2020). One of the oldest and most famous examples 
of successful drug repositioning is Aspirin (acetylsalicylic 
acid) which is an approved and marketed analgesic drug but 
in the 1980s was repositioned as an antiplatelet aggrega-
tion drug at low doses only Monneret and Bohuon (2009). 
Another very famous drug repurposing example is sildenafil, 
a drug developed originally to treat Angina which refers to 
chest pain or discomfort experienced when a portion of the 
heart muscle receives an inadequate supply of oxygen-rich 
blood but during phase 1 trials it was found that it can cause 
sustained erection in healthy males. So, now it is one of the 
most successful drugs for erectile dysfunction after being 
repositioned Boolell et al. (1996).
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To overcome the drawbacks of traditional methods, the 
computational methods started to be adopted to achieve 
faster and cheaper ways for drug repositioning Shim and 
Liu (2014). With the emergence of genome-wide associa-
tion studies Sanseau et al. (2012), computational methods 
can be scalable to include drugs, diseases, genes, targets or 
proteins. Computational drug repositioning methods can be 
separated into many categories, but what concerns us here is 
the network analysis-based techniques Lotfi Shahreza et al. 
(2018). These techniques take advantage of the links found 
between drugs and diseases or targets in a network structure 
which can be very informative in the analysis process Mor-
selli Gysi et al. (2021).

Initially, the primary focus of computational drug repo-
sitioning revolved around uncovering interactions between 
drugs and their molecular targets. The presence of a drug-
target interaction was pivotal as it offered substantial insights 
into drug repositioning Yıldırım et al. (2007). This concept 
came from the belief that numerous drugs have interactions 
with many targets Hopkins (2008). The general idea for 
network analysis-based drug repositioning is based on the 
assumption that genes responsible for the same disease will 
be found Near to one another within a network Ata et al. 
(2021). And this idea can also be applicable in drug-disease 
networks. Heterogeneous networks -which are characterized 
by containing two or more types of nodes and their links- 
are mainly used in network-based approaches, where several 
features of drugs and diseases can be incorporated alongside 
genes, proteins or targets interactions.

With the rise of machine learning techniques popular-
ity and their high accuracy results, they were adopted to 
create new models that can predict new unknown drug-
disease relations with higher accuracy and more reliabil-
ity. Some examples of machine learning techniques used: 
feature-based classification (Yang and Agarwal 2011; Wang 
et al. 2013; Oh et al. 2014), label propagation Zhang et al. 
(2018) and matrix factorization (Zhang et al. 2014; Xuan 
et al. 2019; Zhang et al. 2018). Then, the novel deep learning 
approaches were introduced with their superior performance 
in many areas like face recognition Vellal et al. (2021) and 
computational biology (Angermueller et al. 2016; Yue et al. 
2020), there was a shift towards them. Multimodal deep 
autoencoders Hong et al. (2015), variational autoencoders 
Kingma et al. (2019) and graph convolutional networks Kipf 
and Welling (2016) are some of the deep learning techniques 
that showed increased potential recently.

This survey’s primary objective is to summarize recent 
network analysis-based approaches in predicting drug-
disease relations for computational drug repurposing and 
to fairly set side by side their predictive accuracies using 
consistent datasets. Here, we discuss three categories of 
network-based drug-disease association prediction: Network 
Analysis, Machine Learning and Deep Learning techniques.

2 � Related work

In 2022, Yoonbee Kim et al. (2022) conducted a review on 
computational methods for predicting drug-disease rela-
tions divided into three groups: Graph Mining, Matrix 
Factorization and Deep Learning. They started by dis-
cussing the methods covered, talking about the general 
methodology and where the data used came from. They 
covered several methods throughout the three categories. 
For graph-mining algorithms, they used the MBiRW, TP-
NRWRH, DR-IBRW, and BGMSDDA methods; for matrix 
factorization they used the DRRS, OMC, DRIMC, and 
MSBMF methods; and for deep learning, they used the 
deepDR, ANMF and LAGCN methods.

They aimed to compare these methods by testing their 
performance on a dataset created for this experiment. Ini-
tially, they established a heterogeneous network linking 
drugs, genes, and diseases. This network was constructed 
by computing similarities between drug pairs, disease pairs, 
and gene pairs. They computed drug-drug similarity using 
two distinct measures: one based on their chemical struc-
tures, labeled as network-CS, and the other based on the 
Anatomical Therapeutic Chemical (ATC) codes Olson and 
Singh (2017), labeled as network-ATC. Disease-disease 
and gene-gene similarities were assessed using a semantic 
similarity metric utilizing the Human Phenotype Ontology 
(HPO) Köhler et al. (2020) and the Gene Ontology (GO) 
Consortium et al. (2020) annotation datasets, respectively. 
Subsequently, they constructed a tripartite graph incorpo-
rating associations between drugs and diseases, drugs and 
genes, and diseases and genes. This tripartite graph was then 
integrated with the drug-drug, disease-disease, and gene-
gene similarities to form a unified weighted heterogeneous 
network. In their experimentation, they utilized drug-disease 
associations from the C-dataset, an expansion of the gold 
standard dataset utilized in prior drug repositioning studies 
(F-dataset). They evaluated the prediction of drug-disease 
associations separately on the drug and disease sides. Predic-
tion on the drug side aimed to forecast additional diseases 
that could be treated by each drug, while prediction on the 
disease side aimed to identify drugs with the potential to 
treat each disease. To do this evaluation, they used 10 fold 
cross-validation and compared AUC and AUPR scores of 
each method. They also adjusted the precision score calcu-
lations by using True Positive Rate and False Positive Rate 
instead of just using True Positive and False Positive values. 
This step was to overcome the imbalanced and sparse nature 
of the associations. After comparing the results they also 
performed robustness and efficiency tests to conclude their 
experiment. However, they didn’t discuss the datasets used 
in the covered methods and their important effect on the 
model performance.
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In 2023, Chunyan Ao et al. (2023) provided a review 
of computational techniques for predicting drug-disease 
relations categorized into four categories: neural network, 
matrix-based prediction, recommendation algorithms, and 
methods based on text analytics and language intelligence. 
They discussed the algorithm overview of the four groups 
and gave a brief summary about the various methods cov-
ered in each group. Then they delved into some detailed 
overview about the best method in each category. After that, 
they mentioned the advantages and disadvantages of each 
group.

Next, they designed an experiment to test a few chosen 
models from each category where they used the C-dataset 
to evaluate and compare these methods. They performed 10 
fold cross-validation and relied on AUC and AUPR scores 
to measure and compare model performances. Then, they 
discussed some of the problems and important aspects 
regarding the drug-disease association prediction field. They 
mentioned the data imbalance problem alongside the feature 
fusion and scalability importance. However, in their com-
parison they made a general assumption about the whole 
category based on a small number of models, which can be 
biased or not very accurate. They also did not discuss the 
datasets used in the models.

3 � Datasets review

Several datasets were used by the methods covered here, 
but most of the methods used a gold standard data known 
as F-dataset obtained from the PREDICT method Gottlieb 
et al. (2011) for either training or evaluation. This dataset 
is large and consists of 1933 relations between 313 diseases 
and 593 drugs. It includes drug data where drugs were 
extracted from DrugBank Wishart et al. (2008), and drug 
feature information, like targets, indications, and molecu-
lar input and side effects, were integrated from various 
sources, such as canonical simplified molecular input line 
entry specification (SMILES) Weininger (1988), Matador 

Günther et al. (2008) and KEGG DRUG Kanehisa and Goto 
(2000) databases, DCDB Liu et al. (2010) and SIDER Kuhn 
et al. (2010). It also contains biological interaction data like 
protein sequence, protein-protein interaction information 
and gene ontology (GO) annotations from UniProt Jain et al. 
(2009). Besides, it has clinical trials data and disease signa-
ture data from gene expression profiles associated with dis-
eases Parkinson et al. (2009). Diseases were obtained from 
OMIM Hamosh (2002) and drug-disease associations were 
assembled.

Another dataset known as DN-dataset was obtained from 
the DrugNet method Martinez et al. (2015). It consists of a 
drug network containing 1490 drugs from DrugBank 3.0 
Knox et al. (2010) with drug similarity based on ATC codes 
WHO (2023), a disease network containing 4517 diseases 
Built utilizing the disease ontology (DO) Schriml et al. 
(2018) and a protein network of 136867 unique interac-
tions between 18107 proteins extracted from BioGRID 3.2 
Chatr-Aryamontri et al. (2012). From these three networks 
drug-disease, disease-protein and drug-protein association 
networks were constructed.

Using a combination of the previous two datasets, 
a broader set known as C-dataset was constructed in the 
MBiRW method Luo et al. (2016). It comprises 663 drugs 
recorded in DrugBank, 409 diseases documented in the 
OMIM database, and 2352 established drug-disease asso-
ciations. Drug similarity relies on chemical structure, while 
disease similarity is derived from phenotypes using Mim-
Miner Kohn et al. (2006). Table 1 summarizes the reviewed 
datasets, detailing their structure, data sources, and the fea-
tures derived from each.

The three datasets (F-Dataset, DN-Dataset, and C-Dataset) 
demonstrate several common strengths and limitations in their 
approach to drug-disease association prediction. Key strengths 
include the integration of multiple data sources and types, 
which provides comprehensive coverage of drugs, diseases, 
and their associations. This integration allows for the creation 
of diverse similarity measures, capturing various aspects of 
drug-drug and disease-disease relationships. The datasets also 

Table 1   Dataset Review Summary

Dataset Structure Data Sources Features Derived

F-dataset 1933 relations between 313 diseases and 
593 drugs

DrugBank, OMIM, Matador, KEGG 
DRUG, DCDB, SIDER, UniProt, 
ArrayExpress

Drug features (targets, indications, 
molecular input, side effects), biological 
interactions, clinical trials data

DN-dataset Drug network: 1490 drugs DrugBank 3.0, ATC codes Drug similarity based on ATC codes
Disease network: 4517 diseases Disease Ontology (DO) disease similarity based on DO
Protein network: 18107 proteins, 136867 

interactions
BioGRID 3.2 protein-protein interactions

C-dataset 2352 associations between 663 drugs and 
409 diseases

DrugBank, OMIM, MimMiner Drug similarity based on chemical 
structure, disease similarity based on 
phenotypes
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benefit from up-to-date information, including data from clini-
cal trials and approved drugs. However, they share some limi-
tations, such as potential biases towards well-studied drugs 
and diseases, incomplete data for certain entries, and the pres-
ence of noise in high-throughput data. The reliance on exist-
ing annotations and the lack of negative examples in some 
cases may limit the datasets’ ability to capture the full spec-
trum of drug-disease relationships. Additionally, while the 
datasets excel in representing known associations, they may 
struggle with emerging or less-studied drug-disease pairs. 
Despite these limitations, the diverse approaches and data 
sources used across these datasets provide a robust founda-
tion for drug repurposing and indication prediction research.

4 � Review criteria

In conducting this survey, we employed the following crite-
ria to select the computational methods for review:

•	 Relevance: We focused on methods specifically designed 
for drug-disease association prediction or drug reposi-
tioning.

•	 Novelty: We prioritized methods that introduced new 
approaches or significant improvements to existing tech-
niques.

•	 Diversity: We aimed to cover a broad spectrum of 
approaches within each category (Network Analysis, 
Machine Learning, and Deep Learning) to provide a 
comprehensive overview of the field.

•	 Recency: While we included some seminal older works, 
we emphasized more recent methods (published within 
the last 5-7 years) to reflect current trends in the field.

•	 Performance: We selected methods that demonstrated 
competitive performance on benchmark datasets or 
showed promising results in their respective studies.

By applying these criteria, we aimed to provide a representa-
tive and informative survey of the most significant and inno-
vative computational methods in drug-disease association 
prediction. We acknowledge that this selection may not be 
exhaustive, but we believe it captures the key developments 
and trends in the field.

5 � Review of network analysis based 
methods

Network analysis in drug repositioning is characterized 
by its ability to integrate diverse biological data, iden-
tify disease-related molecular clusters, map drug-target 

interactions, and provide predictive modeling for new 
drug-disease relationships. By dissecting the complex 
architecture of biological networks-spanning genes, pro-
teins, and metabolic pathways-this approach illuminates 
how drugs interact within the vast molecular landscape. 
Central to its utility is the ability to pinpoint critical nodes 
and pathways that play pivotal roles in disease processes, 
suggesting that drugs targeting these key points may be 
effective against other, mechanistically similar conditions. 
It offers a system-level understanding of diseases, facili-
tating the discovery of multi-target therapeutic strategies. 
Network analysis goes further by identifying disease-
specific modules within the network, clusters of intercon-
nected elements that are disproportionately affected by 
certain conditions, hinting at novel repositioning oppor-
tunities. Moreover, by analyzing network communities or 
clusters, it can reveal new therapeutic targets within tightly 
knit molecular conglomerates. This approach enhances the 
efficiency and cost-effectiveness of drug development by 
leveraging existing drugs and data, reducing the need for 
extensive safety trials. Network analysis is dynamic, evolv-
ing with new research and technologies, making it a potent 
tool for uncovering novel therapeutic uses for approved 
drugs. As summarized in Table 2, In this section, we go 
through the primary aspects associated with methods 
based on network analysis.

5.1 � TL‑HGBI (2014)

–	 Dataset: Drugs with integrated information about 
chemical structures and targets with the sequences of 
amino acids within their respective proteins. Disease 
phenotypes were used. Similarity profiles of drug-
drug, disease-disease and target-target networks were 
calculated. Drug-target and drug-disease interaction 
network was also constructed. Drug-disease relations 
were acquired from F-dataset.

–	 Methodology: In 2013 Wang W et al. used drugs and 
targets to create a two-layer model Wang et al. (2013) 
that can also be used for drugs and diseases but can’t 
be immediately extended to a three-layer model. So, 
they then proposed a three layer model Wang et al. 
(2014) that used drugs, diseases and targets to create a 
heterogeneous network. They used a network propaga-
tion iterative algorithm that calculates proximity scores 
between drugs and diseases and is utilized for ranking 
potential drugs. The algorithm updates scores based 
on the graph structure until convergence. For that, they 
constructed a heterogeneous network and calculated the 
intraconnection similarity between the same node type 
i.e drug-drug, disease-disease and target-target.
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5.2 � DrugNet (2015)

–	 Dataset: Created DN-dataset. Drug network with thera-
peutic chemical codes, disease network with disease 
annotations and protein network. Drug-disease, disease-
protein and drug-protein interaction networks were also 
created.

–	 Methodology: Martinez et al. (2015) suggested a prioriti-
zation method based on network analysis. It was derived 
from the ProphNet method Martínez et al. (2014) which 
employs a propagation flow algorithm which prioritizes 
entities according to their interconnection in a complex 
network. They used drug, disease and protein datasets 
to construct a global graph that consists of two types of 
networks: networks representing interactions among ele-
ments of identical types (e.g., drug-drug) and networks 
representing interactions among elements of diverse 
types (e.g., drug-disease). The propagation algorithm 
measures the global distances within a network and then 
ranks the entities in the target network by iteratively com-
puting scores for nodes in the target network.

5.3 � MBiRW (2016)

–	 Dataset: Used the drug-disease associations from F-data-
set and used DN-dataset for validation and testing. Also 
created C-dataset for further evaluation and validation.

–	 Methodology: Huimin Luo et al. (2016) proposed a novel 
approach that integrates a thorough similarity measure 
with a bi-directional random walk algorithm to predict 
possible drug repositioning. They used correlation analy-
sis in order to overcome insufficient resemblances lack-
ing informative value. They constructed a Drug-Disease 
Heterogeneous Network that connects drugs and diseases 
via known associations and applied the BiRW algorithm 

to prioritize candidate diseases for each drug based on 
network traversal probabilities.

5.4 � TP‑NRWRH (2016)

–	 Dataset: Drug network with chemical fingerprint and 
disease network with phenotypes. Disease-disease and 
drug-drug similarities were computed. Drug-disease 
association network was also created. Used F-dataset 
and C-dataset for evaluation.

–	 Methodology: Liu et al. (2016) suggested a method that 
adopts two pass random walk algorithm with restart on 
a heterogeneous network of drugs and diseases. They 
built the heterogeneous network using disease-disease 
and drug-drug similarity networks alongside the known 
drug-disease relation network. They used random walk-
ers focused on drugs and diseases which combined pro-
vide complementary information about possible drug-
disease relations by computing the mean probabilities of 
reaching specific nodes.

5.5 � NTSIM (2017)

–	 Dataset: Drugs with integrated information about drug-
drug interactions, substructures, enzymes, targets and 
pathways and diseases integrated with MeSH descrip-
tors. Similarity profiles were calculated. Used F-dataset, 
LRSSL dataset dataset and TL-HGBI for validation and 
comparison.

–	 Methodology: Huang et al. (2020) suggested a novel 
computational technique that only uses known drug-
disease relations to predict unknown associations. They 
also proposed Linear Neighborhood Similarity (LNS) 
which is a new similarity measure to calculate similari-
ties in the drug-disease bipartite network based on asso-

Table 2   Network Analysis Methods Overview

Method Dataset Data Source

TL-HGBI (2014) 5080 diseases, 1409 drugs and 3989 targets. 1461 associations 
between 549 drugs and 233 diseases, and 2098 associations 
between 554 drugs and 602 targets

DrugBank, SMILES, ENSEMBL, InterPro-BLAST, 
OMIM, Mesh, MimMiner

DrugNet (2015) 1490 drugs, 4517 diseases and 18107 proteins. 1008 drug-disease 
relations, 4026 drug-protein relations and 11658 disease-protein 
relations

DrugBank 3.0, ATC, DO, BioGRID 3.2, DGA

MBiRW (2016) F-dataset and C-dataset: 2352 drug-disease associations between 
663 drugs and 409 diseases

DrugBank, OMIM

TP-NRWRH (2016) NA SMILES, Mesh, OMIM, MimMiner
NTSIM (2017) 18416 drug-disease associations between 269 drugs and 598 

diseases
CTD, DrugBank, KEEG, MeSH

DR-IBRW (2018) 718 drugs, 525 diseases and 2177 drug-disease associations MeSH, PubChem, supporting Material from literature
BGMSDDA (2021) F-dataset, C-dataset DrugBank, OMIM
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ciation profiles. Then, the prediction of new associations 
is carried out using the label propagation process. The 
inference method based on network topological similarity 
combines both drug-drug similarity and disease-disease 
similarity based inference methods which results in better 
performance.

5.6 � DR‑IBRW (2018)

–	 Dataset: Drugs with integrated information about chemi-
cal fingerprints and diseases with integrated symptoms. 
Similarity profiles were calculated. Used F-dataset and 
C-dataset for validation.

–	 Methodology: Wang et  al. (2019) proposed a novel 
method that applies a bi-random walk algorithm with 
restart on a heterogeneous network assigning quantified 
walk-length for each node individually. The proposed 
drug repurposing approach focuses on individual bi-ran-
dom walks within the heterogeneous network. Unlike tra-
ditional methods that use fixed walk-lengths, DR-IBRW 
calculates individual walk-lengths for each node (drugs 
and diseases) based on their network topology and rela-
tionships. It uses similarity measures for diseases and 
drugs and the bi-random walk with restart procedure ena-
bles the prediction of probabilistic association between 
drugs and new diseases.

5.7 � BGMSDDA (2021)

–	 Dataset: Used both F-dataset and C-dataset.
–	 Methodology: Xie et al. (2021) proposed a novel com-

putational approach integrating drug-disease similarities 
to predict new associations. They employed Weighted 
K Nearest Known Neighbors (WKNKN) algorithm to 
enhance the inadequacy of the original drug-disease 
interaction matrix by inferring potential associations 
based on similarity. To capture relationships between 
drugs and diseases both linear and nonlinear, they used 
two similarity measures: Linear Neighborhood Similarity 
(LNS) and Gaussian Kernel Similarity. The core tech-

nique involves modeling drug-disease relationships as a 
bipartite graph and using a two-step diffusion method for 
predicting associations. This approach avoids the "cold 
start" problem and improves prediction accuracy.

each review section contains a table at the end for compar-
ing the datasets used in details

6 � Review on machine learning based 
methods

Machine learning in drug repositioning is characterized 
by its ability to recognize complex patterns in vast data-
sets, thereby offering insights driven by actual data and 
advanced analytics to pinpoint new applications for drugs. 
Its capacity to manage and interpret the ever-expanding 
volumes of data across the biomedical landscape enables a 
scalable approach to drug discovery. Machine learning can 
integrate various data types, supporting a comprehensive 
understanding of disease and drug mechanisms. It enables 
personalized drug repositioning by considering individ-
ual genetic variations, and streamlines the drug discovery 
process through automation and high-throughput analysis. 
These capabilities significantly enhance the efficiency and 
effectiveness of identifying repurposing opportunities for 
existing drugs, opening up new therapeutic avenues with 
heightened precision and reduced development times. As 
reported in Table 3, in this section, we go through the main 
aspects of the machine learning based methods.

6.1 � PREDICT (2011)

–	 Dataset: Created F-dataset. Drugs with integrated infor-
mation about chemical structure, drug target, approved 
indications and side-effect info, gene ontology and clini-
cal trials data. Diseases with information about gene 

Table 3   ML Methods Overview

Method Dataset Data Source

PREDICT (2011) 1933 drug-disease associations between 593 drugs, 313 
disease

DrugBank, OMIM, GO annotations, SIDER

PreDR (2013) NA DrugBank, PubChem, SIDER, KEGG BRITE, BRENDA, 
SuperTarget, OMIM, MimMiner

TMSDA (2014) 377 drugs, 80 diseases and 1295 drug-disease associations DrugBank, OMIM, UniPort, CTD
SKMF (2016) F-dataset DrugBank, SMILES, SIDER, OMIM, MeSH, GO annotations
LRSSL (2017) 763 drugs and 681 diseases PubChem, SIDER, InterPro, GO, UniPort
HED (2019) Dataset I: 301 drugs, 1142 diseases and 4236 drug-disease 

associations Dataset II: F-Dataset
DrugBank, CTD
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expression profiles associated with diseases. Similarity 
profiles were calculated.

–	 Methodology: Gottlieb et  al. (2011) suggested an 
approach to predict new relations between drugs and 
diseases using similarity measures between drugs and 
diseases and assess the association evidence through 
a logistic regression model. The algorithm has three 
phases: (1) Development of measures for drug-drug and 
disease-disease similarity. (2) Creating classification fea-
tures by combining drug and disease similarity measures. 
These features can indicate the similarity with the closest 
known association for each unknown drug-disease pair 
and then (3) employing a logistic regression model to 
automatically determine the weight of various features, 
resulting in a classification score.

6.2 � PreDR (2013)

–	 Dataset: Drugs with integrated information about chem-
ical structure, side-effect data and drug-target interac-
tions. Diseases with phenotypic information. Similar-
ity profiles for information in the drug network were 
calculated along with disease similarity profiles. Used 
F-dataset.

–	 Methodology: Wang et al. (2013) proposed a compre-
hensive predictor for drug repurposing which constructs 
drug similarity profiles based on the collected data then 
calculates similarity scores using appropriate distance 
metrics. They used a kernel function to integrate the dif-
ferent drug similarity profiles into a unified represen-
tation. Then they constructed the integrated similarity 
matrix by combining the individual similarity matrices 
through a weighted sum. To detect the new drug-disease 
relations, the integrated similarity matrix is used as the 
input for a linear SVM-based binary classification model 
to learn the decision boundary between positive and neg-
ative examples.

6.3 � TMSDA (2014)

–	 Dataset: Integrative genetic network combining three dif-
ferent groups of gene and protein networks. Drugs with 
integrated information about their targets and also, dis-
eases with integrated information about their susceptible 
genes.

–	 Methodology: Oh et al. (2014) suggested a new method 
named “Two Methods for Scoring Drug-disease Associa-
tion” which uses scoring techniques for quantifying the 
relationships between drugs and diseases. This method 
consists of a two-stage prediction process: (1) Scoring 
Associations: Employing adjacency-based and module-
distance-based inferences. The former relies on network 
proximity, while the latter identifies shared biological 

modules. (2) Characterizing Relationships via Features: 
Converting scores into features to represent drug-disease 
relationships and using these features in a prediction clas-
sifier. They used three classifiers -C4.5, MLP and RF- 
and compared their results.

6.4 � SKMF (2016)

–	 Dataset: Drug-disease network incorporating character-
istics like side effects, chemical structure, gene ontology, 
sequence alignment, protein-protein interactions (PPI) 
network and phenotype of both diseases and drugs. Drug-
disease relations were acquired from F-dataset.

–	 Methodology: Moghadam et al. (2016) suggested a novel 
fusion method called “Scored Mean Kernel Fusion” 
that combines features using two fusion techniques: (1) 
Scored Mean Fusion, a new technique to assign scores 
to each feature based on their importance and combine 
features using aggregation operators to integrate diverse 
information from multiple sources. (2) Kernel Fusion 
which integrates drug and disease information into a sin-
gle kernel function and applies a tensor product-based 
kernel to calculate similarity between drug-disease pairs. 
The scored mean fusion is used prior to the classification 
while the kernel fusion is used as the kernel function for 
the C-support vector classifier that is used for prediction 
of drug-disease associations.

6.5 � LRSSL (2017)

–	 Dataset: Drugs with integrated information about chemi-
cal fingerprints and side effect information and diseases 
with integrated information about protein domains and 
gene ontology of targets.

–	 Methodology: Liang et al. (2017) proposed a new compu-
tational technique named "Laplacian Regularized Sparse 
Subspace Learning" which is a machine learning method 
that combines sparse learning with graph Laplacian regu-
larization. It is used to identify important drug features 
and predict drug-disease associations. They integrated 
data from various sources in order to create drug feature 
profiles then applied feature selection techniques to iden-
tify relevant drug features. Then they utilized L1-regular-
ized regression models to predict relationships between 
drugs and diseases. This allows the model to identify 
the most relevant features and their contributions to the 
predictions.

6.6 � HED (2019)

–	 Dataset: Dataset I: drug and disease associations in the 
form of chemicals mapped to drugs. Dataset II: F-dataset.
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–	 Methodology: Yang et  al. (2019) proposed a new 
approach named “Heterogeneous network Embedding for 
Drug-disease association” which employs the metapath-
2vec technique for node embedding in a heterogeneous 
network. They constructed a heterogeneous network with 
drug and disease similarities and represented drug-dis-
ease relations using adjacency matrices creating a com-
prehensive framework for modeling drug-disease inter-
actions. Then they utilized the metapath2vec approach, 
which uses metapaths (sequences of node types) to guide 
random walks in the network. The random walk results 
are then used to generate feature vectors for nodes. These 
feature vectors were used as input for an SVM model to 
predict new drug-disease relations.

7 � Review on deep learning methods

Deep learning’s application in drug repositioning is distin-
guished by its sophisticated neural networks that navigate 
the complexity of biological data, capturing hidden pat-
terns and nonlinear relationships crucial for identifying 
novel drug uses. It has the capability to autonomously learn 
and discern important features directly from unprocessed 
data, removing the necessity for manual feature engineer-
ing. Its success in managing high-dimensional inputs, such 
as molecular structures or genomic information, enables the 
exploration of drug-disease interactions. Deep learning algo-
rithms are particularly proficient at synthesizing information 
from varied data types, ranging from structured biochemical 
properties to unstructured textual data in scientific literature, 
providing a complete view of potential repositioning oppor-
tunities. The accuracy of deep learning models, supported by 
architectures like CNNs and RNNs, lends confidence to the 
predictions of drug efficacy and safety profiles. Scalability is 
another hallmark, with the ability to extend analysis across 

vast datasets, facilitated by efficient parallel processing. As 
summarized in Table 4, in this section, we go through the 
main aspects of the deep learning based methods. The dis-
cussed methods didn’t explicitly discuss the technical details 
of the architecture of their models. They explained the model 
and how it works and the overall flow of the methods and 
their integration.

7.1 � deepDR (2019)

–	 Dataset: Drug-disease network integrated with nine fea-
ture networks: drug-drug and drug-target interactions, 
drug-side-effect relations, chemical and therapeutic simi-
larities, drugs’ target sequence similarities and biologi-
cal process, cellular component and molecular function 
derived from Gene Ontology (GO).

–	 Methodology: Zeng et al. (2019) proposed a new tech-
nique to merge various information derived from vari-
ous types of networks and predict novel drug-disease 
relations by utilizing collective variational autoencoder 
(cVAE). They collected diverse datasets to construct 
multiple networks integrating information from nine 
heterogeneous networks. They implemented a method 
based on random walk algorithm with restart (RWR) 
to the networks to capture structural information and 
computed transition probabilities between network ver-
tices to reveal relationships between nodes. Then, they 
employed Network Fusion through a Multi-Modal Deep 
Autoencoder (MDA) to generate a low-dimensional 
feature representation that combines information from 
multiple networks. Finally, they utilized the features that 
were extracted from MDA as additional information for 
drugs and employed a cVAE model to predict new drug-
disease relations by encoding and decoding drug-disease 
associations and drug features through shared networks.

Table 4   DL Methods Overview

Method Dataset Data Source

deepDR (2019) 1519 drugs, 1229 diseases and 6677 drug-disease connections DrugBank, repoDB, MeSH, UMLS
HNRD (2019) F-dataset, C-dataset, DN-dataset DrugBank, OMIM, GO annotations, SIDER
LAGCN (2021) 18416 drug-disease associations between 269 drugs and 598 diseases and 

another 6244 therapeutic associations
CTD, DrugBank, MeSH

SNF-NN (2021) 867 drugs, 803 diseases, and 8684 drug-disease associations DrugBank, repoDB
HINGRL (2022) 18416 drug-disease associations between 269 drugs and 598 diseases, 

11107 drug-protein associations between 969 drugs and 613 proteins, 
25087 protein-disease associations between 832 proteins and 692 
diseases

CTD, DrugBank, DisGeNET

LBMFF (2023) 18416 drug-disease associations between 269 drugs and 598 diseases, 
673665 full-text scientific literature

CTD, DrugBank, SIDER (2023), SMILES, MeSH
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7.2 � HNRD (2019)

–	 Dataset: Used F-dataset. Also used C-dataset and DN-
dataset for validation.

–	 Methodology: Yingdong et al. (2019a) suggested a neural 
network based technique that incorporates neighborhood 
information in a heterogeneous network. The methodol-
ogy starts by representing drugs and diseases as nodes 
in a heterogeneous network. It aggregates features for 
each node from its neighboring nodes. Feature represen-
tations are learned using a neural network with activation 
functions like ReLU, to learn structural and topologi-
cal information, resulting in lower-dimensional vectors. 
The methodology treats the prediction task as a matrix 
completion problem, aiming to fill missing associations 
in drug-disease matrices. A neural network is trained to 
minimize the difference between reconstructed and initial 
matrices, using projection matrices to extract principal 
features. Gradient descent is employed for training, tak-
ing advantage of differentiable operations. The model 
can predict drug-disease associations based on learned 
representations.

7.3 � LAGCN (2021)

–	 Dataset: Used SCMFDD dataset which consists of a 
drug network integrated with information about targets, 
enzymes, drug-drug interactions, pathways and sub-
structures and disease network. Similarity profiles were 
calculated. Used deepDR dataset for validation and com-
parison.

–	 Methodology: Yingdong et al. (2019b) proposed a novel 
approach that employs GCN to learn node embeddings 
in a heterogeneous network. GCN aggregates informa-
tion from neighboring nodes to update node embeddings. 
They integrated drug-diseases associations and drug and 
disease similarities into a heterogeneous network. They 
introduced a new computational technique called “Layer 
Attention Graph Convolutional Network”. It extends 
GCN with an attention mechanism, which adapts to the 
importance of embeddings from different layers, captur-
ing structural information at various orders. To recon-
struct the drug-disease interaction matrix, they utilized 
a bilinear decoder. It uses drug and disease embeddings 
to predict association scores. The model is trained using 
weighted cross-entropy loss with Adam optimizer. Node 
dropout and regular dropout techniques are applied to 
prevent overfitting.

7.4 � SNF‑NN (2021)

–	 Dataset: Created SND dataset which consists of three 
distinct types of information, drug-disease interaction 
information, drug-related similarity information, and 
disease-related similarity information. The drug-related 
similarity information was collected from 10 different 
networks, while the disease-related similarity informa-
tion was collected from 14 different networks. Similar-
ity profiles were calculated and other datasets -namely 
C-dataset and LRSSL dataset- were used for validation.

–	 Methodology: Jarada et al. (2021) proposed an integra-
tive approach that uses Similarity Network Fusion and 
Neural Network deep learning to predict new unknown 
drug-disease associations with improved accuracy. This 
methodology calculates the similarity measures that are 
used to quantify the drug-disease relationships in a het-
erogeneous network. Then, it uses a similarity selection 
process to choose the most relevant informative similar-
ity measures. After that it uses a non-linear process to 
update the highly informative similarity matrices resulted 
previously into one that captures the shared information 
across matrices. It then uses a feed forward neural net-
work to capture the information flow through the network 
where the hidden layers number and the choice of activa-
tion functions affects the model performance.

7.5 � HINGRL (2022)

–	 Dataset: Adopted B-dataset which consists of three types 
of biological networks, as drug-disease, disease-protein 
and drug-protein relations. Used SCMFDD dataset for 
drug-disease relations along with drug-protein and dis-
ease-protein relation networks. Also used F-dataset inte-
grated with drug-protein and disease-protein relations for 
validation.

–	 Methodology: Zhao et  al. (2021) proposed a new 
approach that utilizes network topology and biological 
knowledge regarding drugs and diseases for the pur-
pose of drug repositioning. First, they combined differ-
ent biological networks (drug-disease, disease-protein 
and drug-protein) to create a Heterogeneous Informa-
tion Network (HIN). These networks are enriched with 
biological knowledge about drugs and diseases. Then, 
they used autoencoders to reduce the dimensionality of 
drug and disease attributes, helping to capture essential 
information while reducing noise. They then applied Het-
erogeneous Network Representation Learning where the 
DeepWalk algorithm captures network topology informa-
tion, generating continuous vector representations that 
preserve connectivity patterns in the HIN. Finally, they 
combined the reduced biological information and net-
work representations into an integrated feature matrix. 
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A Random Forest model was then applied to predict 
unknown drug-disease relations using these features.

7.6 � LBMFF (2023)

–	 Dataset: SCMFDD dataset integrated with drug chemi-
cal structures, drug-side-effect interactions, drug-target 
interactions and diseases tree numbers. Similarity pro-
files were calculated. In addition, full-text scientific 
literature where drugs or diseases from the benchmark 
dataset appeared in the titles or abstracts. This extensive 
literature was used as a corpus for the semantic similarity 
calculations. Also, B-dataset and TL-HGBI dataset were 
used for validation.

–	 Methodology: Kang et  al. (2023) suggested a new 
method called Literature Based Multi-Feature Fusion 
(LBMFF) to predict drug-disease relations. This method 
used not only integration of various heterogeneous bio-
logical interactions like (drugs, diseases, side effects and 
targets), but also semantic embeddings extraction from 
scientific literature. For that, they applied feature extrac-
tion to capture the features from the different interaction 
networks like (drugs, diseases, drug-disease, drug-side-
effect and drug-target). Also, they used literature seman-
tic similarity based on BERT which is pre-trained on a 
vast scientific literature corpus and fine-tuned for seman-
tic similarity between drugs and diseases. Then, they 
applied a similarity matrix fusion process by optimizing 
fusion coefficients for the different similarity matrices to 
combine them effectively. After that they constructed an 
association feature representation matrix based on drug-
disease associations and the fused similarity matrices. 
Finally, they predicted the unknown associations using 
GCN where the drug-disease relations adjacency matrix 
is introduced into a GCN encoder to extract embeddings 
for drugs and diseases. An attention mechanism is then 
added to adaptively adjust different GCN layers’ weights. 
Sigmoid activation is used in the GCN decoder to predict 
drug-disease relations.

8 � Result comparison

Our approach to comparing methods across different cat-
egories (Network Analysis, Machine Learning, and Deep 
Learning) varied due to the diverse nature of datasets and 
evaluation methods used in the original studies:

•	 Network Analysis and Machine Learning Methods: For 
these categories, we initially attempted to unify the eval-
uation by using scores obtained from evaluating methods 
on a gold standard dataset (F-dataset). However, due to 
the variability in implementation details and the potential 
for reproduction discrepancies, we ultimately decided to 
use the published AUC scores from the original papers 
for consistency.

•	 Deep Learning Methods: Given the wide range of curated 
and standard datasets used in deep learning approaches, a 
unified evaluation was not feasible. Therefore, we relied 
on the published AUC scores reported by the authors of 
each method.

It’s important to note that we did not re-run the meth-
ods ourselves due to the complexity and computational 
resources required to replicate each study accurately. 
Instead, we compiled and compared the reported results 
from the original publications. This approach allows for a 
broad overview of method performance but may be sub-
ject to variations in evaluation protocols across different 
studies. We acknowledge that this approach has limita-
tions, particularly in ensuring direct comparability across 
all methods. However, it provides a general landscape of 
performance across different approaches in the field of 
drug-disease association prediction.

Table 5   Network Analysis Methods Comparison

Method Algorithm Direct Comparison AUC Scores

TL-HGBI (2014) Network propagation 0.915
DrugNet (2015) Prioritization method that implements network propagation algorithm PREDICT 0.779
MBiRW (2016) Bi-directional random walk DrugNet 0.917
TP-NRWRH (2016) Two path random walk with restart DrugNet, MBiRW 0.939
NTSIM (2017) Propagation and Linear neighborhood similarity is used TL-HGBI, LRSSL, PREDICT 0.928
DR-IBRW (2018) Bi-random walk with restart with quantification of individual walk 

length for each node
MBiRW 0.955

BGMSDDA (2021) Two part graph diffusion MBiRW, DrugNet 0.939
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8.1 � Network analysis methods comparison

The comparison detailed in Table 5, delves into Network-
based methods, outlining the algorithms, direct compari-
sons, and corresponding AUC scores. The purpose is to pro-
vide an in-depth analysis of how different methods leverage 
network structures for drug-disease association predictions. 
This elucidates the effectiveness of algorithms in utilizing 
network information and their comparative performance.

the results section also has several tabels to compare the 
results obtained from the review

To compare network analysis based methods, we tried to 
unify the evaluation of these methods and used the scores 
obtained by evaluating the methods on the gold standard 
dataset. We found that DR-IBRW is the best performing 
method with AUC of 0.955. We also noticed that overall 
the random walk based methods tend to perform better with 
some variations due to the application of the algorithm. The 
random walk with restart seems to be more effective and 
produce more robust results.

8.2 � Machine learning methods comparison

Table  6 offers a detailed examination of ML methods, 
encompassing algorithm specifics, direct comparisons, and 
AUC scores. This analysis aims to shed light on applying 
traditional machine learning methods in drug-disease asso-
ciation prediction. By exploring various algorithms and their 
performance metrics, researchers can discern the efficacy of 
ML-based approaches.

To compare machine learning-based methods, we 
attempted to replicate our approach from the network anal-
ysis comparisons. We used scores obtained by evaluating 
the methods on the gold standard dataset. We found that all 
the methods used in the comparison performed very closely 
despite the application of various algorithms. We noticed 
that LRSSL and TMSDA (RF) had slightly better perfor-
mance than other methods. Also, the methods that used 
SVM had different scores depending on the adaptation of 
the algorithm. SKMF used scored mean kernel fusion with 
SVM which resulted in better performance than the other 
SVM based methods.

8.3 � Deep learning methods comparison

Table  7 focuses on DL methods, presenting algorithm 
details, direct comparisons, and AUC scores per dataset. 
This comparison aims to highlight the evolving landscape 
of deep learning techniques in predicting drug-disease rela-
tions. It provides insights into the utilization of complex 
models and their performance across different datasets.

To compare the deep learning based methods, we couldn’t 
follow what we applied for the previous two comparisons 
because the methods in this comparison used a wide range 
of curated and standard datasets. Therefore, we used the 
scores published by the methods to gain an overview of their 
performance. We found that representation learning based 
methods had the best performance with HNRD as the best 
performing method with AUC score of 0.942 followed by 
HINGRL with a score of 0.936.

Table 6   ML Methods 
Comparison

Method Algorithm Direct Comparison AUC Scores

PREDICT (2011) Logistic regression 0.90
PreDR (2013) SVM PREDICT 0.865
TMSDA (2014) Random Forest (RF), MLP, C4.5 PREDICT 0.917
SKMF (2016) Scored mean kernel fusion with SVM PREDICT, PreDR 0.91
LRSSL (2017) Laplacian regularized sparse space learn-

ing, L1 regularized regression
TL-HGBI, PreDR 0.917

HED (2019) Metapath2vec with SVM 0.899

Table 7   DL Methods Comparison

Method Algorithm Direct Comparison AUC Scores

deepDR (2019) Network fusion via multi-modal deep autoencoder then using collective vari-
ational autoencoder

0.855

HNRD (2019) Representation learning with deep learning model of neural network MBiRW, DrugNet 0.942
LAGCN (2021) GCN deepDR, TL-HGBI 0.890
SNF-NN (2021) Similarity network fusion with neural network application MBiRW 0.867
HINGRL (2022) Graph representation learning with Deepwalk LAGCN, deepDR 0.936
LBMFF (2023) Combined drug-disease embeddings with semantic features and applied GCN LAGCN 0.882
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8.4 � Direct comparison matrix

The Direct Comparison Matrix reported in Table 8 provides 
a visual representation of how different methods were com-
pared, highlighting the authors’ benchmarking against previ-
ous studies. This matrix serves as a strength for evaluating 
the contributions of each work, emphasizing the importance 
of contextualizing new methodologies within the landscape 
of existing research. By offering a quick overview of the 
relationships between various approaches, it aids in under-
standing the evolution of methodologies over time. This 
comprehensive comparison strengthens the assessment of 
each method by considering its performance relative to 
established benchmarks.

The matrix is organized into three main categories: Net-
work Analysis (net), Machine Learning (ML), and Deep 
Learning (DL). Each row and column in the matrix cor-
responds to a specific method, while the cells indicate 
whether a direct comparison was made between the respec-
tive methods. The symbols in the matrix cells indicate 
whether a direct comparison was made between the corre-
sponding methods. This matrix aids in comprehending the 
comparative performance of different approaches, facilitat-
ing insights into the landscape of drug-disease association 
prediction methods.

8.5 � Identification of superior methods

The Superior Methods shown in Table 9 includes across 
categories distil key findings. This table helps in identify-
ing methods that have demonstrated superior performance, 
providing valuable insights for researchers and practitioners 
in the selection of suitable methods for drug-disease associa-
tion predictions.

8.6 � Grouped comparison of AUC scores by dataset 
used

Table 10 groups AUC scores for different methods based on 
the dataset used. This provides a clear comparison of per-
formance on various datasets, helping to identify methods 
that excel in specific contexts.

Based on the comparison table provided, there are several 
observations and relations that can be drawn regarding the 
computational methods and their AUC scores:Ta
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Table 9   Superior Methods

Category Superior Method AUC Score

Network Analysis DR-IBRW (2018) 0.955
Machine Learning LRSSL (2017) 0.917
Deep learning HNRD (2019) 0.942
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–	 Dataset Variability: The performance of methods var-
ies across different datasets, which suggests that data-
set characteristics (such as the size, feature types, and 
underlying distribution) have a significant impact on the 
effectiveness of each method.

–	 Temporal Trend: Newer methods, especially those uti-
lizing deep learning (DL), generally tend to have higher 
AUC scores. This might indicate that advancements in 
algorithmic approaches and computational power have 
led to more sophisticated models that can capture com-
plex patterns more effectively.

8.7 � Evolution of performance on F‑dataset

The F-dataset stands out as a pivotal choice for evaluating 
the evolution of performance across various methods used 
to predict drug-disease relations. This dataset has been 
consistently employed by a diverse range of approaches, 
including network analysis (net), machine learning (ML), 
and deep learning (DL) techniques. The use of the F-data-
set is grounded in its widespread use across multiple stud-
ies, rendering it a suitable benchmark for tracking the pro-
gress of methodologies over time.

By analyzing the performance metrics, particularly the 
AUC scores, of different methods on the F-dataset, we gain 
valuable insights into the evolving landscape of predicting 
drug-disease relations as shown in Fig. 1. This examina-
tion allows us to discern trends, identify advancements, 
and evaluate the effectiveness of novel techniques in com-
parison to established methodologies.

We can notice that performance varies widely, with 
some methods showing significant peaks in AUC scores, 
indicative of methodological breakthroughs. Also, deep 
learning methods display a greater range of performance, 
possibly reflecting the nuanced adaptation of these models 
to specific datasets.

Table 10   Grouped Comparison of AUC Scores by Dataset Used

Dataset Method AUC Score

LRSSL Dataset TL-HGBI (net-2014) 0.901
MBiRW (net-2016) 0.816
LRSSL (ML-2017) 0.917
NTSIM (net-2017) 0.902
SNF-NN (DL-2021) 0.936

TL-HGBI Dataset TL-HGBI (net-2014) 0.915
NTSIM (net-2017) 0.961
LAGCN (DL-2021) 0.916
LBMFF (DL-2023) 0.916

DN-Dataset DrugNet (net-2015) 0.955
MBiRW (net-2016) 0.958
HNRD (DL-2019) 0.97

C-Dataset DrugNet (net-2015) 0.804
MBiRW (net-2016) 0.934
TP-NRWRH (net-2016) 0.954
DRIBRW (net-2018) 0.964
HNRD (DL-2019) 0.950
BGMSDA (net-2021) 0.954

B-Dataset TL-HGBI (net-2014) 0.740
deepDR (DL-2019) 0.857
LAGCN (DL-2021) 0.890
HINGRL (DL-2022) 0.884
LBMFF (DL-2023) 0.882

Fig. 1   Evolution of the Perfor-
mance on F-dataset
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9 � Limitations

Machine learning depends heavily on the input data. In this 
setting, the data is limited and cannot fulfill the assump-
tion of accurately representing the characteristics of drugs 
and diseases. Another limitation is the imbalanced nature 
of the data, which can cause false predictions. On the other 
hand, deep learning is characterized by its advanced learn-
ing capabilities, which can be very helpful in transforming 
the source data into feature representation. However, it 
needs a huge amount of data to leverage these learning 
abilities, but the data in this setting is sparse, and this 
leads to the problem of overfitting.

10 � Conclusion

The survey of computational methods in drug reposition-
ing has revealed a dynamic interplay between methodolog-
ical innovation and the increasing complexity of biological 
data. The performance analysis across different datasets 
confirms that while no single method uniformly outper-
forms the rest, the trends towards integration of diverse 
data types and the adoption of advanced learning models 
are clear. Network Analysis-based methods offer a robust 
framework for understanding the intricate relationships 
in biological systems, machine learning methods excel 
at pattern recognition and scalability, and deep learning 
approaches have shown promising results, particularly in 
handling high-dimensional data and feature extraction. 
Based on our comprehensive review, we propose the fol-
lowing recommendations for future research and practical 
applications: 

1)	 Data Integration and Standardization:

•	 Develop standardized datasets and benchmarks to 
facilitate fair comparisons between methods.

•	 Focus on integrating diverse data types (e.g., 
genomic, proteomic, and clinical data) to enhance 
prediction accuracy.

2)	 Interpretability and Explainability:

•	 Prioritize the development of interpretable models, 
especially in deep learning approaches, to provide 
insights into the biological mechanisms underlying 
predicted associations.

•	 Explore techniques such as attention mechanisms 
and feature importance analysis to enhance model 
interpretability.

3)	 Transfer Learning and Domain Adaptation:

•	 Investigate transfer learning techniques to leverage 
knowledge from data-rich domains to improve pre-
dictions in domains with limited data.

•	 Develop methods that can adapt to new drugs or dis-
eases without requiring complete retraining.

4)	 Personalized Medicine:

•	 Extend current methods to incorporate patient-spe-
cific data for personalized drug repositioning.

•	 Investigate approaches that can account for genetic 
variations and individual patient characteristics in 
predictions.
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