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Abstract

Drug repositioning holds great promise for reducing the time and cost associated with traditional drug discovery, but
it faces significant challenges related to data imbalance and noise in negative samples. In this article, we introduce a
novel method leveraging high negative oversampling (HNO) to address these challenges. Our approach integrates HNO
with advanced techniques such as network-based graph mining, matrix factorization, and Bayesian inference, specifically
designed for imbalanced data scenarios. Constructing high-quality negative samples is crucial to mitigate the detrimental
effects of noisy negative data and enhance model performance. Experimental results demonstrate the efficacy of our
approach in enhancing the performance of drug discovery models by effectively managing data imbalance and refining the
selection of negative samples. This methodology provides a robust framework for improving drug repositioning, with

potential applications in broader biomedical domains.

Keywords

Drug-disease associations, over-sample, protein associations, imbalanced data, drug repositioning, Bayesian inference

Received: 2 October 2024; accepted: 3 March 2025

Introduction

In the context of today’s increasingly complex diseases and
rapidly mutating variants posing significant risks to humans,
there is an urgent need for treatment methods and drugs that
can swiftly respond to these health challenges. Meanwhile,
the traditional process of drug discovery and development is
becoming less appealing due to its considerable costs and
time requirements.' Bringing a new drug to market typically
spans over a decade and may incur costs amounting to sev-
eral billion US dollars.? In this context, drug repurposing,
the process of finding new applications for already approved
drugs, emerges as a promising strategy to optimize invest-
ment in drug development. Supported by readily available
data on drug safety and efficacy, drug repurposing can sig-
nificantly reduce the time and resources compared to devel-
oping a new drug from scratch.® A crucial initial step in this
process is the selection of a candidate drug and the identifi-
cation of a new indication for it before proceeding to pre-
clinical trials. To enhance the efficiency of this process,
various computational methods have been developed,
employing different strategies. Among the most common
are similarity-based techniques, which infer new indications
based on the similarity of drugs and suggest treatment meth-
ods for similar disease conditions. To enhance the efficiency
of this process, various computational methods have been
developed, employing different strategies. Among the most

common are similarity-based techniques, which infer new
indications by analyzing the similarity of drugs and suggest-
ing treatment methods for related disease conditions. Recent
advancements in computational drug discovery highlight
the potential of advanced machine learning techniques. For
instance, TransEDRP* employs a dual-transformer frame-
work to integrate chemical and pharmacological properties,
achieving a 22.67% improvement in accuracy across multi-
ple datasets. Similarly, MilGNet,> using heterogeneous
graph neural networks, enhances drug-disease association
prediction and outperforms 10 state-of-the-art methods.
These approaches have also been validated through real-
world applications, such as identifying Methotrexate for
mismatch repair cancer syndrome. Furthermore, Gottlieb et
al introduced PREDICT,® a method leveraging drug-drug
and disease-disease similarities based on their characteris-
tics to uncover new drug structures and disease associations
from phenotypic data.

In their latest study, Yu et al” employed similarity analysis
to explore the relationships between drugs, based on their 5
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principal attributes, as well as the similarities between dis-
eases. This effort culminated in the development of a novel
technique, layer attention graph convolutional network
(LAGCN), aimed at drug repositioning. By integrating
diverse data, this method not only enhances the reliability of
identifying similarities between drugs and diseases but also
broadens the potential to discover new links between them.
However, as highlighted in prior studies, the number of drug-
disease relationships experimentally confirmed to date
remains limited compared to the total potential relationships.®
In this context, clearly distinguishing between “positive”
(known) and “negative” (unidentified or non-existent) drug-
disease pairs emerges as a significant challenge, especially in
constructing an effective “negative” dataset to improve the
accuracy of machine learning models.

For instance, in the study by Li et al,” the number of
drugs was 2593, and the number of diseases was 19941,
but known drug-disease associations represent only a very
small proportion of the 50 million possible drug-disease
associations. In machine learning tasks, these known rela-
tionships are labeled as positive. However, identifying and
pinpointing the high negative drug-disease pairs among the
remaining 50 million possible pairs presents a significant
challenge, as both potential positive and negative elements
are hidden within. In this study, we propose a method to
efficiently construct a highly negative dataset, clearly dis-
tinguishing it from the known positive elements, thereby
enhancing the accuracy of the model.>!° In addition, a
major challenge identified is the imbalanced data, as
observed in the example above, where the positive ele-
ments account for only 0.34%. This imbalance affects the
precision and reliability of predictions in machine learning
models. Hence, this study aims to address the issue of data
imbalance and offers specific solutions to improve the
quality of the drug repositioning process.

In this study, we endeavor to address the issues mentioned
above and make specific contributions toward this end as fol-
lows: (a) We analyze the challenge of drug repositioning,
predicting new drug-disease relationships, the necessity of
constructing a robust high negative dataset of unparalleled
quality, and the imbalanced data issue encountered in resolv-
ing this challenge by Bayesian inference. (b) We propose a
method for constructing a robust high negative dataset of
unparalleled quality and apply imbalance techniques for the
dataset. The advantages and disadvantages of current meth-
odologies for addressing imbalanced data are investigated
and assessed. (¢) Through experimental results, we demon-
strate that our proposed approach, which combines the crea-
tion of a high-quality negative dataset with methods to
over-sample, effectively resolves the issue of data imbal-
ance, thereby enhancing the efficiency and reliability of
identifying new drug-disease relationships.

Related work

Drug repositioning, which seeks new therapeutic uses for
existing drugs, offers a strategy that is both time and cost-
efficient due to pre-existing knowledge of drugs’ pharma-
cological and safety profiles.!! Success stories, like
sildenafil (Viagra) for erectile dysfunction and minoxidil

for hair loss, are uncommon and typically accidental.'? The
process is hindered by its dependence on prior knowledge
and the prohibitive cost of clinical trials, making wide-
scale application challenging. Fifty million potential drug-
disease pairings manually is infeasible, highlighting the
need for computational methods to discover new drug
applications efficiently.

The rapid increase in drug and disease-related data,
along with advancements in machine learning, has spurred
the creation of diverse theoretical methods. These are
designed to reveal new drug uses by identifying potential
drug-disease associations. These computational strategies
are primarily categorized into 3 principal approaches: drug-
based, disease-based, and network-based. Each category
adopts a distinct premise for association prediction, lever-
aging the intrinsic properties and similarities within drugs
and diseases to facilitate the discovery of novel therapeutic
applications.

Drug-based and disease-based methodologies operate on
the foundational hypothesis that drugs with similar structural
or functional traits tend to be effective against diseases shar-
ing analogous pathogenic processes or symptoms. This con-
cept has been supported by numerous studies, establishing a
solid theoretical basis for these approaches. In this context,
Wang et al'® developed a support vector machine (SVM)
model to detect potential drug-disease interactions. This
model integrates a wide range of data, including molecular
structure, molecular activity, and phenotype information,
thereby substantially improving the accuracy of therapeutic
connection predictions. Echoing this approach, Khalid and
Sezerman'* presented an integrative method that uses a sim-
ilarity-based framework to predict approved and novel drug
targets and their new disease associations. This method inte-
grates protein-protein interactions (PPI), biological path-
ways, binding site structural similarities, and disease-disease
similarity metrics to enhance prediction accuracy. Further
contributing to this field, Zhang et al'* unveiled a novel
Similarity Constrained Matrix Factorization for Drug-
Disease Association (SCMFDD) prediction aimed at eluci-
dating the connections between drugs and diseases.
Leveraging existing drug-disease associations along with
drug characteristics and disease semantic data, the SCMFDD
projects these relationships into bidimensional spaces to
uncover latent features of both drugs and diseases.

The last one is based on the principle of “guilt-by-asso-
ciation” that drugs treating the same disease share struc-
ture/network properties and the diseases treated with the
same drug also share phenotype/network properties. In
their seminal work, Yang et al'® constructed 3 causal net-
works targeting cardiovascular diseases, diabetes mellitus,
and neoplasms using a causal inference-probabilistic matrix
factorization (CIPMF) methodology. This approach aimed
to predict and classify drug-disease associations, thereby
aiding in the identification of new drug repositioning
opportunities. It entailed the integration of multilevel sys-
tematic relationships between drugs and diseases from
diverse databases to establish causal networks that link
drug-target-pathway-gene-disease. Liu et al,'” in a related
vein, developed a heterogeneous network comprising drug-
drug similarity, disease-disease similarity, and known
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drug-disease association networks. They introduced a novel
2-pass random walk with a restart algorithm to predict
novel indications for approved drugs. Zhang et al'® further
advanced the domain by formulating drug-disease associa-
tions as a bipartite network and implementing a network
topological similarity-based inference method, which lev-
erages linear neighborhood similarity to predict unobserved
drug-disease associations. Building on these foundational
studies, Yue et al'” conducted a rigorous evaluation of 11
distinct graph embedding methodologies across 3 critical
biomedical link prediction tasks: drug-disease association
(DDA), drug-drug interaction (DDI), and PPI predictions.
Their analysis extended to 2 node classification tasks, spe-
cifically the classification of medical term semantic types
and the prediction of protein functions. This comprehen-
sive assessment seeks to shed light on the efficacy and
practicality of graph embedding techniques in biomedical
research, setting a new benchmark for future investigations
in this rapidly evolving field.

Within the current landscape of methodologies, 2 princi-
pal challenges are prevalent: First, supervised learning-
based approaches typically require both positive and
negative samples for training predictive models. However,
these methods often operate under the assumption that
unknown drug-disease pairs default to the negative class,
leading to a scarcity of experimentally validated negative
samples. This assumption inaccurately constructs the nega-
tive sample set, as these unknown pairs could potentially
belong to an undefined category, being either positive or
negative. Therefore, there is a critical need for a methodol-
ogy capable of identifying robust negative elements dis-
tinctly from known drug-disease pairs. To address the first
challenge of constructing robust negative samples, prior
studies have proposed various approaches to enhance the
reliability of the negative sample set. Methods like EMP-
SVD? and TS-SVD?! enhance negative dataset reliability
by excluding pairs sharing common proteins or short-path
associations within heterogeneous networks, reducing
noise from arbitrary assumptions. These methods improve
the quality of negative datasets and contribute to the relia-
bility of downstream predictions.

The second challenge arises from the inherent data
imbalance prevalent in drug-disease pair datasets, as is com-
mon in biological data, where the proportion of positive
class elements is substantially lower than that of the nega-
tive class. This imbalance significantly affects the predictive
efficacy of models. Thus, a method that effectively addresses
this imbalance is essential. In this article, we propose an
approach that not only constructs a robust set of negative
class elements but also tackles the issue of data imbalance,
thereby enhancing the predictive accuracy of the model.

Method
Drug repositioning in Bayesian inference

In what follows, the notation d, ¢, and s refers to the drug,
protein, and disease, which are our study objects for drug
repositioning based on a comprehensive Bayesian infer-
ence.?? The drug repositioning is expected to provide new

drug candidate 4 for a disease s (equation (1)), and the
Bayesian inference offers a classic schema to figure out
how drug candidates can be proposed from data analysis:

p(d]s). (1)

The drug-disease prediction process is modeled as a
graph mining on a heterogeneous network where nodes are
drugs, proteins, and diseases. Importantly, protein exami-
nation in drug repositioning should take into account how a
drug interacts with a protein and how a protein is related to
a disease. Diseases are often caused by mutations involving
the binding interface or directing to biochemically dysfunc-
tional allosteric changes in proteins.?* Considering the con-
ventional association of a drug, a protein, and a disease, the
probability of these objects p(d,t,s) can be split into con-
ditional probabilities p(d |t) and p(t|s) with prior proba-
bility p(s) by equation (2):

p(d,t,s) = p(d|)p(t|s)p(s). ()

For instance, the original probability p(d | s) from equa-
tion (1) is represented by p(d,s)/ p(s) while p(d,s) can be
evaluated by the relation of all known proteins ¢ by equa-
tion (3):

p(d]s)=p(d,s)/ p(s)=_ p(d, 1,5)/ p(s). (3)

Since the conventional association of a drug, a protein,
and a disease p(d,t,s) in equation (3) was mentioned in
equation (3), it is not surprising that the conventional prob-
ability of a drug and a disease may be seen in association
with proteins:

p(d]s)= " p(d|)p(t|s)/ p(s). @)

Clearly, such Bayesian inference allows us to include
proteins in drug repositioning showing how a new drug can
be proposed for a disease through data of confirmed inter-
actions between drugs, proteins, and diseases.

High negative samples and oversampling

Indeed, the learning process for drug repositioning requires
training data that consists of pairs of drug d and disease s
and their labels saying negative or positive interact based
on published documents for each pair. For a given training
data Z, the note Z* is granted for a set of positive samples
and the note of Z~ is made for a set of negative samples:

Z=7"UZ". (%)

Identification of the positive drug-disease relation is
realized by checking approved drugs from pharmacy
companies:
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Z" ={(d,s),p(d|s)=1}. (6)

The negative drug-disease relation related to those drug-
disease whose information of appointment is lacking:

Z"={(d,s), p(d|s)=0. (7

There is a specific imbalance in the training data. For
any drug d, only a few diseases s are ready for positive
samples p(d | s) =1 while other diseases are set in negative
samples:

count(Z*) < count(Z™). 3

A classification where the data set has skewed class
proportions is called imbalanced. Classes that have a large
proportion of the data set are called majority classes.
Those that make up a smaller proportion are minority
classes. The imbalance may cause learning issues. If the
number of positive samples is too small relative to nega-
tive samples, the training process will spend most of its
time on negative samples and positive samples are not
learned enough. The above issue leads us to apply a solu-
tion as follows.

The finding that the prior probability of protein p(r)
may recovered from cross-checking protein-drug associa-
tion, and the search in training yields inference for protein
p* (¢) with the mark of d:

p'0)=Y ptld)pd]1). ©)
d

Similarly, there can be other way in identifying the prior
probability of protein p(¢) through protein-disease associa-
tion, we mark it by p*(¢):

p*() = plt]s)p(s D). o

Hence, the prior probabilities are joined in a general
view from the drug prospect as well as from the discase
prospect. This produces the final probability for protein

p():

P ) =p@p O =D pt|d)p(d |0 pt]s)p(s ).
d s
(11)

For improving the quality of learning, the negative
samples for training can be selected from the set of sam-
ples where their probablllty p(d|s)=0. Note that the cal-
culation of the p (d | S) is proposed to use equation (4)
with the protein prior p’ () predefined above by equation

(11):

P(d19)=>pd|)p Opt]s)/ pls).  (12)

The training set of negative samples by equation (12) is
likely stronger than the original one due to the sample
selection already described:

Z: =(d,s),p (d|s)=0} (13)

We are thus depicting that selectively constructing train-
ing data with high potential negative samples data is pos-
sible through evaluation of prior probability for protein,
completing data preparation task with the set of samples for
training:

A YAV (14)

Prediction in drug repositioning

We have presented the results of training data performed as a
part of a balancing number of samples for classes in relation
to drug and disease p(d |s), which covered a range of pro-
tein studies. The extensible Bayesian inference by equation
(4) allows the prediction of new drug-disease interaction
relation. Here, the prior probability of disease p(s”) is esti-
mated from the training data given a particular disease s:

p(sH= " p(s"|d)p(d).

(d ,5 )eZ

(15)

The Bayesian inference (equation (4)), therefore, shows
a prediction for interaction between a drug d and a disease
s which is not presented in the training data Z. It is impor-
tant to note that our prediction involves voting from 5 pre-
dictions, the first one uses the training data prepared from
the data set Z, = Z (equation (14)) with labels for each pair
of drug and disease, and applies the Bayesian rule where
the right part uses the training data 7,

pd|s)=p(s|d)p(d)/ p(s), Z, = Z. (16)

There is thus a Bayesian inference from the above train-
ing data, although deeper, using reference of protein in prob-
abilities of p(d |t) and p(t|s). This is the second training
data Z2 and exports probability P> for test data of pairs (d, s):

P2(d|9). 2, =4 (d"|5") p(d" |5 =3 p(d"le) p(ds") o (5”1
t
(17
After passing through a relation of drug and protein
p(d|t), joined with the relation of protein and disease

p(t|s), it shows other views of data and exports the third
prediction as a result:

psd|s), 2y ={(d",

ZP(d 10> p(dd) p(dls ) .

deZ

Sl sH= g
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With appropriate inference through drug-disease-drug
and again drug-disease, the probability p(d |s) is used 2
times with the assistance of p(s|d), the learning inference
also produces a particular prediction, noted by Pa:

pa(ds), Z,={(d"s"), p(d"|s) =

D p 19> pls|d)p(d s}

seZ seZdeZ

(19)

It is then necessary to account for the protein with the
disease in relation p(s|#) and p(z]|s) yielding the fifth
prediction:

ps(d|s), Zs=1(d".s"), p(d’ | s) =

D op 19> pls10p|s .

seZ seZ t

(20)

The aim of learning is to maximize belief of reasoning
and so get the approximate posterior as close as possible to
the true posterior.

To obtain a final prediction for test data with pairs of (d
and s), we apply voting of the abovementioned 35
predictions:

p(d|s)=max sp,(d]s). e2y)

Results and discussion

During the experimental phase, we strictly followed the
described method. Initially, we introduced and conducted a
detailed analysis of the dataset used in our research to better
understand the interrelationships among its components,
particularly focusing on drug-disease and protein associa-
tions. We then demonstrated that drug discovery using high
negative sampling combined with oversampling techniques
such as Gaussian-synthetic minority oversampling tech-
nique (SMOTE)* yields consistent and reliable results.

Data analysis

Data integrity plays a critical role and is rigorously evalu-
ated before being used in experimental design setups. In this
research, we used 2 datasets that consist of the dataset intro-
duced by Wu et al?® and the B-dataset introduced by Zhang
et al'® and Zhao et al.>> Wu et al?® constructed their dataset
from 3 specific components: drug-protein-disease interac-
tions. Specifically, the disease-protein data was extracted
from OMIM,?® the drug-protein data was sourced from
DrugBank,?” and the drug-disease data was retrieved from
Gottlieb’s research.”® Table 1 provides an overview of the
disease-protein data sources, illustrating the relationships
between 449 diseases and 1467 proteins. Notably, there
were 1365 verified drug-disease interactions (considered
positive samples), compared with 657 318 unverified inter-
actions (negative samples), resulting in a positive-to-nega-
tive sample ratio of 0.207%. Similarly, the drug-protein data

Table |. Description of the experimental dataset.

Number of Number of
Relation interactions no interactions Ratio in %
Disease-protein 1365 657318 0.207
(449 X 1147)
Drug-protein 4642 1735220 0.267
(1186 X 1147)
Drug-disease 1827 530687 0.344
(1186 X 449)

included 1186 drugs and 1467 proteins, with 4642 positive
samples and 17352200 unverified samples, translating to a
ratio of 0.267%. The drug-disease data encompassed 1186
drugs and 449 diseases, with 1827 positive samples versus
530687 unverified samples, achieving a rate of 0.344%. In
this study, we proceeded to select high-probability negative
samples using formulas previously analyzed.?

The B-dataset includes 269 drugs, 598 diseases, and
1021 proteins. It contains 18416 drug-disease associations,

Algorithm| : High negative samples selection

Input : Ay, [n X k] (drug — protein — matrix)
Agp[m x k] (disease — protei — matrix)
Asp [k X k](protein — protein — matrix)
Output : Z~ (Nagative samples set)
Begin Algorithm
Ags < AgpAppAsp,
Z" G
while i <m do
while j< ndo
if A(i, j) = 0 then
Z" < Z (i)}
end
je—j+l
end
i—i+l;
end
Return Z~;
End Algorithm

See equation (I 1)

3110 drug-protein associations, and 5898 disease-protein
associations, as detailed in Table 2. Within this dataset, we
constructed positive and negative samples in a manner sim-
ilar to the one previously introduced. In this article, the
matrix Ag[nx m] represents the drug-disease dataset, the
matrix A,,[nxk] is the drug-protein dataset, and the matrix
A,,[mxk] notes the disease-protein dataset.

Here, n is the number of drugs, m is the number of dis-
eases, and £ is the number of proteins. As introduced ear-
lier, the positive samples in the experimental dataset were
identified using equation (12), while the status of the
remaining samples remained undetermined, they could be
either positive or negative.

According to equations (9) to (13), we extract high neg-
ative samples (HNS) using Algorithm 1. Ultimately, a new
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Table 2. Description of experimental B-dataset.

Relation Number of interactions Number of no interactions Ratio in %

Disease-protein (558 X 1021) 5898 569718 1.04

Drug-protein (269 X 1021) 3110 274649 .13
18416 160862 I1.45

Drug-disease (269 X 598)

dataset was generated by combining the positive samples
with these high-quality negative samples according to
equation (15); this new dataset is called HNdataset. In addi-
tion, we constructed another dataset based on a method for
filter negative samples (FNS) introduced by Wu et al,?°
whose name is Fndataset.

Drug repositioning with heterogeneous
network

A heterogeneous drug-protein-disease network was con-
structed, where each node represents a drug d,, a disease s »
or a protein p, . There is an edge between nodes d; and s,
d;and p,, ors; and p, ifapreviously established relation-
ship exists between them. Different relationships between a
drug and a disease s; are identified through various paths,
starting from the drug and ending at the disease. In this
study, we used 5 meta-paths introduced?® with 5 matrices
M1, M2,M3,M4, and M'5. M1 represents the relationship
between a drug and a disease through the first prediction
(equation (16)):

Ml=4,. (22)

M 2 shows the relationship between a drug and a disease
through the second prediction (equation (17)):

M2=4, x4}, (23)
M3 is based on the third prediction (equation (18)):
M3= Ay, x Ay, x Ay (24)
M 4 is used the fourth prediction (equation (19)):
M4 = A, x A) % Ay, (25)
M 5 represents the fifth prediction (equation (20)):
M5=A4,xA,xA],. (26)

Extraction of drug-disease features with
singular value decomposition

The drug-disease matrices M1,M2,M3,M 4, and M5 col-
lectively voted matrix M by equation (21), which includes
1186 drugs represented in rows and 449 diseases repre-
sented in columns. The matrix M has very high dimension-
ality, making it challenging to analyze and construct

models. Singular value decomposition (SVD) is used to
reduce the dimensionality of this matrix while retaining
essential relationships. This method decomposes the matrix
M into 3 component matrices: U,Xand V, as follows:

T
M= Un rxzrxr xV

X rxm*

where U contains the left singular vectors. X is the diago-
nal matrix containing singular values, and V contains the
right singular vectors.

High negative samples and oversampling

To evaluate and compare efficiency, we categorized the
selected methods into 3 groups. The first group includes under-
sampling data balancing algorithms. These are SPY,*
NearMiss,®!  TomekLinks,> RandomUnderSampler,
OneSidedSelection,®® and NeighbourhoodCleaningRule.?3
The second group consists of oversampling data balancing
methods. These methods are SMOTE,** Borderline-SMOTE,
Clustering-based Under-sampling and Over-sampling Using
Synthetic Minority Over-sampling Technique (CURE-
SMOTE),*®* SMOTE-TomekLinks,>” Automated Noise
Detection Synthetic Minority Over-sampling Technique
(AND-SMOTE),*® SMOTE-D,** Random-SMOTE,*
Kmean-SMOTE,* Gaussian-SMOTE,** and SMOTE-WB.*
The third group comprises techniques from previous research
for data balancing prior to machine learning. We implemented
these methods on 2 standardized datasets, HNdataset and
FNdataset. All experiments were conducted under identical
conditions to ensure a fair comparison.

The synthetic minority oversampling technique
(SMOTE), widely recognized for its ability to generate
synthetic samples for the minority class by creating new
data along the line connecting a minority class instance and
a certain number of its same-class neighbors, has shown
substantial potential in mitigating data imbalance issues.
Further advancing this, the synthetic minority oversam-
pling technique with boosting and noise detection
(SMOTE-WB) represents a hybrid approach that combines
SMOTE and random oversampling (ROS), incorporating
additional boosting and noise detection techniques. The
objective of this combination is to enhance the efficacy of
synthetic sample creation, thereby improving the accuracy
of classification models. The boosting technique amplifies
the features of synthetic data samples by focusing on diffi-
cult-to-classify cases, while noise detection minimizes the
impact of noisy data on the training process, ensuring the
high quality of synthetic samples.
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Table 3. The performance of the model using undersampling techniques with the FNdataset and HNdatase.

Oversampling techniques with the FNdataset

Oversampling techniques with the HNdataset

Method Fl G-Mean PR-AUC Fl G-Mean PR-AUC
SPY3° 76.95% 84.21% 81.17% 81.37% 86.5% 85.62%
NearMiss3'! 19.14% 47.23% 15.33% 23.18% 58.56% 23.61%
TomekLinks? 79.14% 86.00% 83.29% 83.98% 88.73% 87.90%
RandomUnderSampler 64.15% 77.04% 62.85% 68.35% 78.61% 67.76%
OneSidedSelection® 7921% 86.32% 83.25% 83.93% 89.11% 87.89%
NeighbourhoodCleaningRule3? 69.82% 79.64% 72.20% 79.79% 88.09% 81.44%

A Comparison of undersampling methods on FNdatase

Methods:
80 . SpY
NearMiss
B TomekLinks
RandomuUnderSampler
B OneSidedSelection
BN NeighbourhoodCleaningRule

G-Mean
Metrics

PR-AUC

B Comparison of undersampling methods on HNdatase

ol w B | 0

Methods:
. SPY
NearMiss
B TomekLinks
RandomuUnderSampler
BN OneSidedSelection
BN NeighbourhoodCleaningRule

G-Mean
Metrics

PR-AUC

Figure I. The performance of the model using undersampling techniques. (A) The performance of the model using undersampling
techniques with the FNdatase. (B) The performance of the model using undersampling techniques with the HNdataset.

Performance analysis

Evaluation metrics. In the evaluation of machine learning
models, a variety of parameters are proposed to assess per-
formance accurately. Selecting appropriate parameters that
align with each model and dataset characteristic is crucial.
In scenarios involving severely imbalanced datasets, sensi-
tivity (SE) and specificity (SP) are frequently used metrics,
see equations (27) and (28) in Appendix 1. Kubat and
Matwin® introduced the geometric mean (G-Mean) to
assess machine learning models on imbalanced data (equa-
tion (29)). In addition, metrics such as accuracy (ACC)
(equation (30)), recall (REC) (equation (31)), precision
(PRE) (equation (32)), F1-score (equation (33)), area under
the precision-recall curve (AUPR), Matthews correlation
coefficient (MCC) (equation (34)), area under the curve
(AUC), and precision-recall area under curve (PR-AUC)
are used to evaluate and compare the effectiveness of meth-
odologies against recent research. In this section, we evalu-
ate the performance of our method relative to 7 prominent
studies previously introduced, each designed to predict
drug-disease associations (DDAs) using heterogeneous
networks. Here is a brief overview of each methodology.
All experiments were conducted on a system running
Microsoft Windows 11 Pro (Build 22631) with an Intel
Core 15-12400 processor and 16 GB of DDR4 RAM. The
experiments used Python 3.11.5 and Scikit-learn 1.3.0 for
machine learning model development and evaluation. The
smote_variants library** was employed to implement vari-
ous oversampling techniques for handling imbalanced

datasets. All oversampling methods were applied using the
library’s default parameter settings, as these configurations
are well-documented and have been validated in prior stud-
ies. This choice ensures consistency and reproducibility
across experiments while focusing on the evaluation of the
proposed method.

Performance of high negative samples and oversampling. First,
we explored the undersampling technique, applying it to
both the HN dataset and the FN dataset. To enhance the
reliability of the performance outcomes, the 5-fold cross-
validation framework used in this study is designed to
ensure an objective evaluation of the model’s performance.
By treating all drug-disease relationships in the test dataset
as unknown during training, we ensured complete indepen-
dence between training and testing processes. This practice
mimics real-world scenarios, where the model is expected
to predict novel drug-disease interactions without prior
knowledge. We used 3 model evaluation metrics: F1,
G-Mean, and PR-AUC. The results for each metric, corre-
sponding to each undersampling method on each dataset,
are detailed in Table 3 and illustrated in Figure 1.

Overall, superior results were observed with the
HNdataset. Specifically, the TomekLinks method on the
HNdataset produced an F1 score (equation (33)) of 83.98%
and a PR-AUC of 87.90%, while the OneSidedSelection
method on the HNdataset achieved a G-Mean of §9.11%.

Figure 1 displays the area beneath the PRE and REC
curves for both datasets, with Figure 1A for the FNdataset
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Figure 2. ROC curve with FNdataset and HNdataset of undersampling technique. (A) ROC curve with FNdataset. (B) ROC curve

with HNdataset.

Table 4. Performance of the model using oversampling techniques with the FNdataset and HNdataset.

Oversampling techniques with the FNdataset

Oversampling techniques with the HNdataset

Method Fl G-Mean PR-AUC Fl G-Mean PR-AUC
SMOTE* 73.08% 79.09% 75.31% 79.85% 85.86% 83.95%
Boderline-SMOTE?* 72.06% 78.54% 73.45% 82.17% 87.61% 83.51%
CURE-SMOTE?® 79.20% 85.56% 83.20% 84.53% 88.58% 88.36%
SMOTE-TomekLinks®’ 72.92% 79.07% 75.16% 79.88% 85.28% 83.93%
AND-SMOTE?3® 70.57% 77.08% 71.87% 77.94% 85.65% 80.63%
SMOTE-D** 79.11% 85.89% 82.88% 84.24% 88.48% 88.31%
Random-SMOTE* 73.84% 80.61% 77.28% 81.68% 88.42% 85.41%
Kmean-SMOTE*! 79.40% 86.86% 83.46% 84.26% 88.51% 88.09%
SMOTEWB* 77.57% 85.27% 81.52% 83.71% 89.70% 87.67%
Gaussian-SMOTE?* 79.36% 86.67% 83.27% 85.09% 89.80% 88.39%

The best scores are printed in bold.

and Figure 1B for the HNdataset. The PR-AUC values
from these curves underscore the model’s high precision
and recall levels for most methods applied to the HNdataset,
indicating a robust capability to accurately identify positive
cases across a broad range of thresholds, especially within
the context of the HNdataset.

Figure 2 displays the area beneath the Precision-Recall
(PR) curve for both datasets, with Figure 2A for the
FNdataset and Figure 2B for the HNdataset. The PR-AUC
values from these curves underscore the model’s high pre-
cision and recall levels for most methods applied to the
HNdataset, indicating a robust capability to accurately
identify positive cases across a broad range of thresholds,
especially within the context of the HNdataset.

Following that, we examined the HNdataset and
FNdataset using an oversampling approach derived from a
SMOTE variant. The results of these experiments are com-
piled in Table 4 and depicted in Figure 3. It is clear that all
evaluated performance metrics for the HNdataset signifi-
cantly surpassed those for the Fndataset.

In particular, the CURE-SMOTE method on the
HNdataset achieved notable results, with an F1 score of

84.53% and a PR-AUC of 88.36%. Concurrently, the
SMOTEWB?*? technique on the same dataset produced the
highest G-Mean of 89.70% and a competitive PR-AUC of
87.67%. As shown in Tables 3 and 4, the HNdataset con-
sistently outperformed the FNdataset across all metrics.
These results highlight the effectiveness of oversampling
techniques, particularly SMOTEWB,* in handling imbal-
anced datasets and improving model performance.

Figure 4 illustrates the area under the Precision-Recall
(PR) curve for both datasets, with Figure 4A representing
the FNdataset and Figure 4B depicting the HNdataset
within the oversampling approach derived from a SMOTE
variant. The derived PR-AUC metrics from these curves
highlight the high levels of precision and recall achieved by
most methods when applied to the HNdataset. This sug-
gests a strong ability of the model to reliably identify posi-
tive instances over a diverse range of thresholds, particularly
in the case of the HNdataset.

To evaluate the performance of the proposed methods,
we compared 4 primary configurations: (1) Original, using
the raw dataset without applying High Negative Dataset or
Gaussian-SMOTE; (2) Gaussian-SMOTE, applying the



Le et al

Comparison of oversampling methods on FNdatase

CE |I|||||| III“I“ ||‘I||‘|
Fl

G-Mean PR-AUC
Metrics

Methods
- SMOTE
== porderline-SMOTE
W CURE-SMOTE
SMOTE-TomekLinks
- AND-SMOTE
W SMOTE-D
= random-SMOTE
Kmean-SMOTE
W Gaussian-SMOTE
. SMOTE-WB

£l

8

Comparison of oversampling methods HNdatase

Methods:
. SMOTE
= porderline-SMOTE
BN CURE-SMOTE
SMOTE-TomekLinks
W AND-SMOTE
W SMOTE-D
= Random-SMOTE
Kmean-SMOTE
BN Gaussian-SMOTE
= SMOTE-WB

F1 G-Mean

Metrics

PR-AUC

Figure 3. The performance of the variant of the SMOTE model. (A) Performance of the model using oversampling techniques with
the FNdatase. (B) The performance of the model using oversampling techniques with the HNdataset.

Gaussian-SMOTE technique without using High Negative
Dataset; (3) High Negative, using the High Negative
Dataset without applying Gaussian-SMOTE; and (4) Our
Method, which combines both High Negative Dataset and
Gaussian-SMOTE. All experiments were conducted using
a 5-fold cross-validation procedure to ensure consistency
and fairness in evaluation. The results indicate that our
method outperforms all baselines across the 3 evaluation
metrics, achieving an Fl-score of 85.09%, a G-mean of
89.80%, and a PR-AUC of 88.39% (Table 5).

In addition, we conducted a 2-sample ¢ test to assess the
statistical significance of the improvements. The results
(Table 6) show that our method significantly outperforms
Gaussian-SMOTE across all metrics with P-values <.0002.
When compared with the High Negative Dataset, our
method demonstrates statistically significant improvements
with P-values <.05 for Fl-score and PR-AUC, and
approaches significance for G-mean (P=.000313). These
findings confirm that the combination of High Negative
Dataset and Gaussian-SMOTE provides substantial advan-
tages in improving classification performance, particularly
for imbalanced datasets.

Our proposed method is designed to leverage the
strengths of both the High Negative Dataset and Gaussian-
SMOTE. The High Negative Dataset enriches the model’s
ability to discriminate by providing high-quality negative
samples, while Gaussian-SMOTE generates synthetic sam-
ples from the minority class, reducing data imbalance and
enhancing generalization. Experimental results demon-
strate that this combination not only improves performance
but also yields a more stable and reliable model compared
with the baseline, as evidenced by its superiority across the
3 key metrics: Fl-score, G-mean, and PR-AUC.

These findings emphasize the effectiveness of oversam-
pling methods, particularly SMOTE variants, in enhancing
model performance on datasets with imbalances. Our
meticulous testing process demonstrated that, across all
methods, balancing the data when combined with the pro-
posed negative sampling method consistently yields

superior performance, notably enhancing the F1, G Mean,
and PR-AUC metrics.

Evaluation of the proposed method against recent studies. In
this section, we evaluate the performance of our method
relative to 7 prominent studies previously introduced, each
designed to predict drug-disease associations (DDAs) using
heterogeneous networks. Here is a brief overview of each
methodology.

Deep drug repositioning (deepDR)** employs a net-
work-based deep learning framework to repurpose drugs in
silico by integrating 10 related networks and using a multi-
modal deep autoencoder to learn and transform drug fea-
tures into a lower-dimensional representation. A variational
autoencoder encodes and decodes these features along with
clinically reported drug-disease pairs to predict new appli-
cations for approved drugs. The drug-drug associations by
using geometric deep learning (DDAGDL)* framework
applies geometric deep learning to a heterogeneous infor-
mation network to predict drug-drug associations, incorpo-
rating biological data and an attention mechanism to
effectively manage the non-Euclidean structure of biomedi-
cal networks. Heterogeneous information network graph
representation learning (HINGRL)* leverages a heteroge-
neous information network that integrates biological
knowledge with drug-disease, drug-protein, and protein-
disease relationships, employing graph representation
learning and a Random Forest classifier to enhance drug
repositioning. HNet-DNN*® proposes a deep neural net-
work approach using a drug-disease heterogeneous net-
work that constructs drug-drug and disease-disease
similarity networks, integrates them with existing drug-
disease associations, extracts topological features, and uses
them to train the DNN.

The drug repositioning approach based on weighted
bilinear neural collaborative filtering (DRWBNCF)Y
employs a deep learning model that integrates various simi-
larity networks and uses a novel weighted bilinear graph
convolution technique along with a multilayer perceptron

)44
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Figure 4. ROC curve with FNdataset and HNdataset of oversampling techniques. (A) ROC curve with FNdataset. (B) ROC curve

with HNdataset.

Table 5. Classification performance Fl-score, G-mean, and PR-
AUC of different methods.

Fl G-mean PR-AUC
Orriginal 52.64% 69.76% 51.67%
High negative 83.39% 87.79% 87.46%
Gaussian-SMOTE 54.13% 69.33% 52.48%
Our method 85.09% 89.80% 88.39%

optimized by specific loss functions and graph regulariza-
tion to enhance drug repositioning by predicting new drug-
disease relationships. Drug Repositioning based on the
Heterogeneous information fusion graph convolutional net-
work (DRHGCN)* uses graph convolutional networks to
analyze and integrate data from drug-drug, disease-disease,
and drug-disease association networks, employing a layer
attention mechanism to refine features from multiple net-
work layers. Attention-aware multi-modal fusion using a
dual-graph transformer (AMDDT)* is based on dual-graph
transformer modules, leveraging advanced graph neural
networks for predicting drug-disease associations.

In this study, we consistently applied 5-fold cross-vali-
dation across all experiments, including those that com-
bined the high negative sampling (HNS) and full negative
sampling (FNS) techniques. The comparison of model per-
formance with HNS and FNS is presented in the last 2 rows
of Table 7. The results demonstrate that the HNS strategy
significantly outperforms FNS across all performance met-
rics. Specifically, AUPR improved from 0.892 to 0.915,
AUC increased from 0.959 to 0.966, PRE rose from 0.835
to 0.862, REC increased from 0.843 to 0.851, ACC
improved from 0.932 to 0.938, MCC increased from 0.793
to 0.817, and the F1-score rose from 0.835 to 0.856. These
substantial improvements underscore the effectiveness of
the HNS strategy in leveraging informative negative sam-
ples to enhance model training quality.

Furthermore, compared with prior studies, our method
consistently demonstrated superior performance, as shown
in Table 7. Notable results achieved by our approach

include AUPR: 0.980, AUC: 0.983, REC: 0.940, ACC:
0.946, MCC: 0.890, and Fl-score: 0.935. These metrics
surpass all existing approaches, providing compelling evi-
dence of the optimized predictive capability of our model
when employing the HNS strategy for drug-disease interac-
tion prediction. We have uploaded the complete implemen-
tation, along with a detailed README file, to GitHub:
https://github.com/hunglm11/BI-DD-HNSO.

These findings not only confirm the effectiveness of the
HNS strategy but also highlight its potential applications in
other complex predictive tasks. This approach maximizes
the extraction of valuable information from potential nega-
tive samples, enhancing both the accuracy and reliability of
the model. The integration of an advanced model with an
efficient negative sampling strategy offers promising ave-
nues for drug-disease interaction research, contributing to
the advancement of prediction methodologies in this
domain.

The exceptional performance of our method can largely
be attributed to the integration of oversampling technique
with a high negative approach. This innovative strategy sig-
nificantly enhances the accuracy of the model by ensuring
that the trained classifier does not overly fit the majority
class in imbalanced datasets, which is a common challenge
in medical data analysis. Moreover, this approach allows
precise capturing of rare but medically significant patterns
within the data, contributing to the model’s high recall and
precision rates. The successful application of these tech-
niques ensures that our method not only performs well in
balanced scenarios but excels even under conditions char-
acterized by data sparsity and imbalance, a common issue
in the complex landscape of drug-disease association
prediction.

Case study. The relationships between drugs and diseases
extracted from DrugBank have been identified with 1187
positive samples and supplemented by 530687 unknown
drug-disease pairs categorized as high-negative samples.
To balance the dataset for model training, the SMOTE-WB
technique was employed. The model was then trained on
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Table 6. Statistical significance of improvements via 2-sample t test.

Fl G-mean PR-AUC

Gaussian-  High Our Gaussian- High Gaussian- High

SMOTE negative method SMOTE negative Our method SMOTE negative Our method
Orriginal 1.0E-05 3.7E-01 5.0E-06 1.2E-04 7.8E-01 5.1E-05 6.0E-06 6.6E-02 6.0E-06
Gaussian-SMOTE X 5.0E-06 2.0E-06 x 3.7E-04 1.9E-04 X 5.0E-06 4.0E-06
High negative 5.0E-06 x 3.1E-04 3.7E-04 x 4.4E-04 5.0E-06 x 1.8E-04
Our method 2.0E-06 3.1E-04 x 1.9E-04 4.4E-04 X 4.0E-06 1.8E-04 x
Table 7. Comparison of the performance of results against recent studies on the B-dataset.
Method* AUPR AUC PRE REC ACC MCC Fl
deepDR* 0.804 0.820 0.883 0.233 0.601 0.299 0.369
DDAGDL? 0.831 0.842 0.761 0.770 0.764 0.529 0.765
HINGRL# 0.877 0.884 0.800 0.808 0.803 0.607 0.804
Hnet-DNN* 0.891 0.892 0.782 0.828 0.810 0.621 0.804
DRWBNCF* 0.901 0.900 0.981 0.202 0.599 0.326 0.335
DRHGCN* 0910 0.909 0.867 0.771 0.826 0.658 0.8l6
AMDGT?# 0.930 0.933 0.861 0.865 0.862 0.725 0.863
Model with FNS 0.892 0.959 0.835 0.843 0.932 0.793 0.835
Our method 0915 0.966 0.862 0.851 0.938 0.817 0.856

*The best scores are printed in bold.

these unknown pairs to predict potential drug-disease rela-
tionships. Rigorous validation of the results was conducted
through a review of credible biomedical literature.

The top 20 predictions from the model are presented in
Table 8, with 12 of these predictions being substantiated by
authoritative biomedical reports. Notably, Levobunolol has
been shown effective in treating various forms of glau-
coma, including Primary Open Angle Glaucoma (Disease
ID: 137760) and Glaucoma 1, Primary Open Angle (Disease
ID: 601682). Gliclazide has demonstrated efficacy against
several types of Maturity-Onset Diabetes of the Young
(MODY), such as MODY 3 (Disease ID: 600496), MODY 1
(Disease ID: 125850), and MODY?2 (Disease ID: 125851).
In addition, the relationships of Triamcinolone and
Prednisone with autoimmune and inflammatory disorders
like Multiple Sclerosis (Disease ID: 126200) and Oftitis
Media (Disease ID: 166760), as well as Estradiol’s connec-
tion to Hereditary Prostate Cancer type 1 (Disease ID:
601518), highlight the intricate interactions between drug
mechanisms and disease pathologies. The wuse of
Betamethasone in treating Hydrocortisone in Sarcoidosis
(Disease ID: 181000), Cimetidine in Helicobacter Pylori
infections (Disease ID: 600263), and Daunorubicin in
Classic Hodgkin Lymphoma (Disease ID: 236000) further
illustrates the significant role these drugs play in specific
disease management strategies. Even though some pre-
dicted drug-disease associations lack direct documentary
evidence, these findings pave new pathways for potential
clinical trials and research, potentially reducing both the
time and cost involved in drug development processes.

These findings not only validate the predictive model
but also lay the groundwork for further clinical research
and the development of personalized medical treatments,

thereby enhancing the accuracy and efficiency of disease
management protocols.

Conclusions

In this study, we proposed a novel approach by combining
data balancing techniques with the high-confidence nega-
tive sample selection method to predict the relationship
between drugs and diseases. Our findings demonstrated
promising results, indicating the efficacy of this approach
in enhancing the reliability of predictive models. First, we
employed Bayesian theory to analyze the relationships
between drugs and diseases, constructing a heterogeneous
drug-protein-disease network. From this, we extracted
richly informative drug-disease feature vectors. Second, we
demonstrated that our method of selecting high-confidence
negative samples effectively eliminated unreliable negative
instances, contributing significantly to the overall improve-
ment of model performance. This enhancement not only
increased the accuracy of predictions but also fostered trust
in the model’s outputs. Furthermore, by recommending cer-
tain drugs for diseases, some of which have been scientifi-
cally validated through clinical trials and are currently
employed in treatment regimens, we have bolstered the
credibility of our model’s predictions.

Looking ahead, we aim to continue refining our method
for selecting reliable samples and enhancing data balanc-
ing techniques to further improve the efficiency of our
model. This ongoing pursuit of refinement will ensure that
our predictive model remains at the forefront of precision
medicine, offering valuable insights into drug-disease rela-
tionships for clinical decision-making and therapeutic
advancements.
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Table 8. Top-20 candidate drugs for various diseases.

Literature
Rank  Drug ID Drug name Disease ID  Disease name Prob* validation**
I DBO1120 Gliclazide 600496 Maturity-Onset Diabetes Of The 0.982 Habeb et al,*°
Young, Type 3; Mody3 Spiliotis et al*'
2 DB00783 Estradiol 192000 Uterine Anomalies 0.973 NA
3 DBOI1120 Gliclazide 125850 Maturity-Onset Diabetes Of The 0.967 Habeb et al,°
Young, Type |; Mody| Spiliotis et al®!
4 DBOI 120 Gliclazide 125851 Maturity-Onset Diabetes Of The 0.966 Habeb et al,*°
Young, Type 2; Mody2 Spiliotis et al®'
5 DB01210 Levobunolol 137760 Glaucoma, Primary Open Angle; Poag  0.948 Sorensen et al*?
6 DBOI210 Levobunolol 601682 Glaucoma I, Primary Open Angle, C;  0.946 Sorensen et al*?
GlclC
7 DB00232 Methyclothiazide 600351 Enteropathy, Familial, With Villous 0.944 NA
Edema And Immunoglobulin G2
Deficiency
8 DB00620 Triamcinolone 126200 Multiple Sclerosis, Susceptibility To; 0.943 Lukas et al,>* Abu-
Ms Mugheisib et al**
9 DB00712 Flurbiprofen 133690 Exostoses With Anetodermia And 0.941 NA
Brachydactyly, Type E
10 DB00590 Doxazosin 157950 Permanent Molars, Secondary 0.940 NA
Retention Of
I DB01070 Dihydrotachysterol 259660 Malignant Hyperthermia, Susceptibility 0.930 NA
To, 3
12 DB00635 Prednisone 166760 Otitis Media, Susceptibility To; Oms  0.934 Ranakusuma et al*®
13 DB00783 Estradiol 601518 Prostate Cancer, Hereditary, |; Hpcl  0.926 Ockrim et al*®
14 DB00443 Betamethasone 188030 Immune Thrombocytopenia; Itp 0.926 NA
15 DB0074 1 Hydrocortisone 181000 Sarcoidosis, Susceptibility To, |; Ssl 0.925 Sullivan et al’’
16 DB00481 Raloxifene 215470 Boucher-Neuhauser Syndrome; Bnhs ~ 0.925 NA
17 DBOI1013 Clobetasol propionate 233810 Growth Retardation, Small And Puffy  0.925 NA
Hands And Feet, And Eczema
18 DB00501 Cimetidine 600263 Helicobacter Pylori Infection, 0919 Higuchi et al*®
Susceptibility To
19 DB00694 Daunorubicin 236000 Lymphoma, Hodgkin, Classic; Chl 0.917 Richardson et al®
20 DB00136 Calcitriol 241519 Hypophosphatemia, Renal, with 0913 NA

Intracerebral Calcifications

*The Prob represents the predicted probability of each drug’s effectiveness for diseases in the test dataset, based on equation (21). **NA stands for

non-availability of literature evidence for drug-disease pairs.
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Appendix |

Here, TP,FP,TN,and FN represent the number of true
positives, false positives, true negatives, and false negatives,
respectively. The formula for calculating the efficiency met-
ric of the model is expressed as follows:

SE =TP/(TP+ FN), @7
SP=TN /(FP+1TN), (28)
G —Mean = \|SPx SE, (29)
s TP+TN ’ .
TP+ FP+TN + FN (30)
TP+ PN
E = L’ (32)
TP+ FP
Fl—score:szEC—Xm (33)
REC + PRE
Ce TPxTN — FPx FN
(TP + FPYTP + EN)(TIN + FPYTN + FN) 39



