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Abstract

This study proposes a new method to improve the efficiency of drug discovery by
repurposing existing drugs, aiming to reduce the time and costs associated with traditional
drug development processes, which can span 10 to 15 years and cost billions of dollars. Current
approaches focus on leveraging heterogeneous data, such as drug-protein and disease-protein
interactions, to construct complex networks that link drugs, proteins, and diseases. However,
a significant challenge is the imbalance in data, where numerous unconfirmed potential
drug-disease interactions (the majority class) outnumber approved drugs (the minority class),
severely impacting the predictive performance of machine learning models. Previous attempts
to address this issue have shown limited success. This study introduces a novel approach that
integrates meta-paths in heterogeneous information networks with data balancing techniques
to tackle this imbalance. Experimental results demonstrate that the proposed method enhances
model performance and reliability in identifying new relationships between drugs and diseases.
This research represents a promising advancement by leveraging network-based strategies and
data balancing techniques to facilitate the rediscovery of drug applications, thereby potentially
revolutionizing the pharmaceutical industry’s approach to drug development.

Index terms

Drug repositioning, oversampling, undersampling, meta-path, imbalanced data,
Gaussian_SMOTE.

1. Introduction

In today’s context, the demand for effective drugs to address various diseases, such as
infectious diseases, cancer, and rare conditions, is on the rise [1].However, the traditional
process of drug discovery and development is both time-consuming and expensive [2].
According to several studies, introducing a new drug to the market typically takes
between 10 to 15 years, with an average cost reaching billions of dollars [3]. To address
this issue and enhance the efficiency of the drug development process, an increasingly
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prevalent strategy nowadays is drug repurposing, with the expectation of discovering
new indications for existing drugs. Based on available data regarding the safety and
efficacy of these drugs, this drug repurposing strategy may require less than half the
time and investment compared to developing a new drug [3].

By integrating information from two, three, or multiple layers of different data,
this method helps to infer potential new relationships between drugs and diseases.
Currently, one of the most popular approaches involves using drug-protein interactions,
disease-protein interactions, and drug-disease relationships to build a complex drug-
protein-disease network [4]—[7].

For most diseases, only a limited number of drugs have undergone clinical validation
and are commercially available, representing the positive samples. Conversely, the vast
majority of potential drug-disease interactions are unconfirmed and thus classified as
negative samples, leading to a significant imbalance within the dataset. Such disparities
often impair the efficacy of machine learning models, as they tend to be biased towards
the majority class.

Previous research has typically addressed this issue by either randomly selecting
negative samples from these unconfirmed drug-disease pairs [8] or by applying
rudimentary selection techniques [6], [9] to equilibrate the dataset with positive samples
prior to its division into training and testing sets. It is believed that these approaches
may drastically reduce the size of the dataset and potentially result in information loss..

A survey has revealed that balancing techniques in drug discovery are not adequately
addressed, with only a few studies proposing data balancing methods to enhance model
performance [10]-[13]. These studies will be discussed in detail in the related work
section of our paper.

This study will attempt to address the imbalance issue and make specific contributions
to this end.

a) The proposal to integrate meta-paths in heterogeneous information networks with
data balancing techniques aims to boost model performance. This approach is innovative
and has not yet been explored in existing research..

b) Experimental results demonstrate that the proposed method effectively tackles the
data imbalance problem, thereby enhancing the model’s efficiency and increasing the
reliability of identifying new drug-disease relationships.

The subsequent sections of this paper are systematically organized as follows: Section 2
evaluates the existing literature, highlighting the pros and cons of previous approaches.
Section 3 details the proposed approach, explaining its components and strategy. Section 4
provides a detailed account of experimental results and analyzes the effectiveness of the
methodology. Section 5 summarizes key findings, concludes based on the outcomes,
and discusses future research directions and advancements.
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2. Related work

In recent years, the issue of imbalanced data has garnered significant attention among
researchers. Various approaches have been proposed to address the limitations posed by
imbalanced data. In this study, we provide an overview of select prior research directly
relevant to addressing data imbalance. Imbalance adversely affects the performance
of machine learning models. Therefore, addressing this issue has garnered particular
attention in various domains such as medical diagnosis [14], fault detection in machinery
[15], fraud detection [16], business credit evaluation [17], image recognition [18], etc.

In the field of drug discovery, data balancing techniques have not yet received extensive
attention. [19] has employed sampling methods to extract adverse drug reactions from
electronic health records, specifically addressing class imbalance issues. [20] developed
a model to predict adverse drug events in hospitalized pregnant women using the
Synthetic Minority Over-sampling Technique (SMOTE) to enhance the performance
of classification algorithms in sparse datasets. [21] used SMOTE to predict inhibitors
of the mammalian target of rapamycin in cancer treatment, including the management
of asymmetric data through synthetic sample generation for the minority class. [22]
analyzed the performance of various resampling techniques in managing imbalanced
medical data, utilizing three classical classifiers.

Lastly, [23] proposed a multi-perspective deep neural network model with a novel loss
function, “Penalized LF” to address data class imbalance. [24] examined the performance
of deep neural network models in classifying imbalanced data (DNNICID), implementing
resampling techniques to balance the datasets. [11] introduced a Balanced Matrix
Factorization (BMF) method with embedded behavioral information for computational
drug repositioning, utilizing a balanced contrastive loss function. Additionally, [12]
introduced the method known as RUSBoosted Tree Drug Repurposing (RUSDR). This is
a machine learning approach based on ensemble learning, designed to address the issue
of class imbalance in datasets. This helps improve model performance on imbalanced
datasets, typical of data in drug repurposing where the number of positive drug-disease
interactions (positive class) is significantly fewer than the non-positive (negative class).
Meanwhile, [13] improved drug-target interaction predictions by addressing both between-
class and within-class imbalance with an ensemble learning method (CIEL) that employs
decision trees as base learners

Despite the improvements in efficiency brought about by the aforementioned solutions,
which partially compensate for the limitations of the data imbalance issue, there are still
many constraints. This study proposes enhancing drug discovery with a meta-path based
oversampling approach for imbalanced data.

3. The proposed method

In this section, the proposed method is presented and each processing flow is analyzed
in detail. Specifically, the framework of the method is illustrated in figure 1. First, a
tripartite network among drugs, proteins, and diseases is constructed. Secondly, from
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Fig. 1. The workflow consists of five fundamental steps.

o

the five paths mentioned above, five corresponding drug-disease matrices are built to
recompute the correlation between drugs and diseases. Thirdly, due to the large size of the
drug-disease vectors, Singular Value Decomposition is employed to extract smaller-sized
drug-disease feature vectors. Fourthly, Gaussian_SMOTE techniques are used to balance
the data across classes from the aforementioned feature datasets. Finally, the balanced
data is fed into a Random Forest (RF) model to construct a classifier for predicting
drug-disease relationships.

Construct the drug-protein-disease tripartite network

In this study, drugs are denoted as d, diseases as s, and proteins as p. The correspond-
ing datasets of interactions between drugs-diseases, drugs-proteins, and diseases-proteins
are represented by matrices . These datasets are denoted as A%, A9, and A°P, respectively,
with the number of drugs denoted as n, the number of diseases denoted as m, and
the number of proteins denoted as z. A Graph G = (V, E) is defined, where the set
of nodes on the network is denoted as V', with each drug (d), disease (s), and protein
(p) being respectively represented as a node, denoted as d, s, and p, belonging to V.
The edges are denoted as E and are determined from the relationships between the
nodes. If a relationship is established between two nodes, an edge is defined between
them; otherwise, if there is no known association, there is no edge between the two
nodes. To determine the correlation between drugs and diseases, paths from drugs to
diseases are constructed. All proposed paths start from any drug and end at a disease,
with drug-disease pairs being correlated if there exists a path between them.

To explore the relationship between drugs and diseases, we employed five paths from
drugs to diseases as outlined in [6], denoted as M1, M2, M3, M4, and M5, specified as
follows:

M1: Represents a direct path from the drug to the disease.

M2: Represents a path from drug-protein-disease. In this case, it reflects the scenario
where if a drug and a disease share a protein, there exists a certain degree of similarity
between the drug and the disease.
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M3: Represents a path from drug-protein-drug-disease. This scenario typically
represents the relationship between drugs through proteins, indicating that if two drugs
are similar, the diseases they treat may also exhibit similarity.

M4: Represents a path from drug-disease-drug-disease. This case illustrates that if
two drugs treat the same disease, they may also have the potential to treat other similar
diseases.

MS5: Represents a path from drug-disease-protein-disease. In this case, if two diseases
share a protein, there is also the possibility that they could be treated by the same type
of drug.

Recalculated the correlation between drugs and diseases

In the previous section, five paths representing the routes from drugs to diseases
were introduced. Each meta-path provides a flexible and powerful framework for
analyzing and modeling complex interactions in heterogeneous networks. It includes
both structural characteristics and semantic connections in the network, allowing the
extraction of meaningful paths between node pairs. For each path, a relationship matrix
between drugs and diseases is constructed, denoted as Al, A2, A3, A4, and A5,
respectively. The correlation between the drug (d;) and the disease (s;) in the matrix is
computed as follows:

k
A2y =) AP x AT (2)
t=1
k n
A3y =) ) AP x APT A (3)
t=1 z=1
Adyy =Y ) AL x AT x A% @)
t=1 z=1
m k
Ay =) ) AR x AT x AT (5)

t=1 z=1

These meta-paths offer diverse perspectives for capturing different aspects of
interactions between drugs, proteins, and diseases.By leveraging the structural and
semantic information encoded within these meta-paths, effective models can be
developed for analyzing and predicting the relationships between diseases and drugs in
heterogeneous networks.
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Feature extract by Singular Value Decomposition After calculating the correlations

between drugs and diseases, five corresponding matrices were obtained: Al, A2, A3, A4,
and A5. Each matrix has dimensions of n x m, representing the correlations between
drug-disease pairs in various ways. Due to the large number of drugs and diseases, the
size of the drug-disease interaction matrix becomes substantial, leading to increased
model complexity and limited generalizability. To address this issue, Singular Value
Decomposition was utilized to reduce the dimensions of these matrices. During the
dimensionality reduction process, redundant information was discarded while retaining
essential data. For each drug-disease interaction matrix, X was obtained by using the
top 7 leading singular values, and row 7 in U and row j in V' were utilized as latent
features for the drug (d;) and disease (s;), respectively. Specifically, the formula was
calculated as follows:

X = Umxrzrxrv;zn (6)

Imbalance and classifiers

The integration of meta-paths in heterogeneous information networks with data
balancing techniques is proposed to enhance model performance. This contribution is
particularly innovative, as it introduces an approach not previously explored in existing
research. Building on this foundation, the study further evaluates and tests a series of
data balancing techniques to identify the most effective method for the complex
drug-protein-disease network problem. Among these, Gaussian SMOTE [25], an
advanced variant of SMOTE, stands out for its efficacy in enhancing model
performance. Gaussian SMOTE operates by first identifying disparities between data
points in the minority class and their randomly selected nearest neighbors. The
technique then applies a Gaussian distribution to these differences, creating diverse
synthesized samples. This expansion of the synthetic sampling area significantly
improves the reliability of the algorithm by strategically positioning the synthetic data
points near the line connecting minority class data points.

Fundamentally, undersampling and oversampling are primary approaches. The simplest
of these techniques, Random Undersampling, randomly removes samples from the
majority class to balance with the minority class but risks losing important samples. To
address this issue, techniques such as Neighbourhood Cleaning Rule (NCR) [26], One-
Sided Selection (OSS) [27], Tomek Link [28] ADASYN [29] and SPY [30] have been
proposed to optimize the undersampling process by preserving the representativeness of
the minority class and retaining important samples.

Other variants of SMOTE, including Borderline SMOTE [31], CURE SMOTE [32],
SMOTETomek [33], AND_SMOTE [34], SMOTE_D [35], Random SMOTE [36],
SMOTEWB [37], and Kmeans SMOTE [38], were also examined. Each technique offers
unique strategies to enhance the diversity of synthetic samples.

As a result, Gaussian SMOTE has proven to be the most effective technique among
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those tested, particularly suited for our complex problem. It provides a promising solution
for balancing the dataset and improving the model’s performance in identifying new
drug-disease relationships.

4. Experiments

Data

The data used in this study was extracted from three sources: DrugBank [39], OMIM
[10], and Gottlieb [40], corresponding to three sets of drug-disease, drug-protein, and
disease- protein relationships. The Drug-Protein dataset encompasses 1,186 drugs and
449 diseases, with a total of 530,687 drug-disease interactions recorded, resulting in a
sparsity ratio of 0.334%. The Drug-Protein dataset includes 1,186 drugs, 1,467 diseases,
with 1,735,220 pairs identified, achieving a sparsity ratio of 0.267%. The Disease-Protein
dataset includes 449 diseases, 1,467 proteins, with 657,318 pairs identified, resulting in
a sparsity ratio of 0.207%. We represent the three datasets, drug-disease, drug-protein,
and disease-protein, in the form of three matrices denoted as A% , A% and A%,
respectively as presented in table 1. Where n = 1,186, m = 449,z = 1,467 are the
sizes of the above matrices.

Table 1. Description of experimental data set

Dataset source Drug Disease Protein Number of no Ratio in %
interactions
OMIN v 449 1,467 657,318 0.207
DrugBank 1,186 449 v 530,687 0.267
Gottlieb 1,186 v 1,467 1,735,220 0.344
Metrics

In scientific research and data analysis, evaluating the performance of prediction models
is of paramount importance. In the context of binary classification with imbalanced data,
the minority class is often the primary focus. However, prediction models frequently
exhibit a bias toward the majority class. The selection of appropriate parameters for
evaluating model performance is crucial.

The confusion matrix, represented in table 2, is commonly used in binary classification
to assess model performance. Among the myriad of metrics available for evaluating
classification models, each metric is tailored to specific model types and diverse datasets.
In the case of severe data imbalance, where the minority class is significantly less
prevalent, this study opts for the Geometric mean (G-mean), F1-score, and Precision-
Recall Area Under the Curve (PR AUC) as evaluation metrics.

2x PRE x REC

rl— _ 7
ST = T PRE + REC 7
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Table 2. A confusion matrix for binary class classification

Predicted Positive Predicted Negative

Observed Positive TP FN

Observed Negative FP TN

Here:
Precision (PRE) is calculated as PRE = TP/(TP + FP)
Recall (REC) is calculated as REC =TP/(TP + FN)

G — mean = v/SP x SE (8)

Here:
Sensitivity (SP) is calculated as SP = TP/(TP + FN)
Specificity (SE) is calculated as SP = TN/(FP +TN)

In the context of imbalanced data, PR AUC becomes particularly relevant because it
provides a more accurate assessment of a model’s performance in detecting positive
cases (which are often the crucial instances) compared to the area under the ROC curve.
This is due to the fact that in imbalanced data, precision and recall are often more
critical than the False Positive Rate (FPR) and True Negative Rate (TNR) measured by
the ROC Curve. PR AUC is a valuable metric for evaluating the classification model’s
performance, especially in the context of imbalanced class distribution.

Discussion

First, experiments were conducted on various variants of the SMOTE, including SPY,
OSS, NCR, Borderline SMOTE, CURE SMOTE, SMOTE Tomek, and
Gaussian_SMOTE. For each method, 5-fold cross-validation was performed. The
performance results of each method are presented in table 3.

Table 2 compares the performance of Gaussian_SMOTE with other data balancing
techniques. Kmeans_SMOTE is noteworthy with an F1 score of 79.46% and a
PR_AUC of 83.45%. Gaussian_SMOTE exhibits superior performance in terms of
G-mean at 87.20%, with F1 and PR_AUC scores of 79.37% and 83.39%, respectively.
The performance difference between Gaussian_SMOTE and Kmeans_SMOTE is not
significant. Additionally, these findings are illustrated in figure 2.

As analyzed above, for imbalanced data, the evaluation metric of interest is often the
G-mean. This metric provides a balanced evaluation by considering both sensitivity and
specificity, which is crucial for imbalanced datasets. Therefore, in this study, we chose
Gaussian_SMOTE as the primary technique due to its superior G-mean performance.

28



Journal of Science and Technique - ISSN 1859-0209

Comparison of imbalance technique performance
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Fig. 2. Comparison of model performance using different data balancing techniques.

This choice is supported by its ability to improve the model’s ability to correctly identify
both minority and majority class samples, making it a robust method for handling
imbalanced data.

Table 3. Performance of related methods

Method* F1 G_mean PR_AUC
SPY 76.98% 84.80% 81.20%
0SS 79.26% 86.86% 83.21%
NCR 68.63% 80.75% 70.17%
Boder_Line_ SMOTE 68.26% 78.62% 69.81%
CURE_SMOTE 79.43% 85.58% 83.33%
SMOTETomek 73.16% 79.28% 75.4%
AND_SMOTE 69.21% 77.67% 70.81%
SMOTE_D 79.05% 84.86% 82.93%
SMOTEWB 77.6% 85.85% 81.52%
Kmeans_SMOTE 79.46 % 86.64% 83.45%
Gaussian_SMOTE 79.37% 87.20% 83.39%

* the best scores are printed in bold.

The PR_AUC is a performance measurement method for classifying models, especially
useful when there is an imbalance between classes. PR_AUC provides an overall view
of the model’s capability to identify samples belonging to the positive class at different
decision thresholds, aiding in adjusting the model’s sensitivity and precision. Among the
experimented variations of SMOTE models, Kmeans_SMOTE and Gaussian_SMOTE
stand out with G_mean scores of 86.64% and 87.29%, respectively. The PR_AUC graphs
for these models are depicted in figures 3a and 3b. Notably, both models demonstrate
superior G_mean results, with Gaussian_SMOTE exhibiting particularly impressive
performance.

As reviewed in section II. Related work, there has been an explosion of research on
drug repurposing in recent years. Many of these studies have highlighted the challenges
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Fig. 3. ROC Curve Using KMeans_SMOTE and Gaussian_SMOTE Techniques for Imbalanced Data.

of class imbalance in machine learning datasets. For instance, Korkmaz et al. [24]
utilized data from the PubChem repository and applied one undersampling technique,
Random Undersampling, and three oversampling techniques: SMOTE, ADASYN, and
ROS, to enhance model accuracy. Next, Seyede et al. [12] employed the PREDICT
Dataset and applied the RUSBoost technique, which combines random undersampling
with boosting to handle class imbalance in drug repurposing datasets.

Table 4. Comparison of the proposed method with similar methods in the drug repurposing problem

Techniques™ F1 G_mean PR_AUC
Seyede et al. [12] 64.12% 76.97% 62.91%
Korkmaz et al. [24] 76.40% 85.68% 80.46%
Our method 79.37% 87.20% 83.39%

* the best scores are printed in bold.

In this study, the techniques from [24] and [12] were also applied to the dataset for
comparison. The detailed results are presented in table 4. Table 4 demonstrates that
the method outperforms the techniques used in [24] and [12] across all three metrics:
G-mean, F1, and PR_AUC. Specifically, the method achieves a high G-mean of 87.20%,
indicating a better balance between sensitivity and specificity.

Case study

In this section, experiments were conducted on patients diagnosed with Acute Myeloid
Leukemia (AML) with the ID 601626. All correlations between AML and various drug
categories in the experimental dataset were systematically set to 0. The top 10 predicted
outcomes of the model were extracted and presented in the table 5. From table 3, it is
evident that 5 drugs have been identified for treating the disease, while 5 newly predicted
drugs have emerged.
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Through meticulous internet searches for the newly predicted drugs, two of them,
Cisplatin and Fludarabine, have shown potential in AML treatment. Mody et al. [41]
substantiated the latent therapeutic effects of cisplatin on AML in a patient with a dual
diagnosis. Additionally, Carella et al. [42] emphasized the synergistic combination of
fludarabine and cytarabine as a preferred approach for AML patients.

Table 5. Top 10 predict drug for disease Acute myeloid leukemia

Drug ID Drug Name Known before Literature
validation
DB00541 Vincristine 1 1
DB00997 Doxorubicin 1 1
DB00290 Bleomycin 0 0
DB00694 Daunorubicin 1 1
DB01204 Mitoxantrone 1 1
DBO01177 Idarubicin 1 1
DB01033 Mercaptopurine 0 0
DBO00515 Cisplatin 0 Mody [41]
DB01073 Fludarabine 0 Carella [42]
DB00444 Teniposide 0 0

5. Conclusions

In this paper, a model based on addressing data imbalance for drug repositioning is
proposed. The objective is to enhance predictions of new drugs for disease treatment,
thereby reducing time and costs in the pharmaceutical industry. To improve the
prediction capabilities of drug-disease associations, five meta-paths are combined with
the Gaussian_SMOTE data balancing method. Beyond demonstrating superiority
through metrics, the method successfully predicted two drugs for the treatment of AML.
This approach presents an appealing option in the pharmaceutical manufacturing field.
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TANG CUONG KHAM PHA THUOC THONG QUA
PHUONG PHAP LAY MAU QUA MUC DUA TREN
SIEU PUONG DAN CHO DU LIEU KHONG CAN BANG

Lé Manh Hung, Dao Nam Anh, Pdng Xudn Tho

Tém tit

Nghién ctiu nay dé xuat mot phuong phap mdi nham nang cao hiéu qua nghién ciu thube
bang cach tai su dung céc loai thubc hién c6, nhim g1am thoi gian va chi ph1 lién quan dén
qua trinh phat trién thube truyen théng, c6 thé kéo dai tir 10 dén 15 nidm va tiéu ton hang ty
dd la. Cac phuong phap tiép can hién tai tap trung vao viéc tan dung du liéu khong dong
nhit, chidng han nhu tucng tic thudc-protein va bénh-protein, dé xay dung cic mang ludi
phuc tap lién két thudc, proteln va bénh tat. Tuy nhién, mot thach thUC ddng k€ 12 sy mét can
bing dit liéu, trong do so ludng tuong tac gitia thubc va bénh tiém 4An chua dudc xdc nhin
(nhom da so) nhleu hon so hIdng thuoc dudc phé duyet (nhom thleu s6), anh hucng nghlem
trong dén hiéu suét du dodn ctia cic md hinh hoc may. Nhung nd luc trude day de glal quyét
van dé nay da cho thay thanh cong han ché. Nghién ctu nay gidi thiéu mot cach tlep can mdi
tich hgp cac dUOng dan meta trong cac mang thong tin khong ddng nhét véi cac ky thuat
can bing dit liéu de g1a1 quyet su mat can bang nay. Két qua thuc nghiém chUng minh ring
pthdng phéap dé xuét gilp nang cao hiéu suit va do tin cay cua md hinh trong viéc xdc dinh
moi quan h§ méi guia thu6c va bénh tat. Nghién ciiu nay thé hién mot tién bo day htta hen
bing cach tan dung céc chién ludc dua trén mang va ky thut can bing dit liéu d€ tao dicu
kién thun lgi cho viéc kham pha lai cdc tng dung thude, tir d6 c6 kha niing ciach mang héa
céch tiép can phat trién thudc ctia nganh dugc pham.

Tu khoa

Tai dinh vi thubc, ldy miu qua miic, 1dy mau dudi miic, siéu dudng din, mit can bing,
Gaussian_SMOTE.
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