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Abstract

Accurately predicting Drug-Disease Associations (DDAs) is of great
significance for drug repurposing and new drug development. Although
existing methods have promoted the development of this field to a certain
extent, most of them are still limited to single-modal data and cannot fully
characterize the complex features of drugs, diseases, and genes. At the same
time, many methods only focus on either local neighborhoods or global
structures during feature extraction, lacking the organic combination of the
two, which limits the accuracy and generalization of predictions.

To address this, this paper proposes MedPathEx, a drug-disease association
prediction method that combines multi-modal data integration and local-global
feature learning. Spoecifically, we first construct a drug-gene-disease
heterogeneous network and fuse multi-modal attributes such as drug chemical
structures, ATC classifications, side effects, disease phenotypes and semantic
information, as well as gene function annotations to generate more
comprehensive node representations. Subsequently, we use graph
convolutional networks to extract the attribute features of nodes themselves,
capture local semantic relationships through meta-path modeling with a multi-
head attention mechanism, and introduce a global attention mechanism to
extract overall topological patterns, thereby achieving "micro-macro
complementary" feature learning. Finally, by fusing node attributes and
structural features, MedPathEx obtains a more discriminative comprehensive
representation for the prediction of potential DDAs.

Experimental results show that MedPathEx outperforms existing methods in
key indicators such as AUC, AP, and F1. Moreover, it successfully identifies
new candidate drugs in cases of coronary artery disease and hypertension,
demonstrating its great potential in practical applications.
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1. Introduction

With the rapid development of biomedical technology, the demand for data
analysis and knowledge discovery in modern drug research and development
is increasingly growing !. The successive opening of a large number of
biomedical databases has provided rich resources covering information on
biological entities such as drugs, diseases, and targets, laying a foundation for
large-scale data mining 2. However, in the face of massive datasets, traditional
biological experimental methods are insufficient in terms of processing and
analysis efficiency 3. Against this backdrop, computational-based drug-disease
association prediction methods have emerged. These methods can deeply
analyze complex data, mine potential knowledge, reveal the associations
between drugs and diseases, and screen candidate compounds with
therapeutic potential, thereby significantly accelerating the process of new
drug research and development 4

Computational-based drug-disease association prediction methods usually
construct complex biological networks and extract rich features from them,
enabling prediction models to effectively infer potential associations between
drugs and diseases °. Early computational methods mainly relied on similarity
measurements, such as drug chemical structure similarity, disease semantic
similarity, or gene co-expression patterns, to infer potential associations 6.
Although such methods are intuitive and simple, due to the use of only single-
modal information, they often have the problem of information missing,
making it difficult to fully reflect the complexity of biological entities.
Subsequently, researchers proposed matrix factorization and machine
learning methods (such as non-negative matrix factorization, random walk,
kernel methods, and ensemble learning)’. These methods can capture
potential patterns from interaction matrices and improve prediction
performance. However, they still need to be improved in terms of multi-source
information integration and model generalization ability.

In order to better characterize the complex interaction relationships between
drugs and diseases, heterogeneous network methods have gradually attracted
attention8. This method can effectively reveal potential associations by
simultaneously modeling different types of nodes such as drugs, diseases,
genes, and their interrelationships. Early methods mostly relied on the
topological structure of the network®11, For example, Wu et al. 12 calculated
the distance between nodes based on the static associations among drugs,
diseases, genes, and side effects to predict potential associations. However,
such methods usually ignore the attribute information of the nodes themselves
(such as the chemical properties of drugs or the clinical phenotypes of
diseases), resulting in limited node representation ability. To make up for this
deficiency, some studies have tried to introduce node attributes into network
modeling13.1415 For example, FuHLDR 16 integrates drug molecular



fingerprints, disease semantic similarity, and protein sequence features, and
combines graph convolutional networks with meta-path methods to improve
prediction effects. Nevertheless, most existing methods only consider single-
modal attributes and fail to fully mine the multi-source information contained
in drug-disease-gene relationships. In fact, different modal information is
complementary: the chemical structure and ATC classification of drugs reveal
molecular-level features, and side effect information reflects their clinical
manifestations; the phenotypic and semantic information of diseases
correspond to clinical manifestations and knowledge-level descriptions
respectively; and gene function annotations describe molecular mechanism-
level information. Therefore, fusing multi-modal data can provide more
comprehensive and robust representations for nodes.

In terms of feature extraction, deep learning technologies and meta-path
strategies are widely used in heterogeneous network analysis!7.18,
Researchers often use meta-paths to model the semantic relationships of local
neighborhoods and combine attention mechanisms to enhance prediction
performance. For example, Flam et al. 19 combine path embedding with graph
neural networks to capture local substructures; the NEDD model proposed by
Zhou et al. 20 uses meta-paths to model direct and high-order relationships
between nodes; and the MAGNN model by Fu et al. 2! further combines node
content conversion and multi-level aggregation mechanisms to effectively
capture complex semantic patterns. Although these methods have made
significant progress in local structure modeling, they still have limitations:
most methods either over-rely on local neighborhood features or focus on
global statistical information or embedded representations, failing to fully
combine the advantages c¢f both. Local features can meticulously describe
neighborhood relationships such as drug-gene-disease, but lack perception of
the overall neiwork topology; global features can reflect long-range
dependencies and macro laws between cross-modal entities, but often ignore
local fine-grained semantics. Therefore, how to achieve complementary fusion
of local and global features has become a key challenge in current Drug-
Disease Association (DDA) prediction.

Based on the above research status and challenges, this paper proposes a
drug-disease association prediction method combining multi-modal data
integration and local-global feature extraction, named MedPathEx. Compared
with existing methods, the main innovations of this study are reflected in the
following three aspects:

(i)Multi-modal data integration: Integrate multi-modal attributes such as drug
chemical structure, ATC classification, side effect information, disease
phenotypic and semantic information, and gene function annotations under a
unified framework to obtain more comprehensive node representations.

(ii)Local-global complementary feature learning: Capture local semantic
relationships through meta-path modeling driven by a multi-head attention



mechanism, and introduce a global attention mechanism to extract overall
topological patterns, realizing complementary learning of micro-local features
and macro-global features.

(iii)Deep feature fusion: Deeply fuse node attribute features with the learned
local-global structural features to form a more discriminative comprehensive
representation, which is ultimately used to accurately predict potential drug-
disease associations.

2. Materials and Methods

2.1 Dataset

The data for this study were obtained from three public biomedical databases:
Stanford Biomedical Network Dataset Collection (BIOSNAP24)22,
Comparative Toxicogenomics Database (CTD) 23, and Pharmacogenomics
Knowledgebase (PharmGKBZ24). These databases provide extensive association
data on drugs, genes, and diseases.

Specifically, from BIOSNAP, we acquired 9,761 drug-gene interaction records
and 104,327 drug-disease interaction records, covering 4,349 drugs, 2,085
genes, and 565 diseases. From CTD, we obtained 36,321 disease-gene
interaction records involving 3,969 genes and 561 diseases. From PharmGKB,
we retrieved 3,422 disease-gene interaction records and 6,472 drug-gene
interaction records, encompassing 1,614 drugs, 2,053 genes, and 730 diseases.

During data processing, we standardized the names of drugs, genes, and
diseases and removed redundant and irrelevant entries, thereby ensuring the
uniqueness of each association and the accuracy of the data. After meticulous
filtering, we obtained a heterogeneous network with 12,661 nodes and
120,587 edges, including 1,148 diseases, 7,591 genes, 4,050 drugs, 69,034
disease-drug associations, 35,998 disease-gene associations, and 15,555 drug-
gene associations (see Table 1).

Table 1.Summary of Entities and Associations in the Constructed Heterogeneous

Network
Entity Number of . Number of
L Association Type .
Type Entities Associations
Drug 4050 Drug-Gene Association 15,555
Disease-Gene
Gene 7591 ISease- 35,998
Association
, Disease-Drug
Disease 1020 69,034

Association




2.2 Methods

The overall framework of the proposed approach is illustrated in Figure 1.



A.Constructing network
————————————————————————————— 1 1
1 ! |
a ! i y i
@ - | | ) santio scuilarty ||
@ d o | i ! b =-u |
: ({,_ —_— = m ! ! dieraee pisasiyys Sl |
1 — H 1 !
-1 -4 @ FBg | — |
O L | H A A !
a | s |
3 1 ! |
1 ! |
1

A // i ! DA AA AlA H
1 . 1 sonc B smilurity  geve CC similarity gene MF !
e a L !

B.Feature extraction - < _________

[0]
=
)
T
>
9]
o)
=
<
g
c
=
o
=1
B
z
a
2
3
g
-
i

Max
pooling H

— -
soe eeoe eece ___[EE-

meta-paths 1

meta-paths instances !
' Max !
| " ;
i [di—@xd] s | _'p"o""g -ni_--"

|

~-_
Global attention
(i)Initial characteristics (i)Extracting the informaticn of similarity network , {iii )Global .arn:l local feature
of the node meta-path and heterogeneous network extraction of nodes

§

C.Integrating similarity network features. local reatures and global features

weighted
summation

dimensionality
reduction

>| 4 =

.

D .Calculating drug-disease association scores and validating prediction results

Calculating [7—{|\ B validating Pubmed
” L — - ‘- e I ClinicalTrials.gov
O XN @eee e g

[ | Disease C) Drug A Grug : Vector @ Add @ Product

representation

Known drug-disease associations = __ Predicted drug-disease association

Figure 1. Overall Framework of the Model.



2.2.1 Network Construction

To comprehensively represent the relationships among drugs, diseases, and
genes, we construct two complementary structures: (i) per-type similarity
graphs that capture intra-type relationships, and (ii) a heterogeneous network
that encodes inter-type associations. Detailed methods are provided in
Supplement~S1.

(i) Similarity graph construction
For each entity type, multiple features are integrated to quantify pairwise
similarity.

[0 Drugs: Drug similarity is derived from three perspectives: (1) chemical
structure similarity between drugs was calculated using SMILES
fingerprints2® obtained from DrugBank?26, with Tanimoto coefficients
implemented via the RDKit toolkit; (2) clinical classification similarity
was determined based on Anatomical Therapeutic Chemical (ATC)
codes extracted from DrugBank, and quantified using the Jaccard
coefficient?’; and (3) side effect similarity from STDER databases 28, also
quantified with Jaccard scores.

0 Diseases: We consider both phenotypic similarity and semantic
similarity. Phenotypic similarity is calculated using OMIM descriptions
via the MimMiner tool??, while semantic similarity is measured from the
MeSH directed acyclic graph (PAG) using MeSHSim39,

0 Genes: Gene similarity is evaluated from Gene Ontology (GO)
annotations, including biological processes (BP), molecular functions
(MF), and cellular components (CC). Using the GOSemSim algorithm31,
similarity is computed based on shared information content and the
most informative common ancestor (MICA).

(ii) Similarity network fusion.
To integrate multi-source similarities, we employ Similarity Network Fusion
(SNF). Given feature-specific similarity matrices S' (e.g., SATC, SSMILES  gSE),

an affinity matrix is constructed and iteratively updated:
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where r' denotes the distance metric and 0 is the affinity scaling parameter.
The fused drug similarity matrix is obtained as:

(PATC + PSMILES + PSE),
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while disease and gene similarity matrices are fused by:
D = SNF(SPhen’SSem)’
G = SNF(sBP,gMF,5CC),

(iii) Similarity graph representation

The final similarity networks are represented as Sg € RIVRI*IVrl for drugs, Sp
€ RIVol*IVol for diseases, and Sg € RIVelXIVsl for genes. Each entry reflects
the fused similarity between a pair of entities within the same type.

(iv) Heterogeneous network construction

Beyond intra-type similarities, we construct a heterogeneous network G = (V,
E) to encode inter-type associations. The node set V consists of drugs (VR),
diseases (Vp), and genes (Vg). Known associations are encoded in three
bipartite adjacency matrices: the drug-disease matrix Agp € RIVRI*IVol the
disease-gene matrix Apg € RIVoI*IVel| and the drug-gene matrix Agg €
RIVRIXIVel " An entry is set to 1 if an association exists and 0 otherwise. This
heterogeneous graph provides a unified representation of cross-type
interactions.

the similarity graphs preserve rich intra-type relational signals, while the
heterogeneous graph complements them by encoding inter-type connectivity,
together forming the foundation for subsequent feature learning.

To prevent information leakage, all drug-disease associations were split into
five edge-level folds, and the test edges in each fold were removed from the
heterogeneous network before feature extraction. MedPathEx was trained
only on the remaining observed links. The detailed procedure and statistics
are given in Supplementary Algorithm S1 and Supplement S2.

2.2.2 Feature Extraction

To obtain informative and complementary node representations, we design a
three-level feature extraction strategy: (i) embeddings from similarity graphs,
(ii) local semantics captured by meta-paths in the heterogeneous graph, and
(iii) global structural features from attention over the entire network.

(i) Similarity-graph embeddings.
For each fused similarity network of drugs (Sr), diseases (Sp), and genes (Sg),
the initial features are projected into a unified space:

hs = WSXS’ S e {R,D,G

where X5 denotes the original features and Wsg is a learnable transformation
matrix.

Subsequently, we employ Graph Convolutional Networks (GCNs) 32 to capture
intra-type relationships. The propagation rule is defined as:
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where A is the similarity matrix with self-loops and D its degree matrix. After
training, we obtain embeddings Hgr,Hp,Hg that encode similarity-based
structures within each entity type.

(ii) Heterogeneous local semantics via meta-paths.
In the heterogeneous drug-disease-gene graph, nodes are initialized from
their incident associations and projected into a shared feature space:

h, = Wyx,, V € {R,D,G

where X, is the binary association vector and W, is trainable.

To capture typed semantics, we define symmetric meta-paths that reflect
homophily and complementarity, such as RDR and RDGDR for drugs,
DGD/DRD/DRRD for diseases, and GDRDG for genes(see Supplement~S1).

Each meta-path instance P(v,u) connecting node V to U is summarized by
max-pooling over its intermediate nodes:

hP(v,u),i = maX{hlt,ilt € P{v,u

and then aggregated using a graph attention mechanism:

P
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Multi-head attention is adopted to stabilize training:

P _ K
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Finally, path-level attention is used to weigh the contributions of different
meta-paths:

hy = X Bp-hy
=

v

yielding semantic embeddings h, R,h;uD,h:G.

(iii) Global structural features

Although meta-paths capture local semantics, they cannot fully represent long-
range dependencies. To complement this, we incorporate a global attention
mechanism that directly models correlations across all nodes:
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Here, h; is the updated representation of node i, enriched by the weighted
contributions of all other nodes. To ensure scalability, sparse neighborhoods
and blockwise computation are applied (see Supplement~S1).

2.2.3 Feature Fusion

To integrate the complementary information extracted at different levels, we
design a weighted fusion mechanism that combines local semantics, global
structural patterns, and similarity-based embeddings. Taking disease nodes as
an example, the feature fusion is formulated as:

hgomb =\ th + Ay hlo| + A3 [HD]d'

where th denotes the meta-path based representation, h;j the global

attention embedding, and [Hply the similarity-graph embedding. The
coefficients A;,A;,A3 = 0 are learnable parameters that adaptively balance
the contribution of each feature source.

The fused representation is further transfornied into the final embedding
through a linear mapping and non-linear activation:

hg.wa! =0 (Wohgomb)
where Wy is a trainable weight matrix and o( - ) is an activation function (e.g.,
ReLU). The same procedure is applied to drug and gene nodes, yielding hf"?

and hg”a', respectively.

2.2.4 Association Score Calculation

Based on the final node embeddings, we predict the association probability

between a drug-disease pair (i,j) using a sigmoid function applied to the dot
product of their representations:

Y = final final
y|J =0 (hilna )Thjlna)

where hf"@ and hjﬁ”a' denote the fused feature vectors of drug i and disease

j, respectively.
To optimize the model, we employ a binary cross-entropy loss with negative
sampling:



L=- 3 logy;- X log(1l-yj
(i) EYp (i))EYN

where Yp and Yy denote the sets of positive and negative drug-disease pairs,
respectively. Minimizing this objective updates all trainable parameters of the
framework, including GCN weights, attention modules, and fusion coefficients
A12.3, in an end-to-end manner.

3. Results

3.1 Comparative Experiments

To evaluate the performance of the MedPathEx model, we conducted five-fold
cross-validation and used the AUC, AP, and F1-score as evaluation metrics.
The selected comparison models must have the ability to handle
heterogeneous networks or utilize meta-paths for feature extraction, ensuring
comparability in heterogeneous network analysis and node relationship
capture. Therefore, we chose three categories of models: (1) traditional
machine learning methods using the same muiti-modal attributes as
MedPathEx, (2) one comprises models that perform link prediction through
meta-paths and (3) recent state-of-the-art heterogeneous graph learning
models designed for drug-disease association prediction. Specifically, the
models were as follows:

0 Random Forest (RF) 33models non-linear relationships among the
integrated imulti-modal attribute features using an ensemble of
decision trees, serving as a classical machine learning baseline to
assess the predictive contribution of attribute integration.

0 Support Vector Machine (SVM) 34trains a support vector machine
classifier solely on the integrated multi-modal attributes of drugs and
diseases, providing a non-graph baseline to evaluate predictive
performance without network structural information.

0 Multi-Layer Perceptron (MLP)35 learns deep attribute
representations through a fully connected neural network trained on
the same integrated features, serving as a non-graph deep learning
baseline for comparison with graph-based methods.

0 HAN 36leveraged heterogeneous graph neural networks to handle
networks with varied node and relation types. It generated
homogeneous subgraphs through meta-path random walks, used a
hierarchical attention mechanism to aggregate neighboring node
information, and learned structural and semantic information from
multiple meta-paths.



0 MAGNN employed a meta-path instance encoder on heterogeneous
networks to integrate information from multiple meta-paths, capturing
structural and semantic features of different node types to enhance
node representations.

0 DRWBNCEF?’ integrated biological networks, such as drug-drug and
disease-disease similarities. It used weighted bilinear graph
convolution to capture node interactions and combined focal loss
functions and graph regularization to model drug-disease associations.

0 FuHLDR!6 A graph representation learning model based on biological
heterogeneous information networks, FuHLDR fuses low-order
representations from graph convolutional networks and high-order
representations via meta-path strategies, using a random vector
functional link network to predict drug-disease associations.

0 HDGAT?3® integrates drug-disease similarities and associations in a
heterogeneous graph, employing hierarchical and dynamic attention
mechanisms to aggregate multi-level node information and residual
connections to address over-smoothing, enabling drug-disease
association prediction.

To ensure fairness, all models were evaluated under the same five-fold split.
The comparative results are reported in Table 2. Experimental findings
indicate that MedPathEx outperforms ali baseline models, achieving superior
AUC, AP, and F1 scores compared to other methods. Specifically, classical
attribute-only baselines (SVM, R, MLP), although not using graph structure,
perform competitively on the fused multimodal attributes and in some cases
surpass meta-path-only inodels (e.g., HAN), indicating that the integrated
attribute space is highly discriminative. Nevertheless, methods that
additionally exploit heterogeneous-graph semantics and stronger fusion
mechanisms still yield higher overall accuracy.

Among meta-path-based heterogeneous GNNs, HAN and MAGNN capture
semantic relations under different meta-paths and therefore improve over
purely attribute-based models in some metrics; however, their limited use of
diverse node attributes and global structure leaves a noticeable gap to
MedPathEx.DRWBNCF enhances representation learning through weighted
bilinear graph convolution and demonstrates improvements in capturing node
interactions across biological networks. Nevertheless, its design lacks a
mechanism to integrate global and local semantics comprehensively, resulting
in relatively lower AP and F1 scores, which highlights the superior capacity of
MedPathEx in multi-modal data integration. FUuHLDR combines low-order
GCN features with high-order meta-path information, showing stronger
predictive power than DRWBNCEF. Its advantage lies in capturing both local
connectivity and higher-order semantics, but its fusion strategy is relatively
simple, causing its performance to remain slightly inferior to MedPathEx.



HDGAT leverages hierarchical and dynamic attention to mitigate the over-
smoothing problem and to strengthen multi-level feature aggregation,
achieving results close to MedPathEx. However, it still exhibits small gaps in
AUC and F1, indicating that its integration of global and local information is
less effective.

Overall, MedPathEx demonstrates superior stability and scalability by jointly
incorporating multi-modal similarities, meta-path-based local features, and
global structural attention, achieving the best performance in the drug-
disease association prediction task.

Table 2. Performance Comparison of Models

Model AUC AP F1
RF 0.7952 0.7691 0.7868
SVM 0.7653 0.7451 0.7559
MLP 0.7852 0.7650 0.7706
HAN 0.7387 0.7043 0.7156
MAGNN 0.8014 0.7721 0.7836
DRWBNCF 0.8138 0.7966 0.8028
FuHLDR 0.8322 0.8265 0.8394
HDGAT 0.8499 0.8342 0.8536

MedPathEx 0.8559 0.8348 0.8668

3.2 Ablation Experiments

To evaluate the effectiveness of each component within the MedPathEx model,
we conducted a series of ablation experiments to assess the impact of the
different components on the performance of the model. The specific variations
are as follows.

0 Experiment 1: Removal of Similarity Network Features
In this experiment, we removed the similarity network features from
the model, ceasing to utilize the similarity information among drugs,
diseases, and genes. The aim was to verify the impact of the inherent
features of the node on the performance of the model.

0 Experiment 2: Removal of Global Graph Features
We removed the global heterogeneous graph learning component,
relying solely on meta-paths and the similarity network to learn node
representations. This experiment was designed to evaluate the
contribution of global graph features to the model.

0 Experiment 3: Removal of Meta-path Features
Here removed the meta-path feature extraction component, relying
instead on the original heterogeneous graph and similarity network.
The objective was to assess the significance of the metapaths in the
model.



0 Experiment 4: Replacement of Attention Mechanism with Mean
Aggregation
In experiment, we replaced the attention mechanism in metapath
aggregation with mean aggregation, no longer considering the
importance of differences among different metapaths. The purpose of
this study is to verify the effectiveness of the attention mechanism in
enhancing the performance of the model.

The experimental results (see Table 3) indicate that each component
significantly contributes to the final performance of the model. Removing
meta-path features and global graph features leads to a substantial decline in
performance, highlighting the importance of capturing high-order semantic
relationships and the overall network structure. The removal of similarity
network features also leads to performance reduction, although it is not as
significant as in previous experiments, indicating that the incorporation of
node attribute features aids in the prediction of drug-disease associations. The
performance decreases the least when mean aggregation was used instead of
the attention mechanism. This suggests that while the attention mechanism
improves the role of metapaths, it does not have as much of an effect as other
parts.

The full MedPathEx model performs the best on all tests (see Figure 2) owing
to the important role that metapath features and global graph features play in
capturing complex relationships and network structures. The similarity
network features make better use of node attributes, and the attention
mechanism makes meta-paths even more important during feature fusion. The
synergy of all components enables MedPathEx to perform exceptionally well
in drug-disease association prediction.

Table 3.Results of Ablation Experiment

AUC AP F1
Experiment 1 0.8298 0.8008 0.8364
Experiment 2 0.8015 0.7984 0.8125
Experiment 3 0.7954 0.7891 0.8089
Experiment 4 0.8355 0.8204 0.8579

Complete Model 0.8559 0.8348 0.8668
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Figure 2.Performance Comparison of Ablation Experiments

3.3 Parameter Analysis

We evaluate the model's sensitivity to the parameters in this section. First, we
analyze the impact of the fusion weights A:, A5, and A3 on the MedPathEx
results, as shown in Figure 3. Because the fusion weights are constrained to
sum to one, Figure 3 varies (A1, A2) on a grid while setting As=1—A:1—A2 at each
point. The experimental results indicate that the meta-path features (A;) have
the most significant impact, achieving the highest AUC of 0.8559 when A,
= 0.7, A, = 0.2, and 23 = 0.1. Global features (A,) provide complementary
contributions, with moderate weights yielding better performance. Similarity
network features (A3) have the least influence, and the model performs best
when their weight is minimal. These results highlight the importance of
prioritizing meta-path features while maintaining a balance between global
and similarity network features.
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Second, we analyze the effect of the number of heads K in the multi-head
attention mechanism, as illustrated in Figure 4. The miodel achieves the best
performance with K = 8. When K = 1, the madel behaves as if no attention
mechanism is applied, resulting in lower performance than other
configurations. This demonstrates that the multi-head attention mechanism
effectively distributes the weights across meta-paths and their instances.
However, with K= 16, the performance decreases due to excessive

parameters and potential overfitting. Therefore, we set K = 8 as the optimal
value.

k=16 [N 0.8445

k=1 [ 0.8376
083  0.835  0.84 0845 085 0855  0.86

Figure 4. the perturbation of K on the AUC score
3.4 Case Studies

To validate the effectiveness of the model further, we verified the prediction

results using publicly available literature from PubMed and ClinicalTrials.gov
(https://clinicaltrials.gov/).
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We selected coronary artery disease (CAD) and hypertension as validation
cases owing to their high prevalence and mortality rates worldwide39.40,
Evaluating the model’s predictive performance for these two diseases
demonstrated its ability to identify potential drugs and provide new research
directions for their treatment.

CAD is a complex disease that involves inflammation, lipid metabolism, and
vascular endothelial dysfunction 41. Existing treatment methods for CAD are
often ineffective and have significant side effects 4!. Therefore, the exploration
of new therapeutic strategies is crucial. We predicted ten potential drugs
associated with CAD (Table 4).

Table 4.The predicted Results for 10 Potential Drugs related to CAD

Drugbank

Disease Name
ID

Drug Name Evidence

ClinicalTrials/PMID:3785

DB01076 Atorvastatin 2649/
PMID[]34926626
ClinicalTrials/PMID:
31272567
ClinicalTrials/PMID[]

DB01393 Bezafibrate

DB01394 Colchicine 37558377/PMID:3496516

8

Coronary Artery PMID:7379283/PMID:674

DB01427 Amri
Disease \ Mrinone 3422

ClinicalTrials/PMID: 1882

o Ny .
DB00758 Clopidogrel 3340

DB08162 fasudil PMID: 30359818
DB01001 Salbutamol PMID:9651558
DB01611
quine 2847
DB06287 Temsirolimus NA
DB08910 Pomalidomide NA

Hydroxychloro ClinicalTrials/PMID:2737

To elucidate the relationships between these drugs and CAD, we constructed
a drug-gene-disease association network diagram, as shown in Figure 5. This
diagram visualizes each drug and its potential target genes, offering an
intuitive perspective on the mechanisms by which these drugs may be effective
in treating CAD.
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Figure 5.Drug-Gene-Disease Association Network of Potential CAD-Related Drugs

Among the predicted drugs, some have already been validated for the
treatment of CAD and related cardiovasculai diseases. For instance,
Atorvastatin 42is widely used to lower cholesterol levels and prevent
cardiovascular events. Fasudil, a Rho kinase inhibitor, has not been
extensively studied for CAD, but has a foundation in cardiovascular drug
development. Fasudil shows potential for CAD treatment by inhibiting the Rho
kinase pathway 4344, particularly in cases involving coronary microvascular
spasms, where it significantly imnproves myocardial ischemia 45.

Additionally, Temsirolimus and Pomalidomide, although relatively
underexplored in CAD, have shown promise in modulating pathological
calcification. Atherosclerosis is the key pathological basis of CAD, and vascular
calcification is a critical factor in plaque maturation and instability. Therefore,
targeting the calcification process may be an important strategy for CAD
treatment 46, Although relatively underexplored in CAD, Temsirolimus has
shown promise in modulating pathological calcification by inhibiting the
expression of key genes associated with calcification #47. Similarly,
Pomalidomide, which has not been extensively studied in CAD, mitigates

plaque instability and calcification risk by reducing inflammatory responses
48,49

We chose hypertension as the focus of our study because it is one of the most
common cardiovascular diseases globally and is a major risk factor for
cardiovascular conditions 4. The ten potential drugs related to hypertension
predicted by our model are listed in Table 5.

To visually represent the potential relationships between these drugs and
hypertension, we constructed a drug-gene-disease association network



diagram (Figure 6). This diagram illustrates the associations between each
drug and its potential target genes, providing insights into the mechanisms by
which these drugs may be effective in treating hypertension.

Table 5.Prediction Results of 10 Potential Drugs Related to Hypertension

Di Drugbank
1sease rugban Drugbank Name Evidence
Name ID
ClinicalTrials/PMID[]
DBO1 P lol
01359 enbutolo 7047173
Olmesartan
DB00275 ] PMID: 12076183
medoxomil
Lo ClinicalTrials/PMID[]
DB00412 R 1
00 osiglitazone 38411834
. ClinicalTrials/PMID[]
DB0107 A
01076 torvastatin 37557013
Hypertensi DB00783 Estradiol CllnlC?.LTrlaIS/PMIDD
on 30896818
. ClinicalTrials/PMID[]
DB01104 1
0110 Sertraline 29042710
. ClinicalTrials/PMID[]
DB00482 1 X
0048 Celecoxib 30240679
. ClinicalTrials/PMID[]
DB 10 chiorthal
003 ilorthalidone 2958249
DB01175 Escitalopram NA
DB00472 Fluoxetine NA

hypertension  hypertension brug Indication  Drug-targetinteraction  Predicted interaction
targets targets

Figure 6.Drug-Gene-Disease Association Network of Potential hypertension-



Related Drugs

Among the predicted drugs, some have already been validated for the
treatment of hypertension and related cardiovascular diseases. For example,
Penbutolol °9, a B-blocker, is widely used to treat hypertension. Although less
studied for hypertension, estradiol has shown potential in cardiovascular
disease treatment, particularly in modulating vascular health and
inflammatory responses °!. Studies have indicated that estradiol protects
against hypertension-related inflammation and tissue damage by regulating
gap junction communication and reducing proinflammatory responses 52,
Additionally, a clinical trial (NCT00102141) suggested that estradiol combined
with drospirenone may improve blood pressure control in postmenopausal
women with hypertension.

Escitalopram and Fluoxetine, despite lacking direct evidence linking them to
hypertension, offer new potential for hypertension treatment through the
modulation of central nervous system function, which is associated with
dysregulation of the central nervous system, particularly under conditions of
stress and anxiety 53. These drugs may indirectly influence blood pressure
regulation by modulating serotonin levels in the central nervous system,
thereby affecting the gene expression linked to blood pressure control.
Further exploration of their potential applications in hypertension treatment
could promote the development of multidimensional therapeutic strategies.

4. Discussion and Conclusion

Accurately predicting medication-disease associations is an essential step in
drug development and has attracted substantial interest in recent years. In
this study, we developed MedPathEx, a predictive framework that integrates
multimodal biological information and combines meta-path-based local
semantics with global structural features.

By incorporating diverse attributes—including drug chemical structures, ATC
classifications, side-effect profiles, disease phenotypic and semantic
information, and functional gene annotations—MedPathEx enriches the
semantic representation of nodes within the heterogeneous network. In
addition, by jointly modeling local meta-path semantics and global topological
dependencies, the framework provides complementary perspectives that help
improve the characterization of drug-disease relationships. Experimental
results demonstrate that MedPathEx achieves improved predictive
performance compared with representative baseline methods, indicating the
effectiveness of integrating multimodal attributes and heterogeneous
structural information for DDA prediction.



Despite these promising results, several limitations should be acknowledged.
One important limitation is that the clinical applicability of the model has not
yet been assessed using external real-world patient cohorts or prospective
clinical studies. Moreover, although multiple data sources were integrated,
the heterogeneous network still exhibits a degree of sparsity; incorporating
additional biological entities and relationships—such as pathways, tissue-
specific features, or molecular processes—may further enrich the
representation space. In addition, the interpretability of the framework
remains relatively limited. While meta-path attention offers some insight into
semantic patterns, the overall representation learning process involves
multiple neural components, making it difficult to fully trace how individual
predictions are generated.

Future work will focus on incorporating more comprehensive biomedical
entities, enhancing model interpretability through explainable learning
mechanisms, and validating high-confidence predictions using external
datasets or real-world clinical evidence. These efforts will help further improve
the robustness and translational potential of MedPathEx within computational
drug discovery.

Data availability

All datasets used in this study are publicly available from their respective
official sources:

BioSNAP (https://snap.stanford.edu/biodata/),

CTD (https://ctdbase.org/)

PharmGKB (https://www.pharmgkb.org/),

DrugBank (https://go.drugbank.com/),

ChEMBL (https://www.ebi.ac.uk/chembl/),

SIDER (https://sideeffects.embl.de/),

OMIM (https://www.omim.org/),

MeSH (https://www.ncbi.nlm.nih.gov/mesh/),

Gene Ontology Consortium (http://geneontology.org/).

Code availability

The implementation of MedPathEx and the preprocessed data is available at
https://github.com/wwiswwlucky/MedPathEx.
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