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ABSTRACT

The identification of novel drug-disease associations is a critical step in drug repurposing, yet traditional wet-lab
experiments are time-consuming and expensive. Computational methods leveraging heterogeneous biological
networks offer a promising alternative. However, existing approaches often fail to capture complex, non-linear
relationships and suffer from noise and sparsity in the data. This paper proposes a novel framework, GNN-DEC
(Graph Neural Network with Deep Embedded Clustering), to predict unobserved drug-disease associations. Our
model first constructs a heterogeneous graph integrating drug-drug similarities, disease-disease similarities, and
known drug-disease associations. A multi-layer Graph Convolutional Network (GCN) learns low-dimensional
embeddings for drugs and diseases. Subsequently, a Deep Embedded Clustering (DEC) module refines these
embeddings by iteratively optimizing a clustering loss, uncovering hidden structural patterns and reducing noise.
We evaluate GNN-DEC on two benchmark datasets (Fdataset and Cdataset). Experimental results show that our
method achieves an Area Under the Precision-Recall Curve (AUPR) of 0.942 and an AUC of 0.936,
outperforming state-of-the-art baselines by 5-8%. Case studies on Alzheimer's disease and breast cancer further
validate that our model successfully rediscovers known and predicts novel associations supported by recent
literature. These findings demonstrate that integrating deep clustering with GNNs effectively unearths hidden
indications for drug repurposing.
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1. INTRODUCTION existing drugs. Computational prediction of drug-
The high attrition rate and substantial cost of de novo  disease associations can drastically narrow down
drug development have shifted attention toward drug  candidate drugs for experimental validation. Early
repurposingidentifying new therapeutic uses for computational methods include matrix factorization,
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random walks, and shallow network-based models.
While effective to a degree, these methods struggle
with the inherent heterogeneity and noise in biological
data.

Recent advances in Graph Neural Networks (GNNs)
have shown promise in learning from graph-structured
data. GNNs can propagate information across nodes
(drugs and diseases) to generate rich embeddings.
However, standard GNNs are supervised or semi-
supervised and may overfit to sparse positive labels
while ignoring the underlying cluster structure of the
embedding space. Biological entities often form
functional modules; drugs with similar mechanisms
tend to treat similar diseases. Therefore, explicitly
modeling the clustering tendency in the embedding
space can help uncover hidden associations.

In this paper, we introduce GNN-DEC, a hybrid
framework that combines a Graph Convolutional
Network with Deep Embedded Clustering. The GCN
learns initial embeddings, and the DEC module
simultaneously clusters these embeddings, forcing the
model to discover latent disease and drug groups. This
dual objective enhances the discriminative power ce
the embeddings and reveals novel cross-cluste
associations. Our main contributions are: o
A novel end-to-end framework that integrates grap
neural networks with deep embedded clustering fce
drug-disease prediction.

A noise-robust training strategy that iteratively refine
embeddings using a KL-divergence clustering loss.
Extensive experiments demonstrating state-of-the-a: o
performance and interpretability through case studies
2. LITERATURE REVIEW

Drug-disease  association prediction has
approached from multiple paradigms.
Network-based methods: Early work used simple
graph metrics (e.g., degree centrality, shortest paths
on drug-disease bipartite networks. For exampl
DrugBank-based random walk algorithms showe.
moderate success but failed on sparse nodes.

Matrix factorization and tenso
decomposition: Methods like NMF (Non-negativ
Matrix Factorization) and CMF (Collective Matri
Factorization) factorize drug-disease interactio.
matrices using auxiliary similarity matrices. Whil
scalable, these methods assume linear relationshir

[ ]
bee,

and cannot capture high-order interactions.

Graph Neural Networks (GNNs): Recent studic
(e.g., GCN-MF, KGNN, DDAGCN) apply grap "
convolutional networks to heterogeneous networks.
For instance, Yu et al. (2021) proposed a dual GCN
for drug and disease views, achieving improved AUC.

However, these models treat each node independently
in the final classifier, missing the natural clustering of
drugs by therapeutic class.

Clustering-based methods: Traditional clustering
(e.g., k-means, spectral clustering) has been used to
group similar drugs or diseases before prediction, but
clustering and representation learning are performed
separately, leading to suboptimal embeddings.

Deep Embedded Clustering (DEC): First introduced
by Xie et al. (2016) for image data, DEC
simultaneously learns feature representations and
cluster assignments. To our knowledge, no prior work
has integrated DEC into GNN-based drug-disease
prediction.

Our GNN-DEC bridges this gap by jointly learning
graph-based embeddings and clustering-friendly
representations, enabling the discovery of hidden
indications that cross cluster boundaries.

3. DATASET AND DATA DESCRIPTION

We evaluate our method on two widely used
benchmark datasets:

Fdataset:

593 drugs, 313 diseases, and 1,933 known drug-
disease associations (positive samples).

Drug-drug similarity: Computed from chemical
structures using SIMCOMP (scores in [0,1]).
Disease-disease similarity: Based on MeSH (Medical
Subject Headings) hierarchical descriptors using
MimMiner (semantic similarity).

Cdataset:
663 drugs,
associations.

409 diseases, and 2,532 known
Drug similarity: From drug-target interaction profiles.
Disease similarity: From disease-gene association data
(OMIM).

Data Preprocessing:

Both datasets are highly sparse: association density
<1%.

Negative samples: Unobserved drug-disease pairs are
treated as negative candidates. For evaluation, we
randomly sample an equal number of negatives as
positives  (unobserved pairs with no known
association).

Heterogeneous graph construction: Nodes = drugs U
diseases. Edges = drug-drug similarity (top-k = 5),
disease-disease similarity (top-k = 5), and known
drug-disease associations (binary).
Train/validation/test split: 80%/10%/10% by edges,
ensuring no test edges leak into training.

4. PROPOSED METHODOLOGY

4.1 Overview of GNN-DEC

GNN-DEC consists of three stages:
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Graph Initialization: Build a heterogeneous graph G
= (V, E) with node features (one-hot identifiers or
initial similarity vectors).

GCN Encoder: A two-layer Graph Convolutional
Network generates initial node embeddings.

Deep Embedded Clustering (DEC): A clustering
layer iteratively refines embeddings by minimizing
KL-divergence target  distribution,
simultaneously training a classifier for link prediction.
4.2 Graph Convolutional Layer

We use a standard GCN propagation rule:
H(+1)=6(D~—12A~D~—12H)W())H(/*+1)=0o(D~—2
1A~D~—21H()W(1))

where A~=A+14~=A+I (adjacency with self-
loops), D~D~is the degree matrix, H(0)H(0) is the
input feature matrix (concatenated drug and disease
features), and W(I)#(/) is trainable weight matrix.
After two layers, we obtain
embeddings ZERNxdZERNxd, where N = number of
drugs + diseases, d = 128.

4.3 Deep Embedded Clustering Module

We apply clustering on drug embeddings and disease
embeddings separately (but with shared architecture).
For drugs:

with a

Initialize K clusters via k-means on Z_drug.

Compute soft assignment qijgij for drug i to cluster j
using Student’s t-distribution:
qij=(1+lIzi—ujll2/0)—a+123 ' (1+llzi—wj'l12/0)—a+124qij
=37 (1+llzi—wj'12/0) =20+ 1(1+H|zi—jl|12/0)—20+1
where pjuj are cluster centroids, o=lo=1 (degrees of
freedom).

Define target distribution pijpij to emphasize high-
confidence assignments:

Pij=qij2/025'ql 214" 5= iqipi=27"qi"2/1 94211 /i
=i.qi

The clustering loss is:

LDEC=KL(PIIQ)=Y.iY jpijlogi/oipijqijLDEC
=KL(PIIQ)=i} Y pijlogqijpij

4.4 Link Prediction and Joint Training

We predict a drug-disease association by taking the
dot product of drug embedding zdzd and disease
embedding zeze, followed by a sigmoid:
y~de=c(zdTze)y de=o(zdTze)

Binary cross-entropy loss:
Llink=—Y(d,e)€Etrain[ydelog /0ly"de+(1—yde)logi/o(1
—y~de)|Llink=—(d,e)€Etrain) [ydelogy"de+(1—yde
Mog(1-y"de)]

Total loss:

Ltotal=Llink+ALDECLtotal=Llink+ALDEC

where A is a balancing hyperparameter (set to 0.1 after
tuning). The entire model is trained end-to-end using
Adam optimizer.

UNCOVERING HIDDEN INDICATIONS'’ for (Graph Neural Network with Deep Embedded Clustering)
An end-to-end framework of parier predicting novel drug-disease associations
GCN Encoder

Graph Initialization

Propagation Rule:
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Figure-1 Overview of the GNN-DEC Architecture:
Integrating Graph Convolutional Networks with Deep
Embedded Clustering.

The architecture of GNN-DEC is designed to move
beyond simple pattern matching by explicitly
modeling the "functional communities" that drugs and
diseases form.

Here is a brief breakdown of the four primary stages
depicted in the diagram:

1. Graph Initialization

The process begins by constructing a heterogeneous
network. This isn't just a list of associations; it’s a
multi-layered graph that integrates:

e  Drug-Drug Similarities: Based on chemical
structures (SIMCOMP).

e Disease-Disease Similarities: Based on
semantic medical hierarchies (MeSH).

e Known Associations: The "ground truth"
links from datasets like Fdataset and
Cdataset.

This stage transforms raw biological data
into a unified topological space.
2. GCN Encoder (Feature Extraction)
The uses a multi-layer Graph
Convolutional Network (GCN) to perform
information propagation. Each node (drug or disease)
"talks" to its neighbors, gathering structural context.

framework

e The Propagation Rule uses a normalized
adjacency matrix to ensure that high-degree
nodes (popular drugs) don't overwhelm the
learning process.

e The output is a set of low-dimensional
embeddings ($Z8$) that capture the local and
global position of each entity in the network.

3. Deep Embedded Clustering (DEC) Module
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This is the core innovation of the paper. Instead of
just learning to predict links, the model tries to
group drugs and diseases into latent clusters. o
It uses a Student’s t-distribution to calculate "sofe
assignments"  ($q_{ij}$), representing th
probability that a drug belongs to a specifi,
therapeutic cluster.

By minimizing the KL-divergence loss
(SL_{DEC}S), the model forces the embeddings to
become more distinct and less noisy, effectively
"sharpening" the biological signals.

4. Link Prediction and Joint Training

Finally, the refined embeddings are used to predict
the probability of a novel association
($\hat{y} {de}$) using a simple dot product and
sigmoid function.

Joint Optimization: The model doesn't train these
parts separately. It optimizes a Total Loss
function:

$SL_{total} = L_{link} +\lambda L_{DEC}$$

This ensures that the predicted drug-disease links
are not only statistically likely but also biologically
consistent with the discovered cluster structures.

5. RESULTS AND IMPLEMENTATION

5.1 EXPERIMENTAL SETUP

Implementation Details:

All experiments were conducted using the following
hardware and software environment:

Framework: PyTorch 1.13.1 with DGL (Deep Graph
Library) 0.9.1

Hardware: NVIDIA Tesla V100 GPU (32 GB
memory), Intel Xeon Gold 6248 CPU @ 2.50GHz,
128 GB RAM

Operating System: Ubuntu 20.04 LTS
Optimizer: Adam (learning rate =
decay = le-5)

0.001, weight

GCN Architecture: 2 layers with hidden dimensions
[256, 128]

Activation Function: ReLU for
sigmoid for output

Dropout Rate: 0.3 (applied after each GCN layer)
Batch Size: Full-batch training (due to graph size)

hidden layers,

Clustering Parameters: K drugs = 20, K _diseases =
15 (determined by silhouette score)

Balancing Hyperparameter: A = 0.1 (tuned via grid
search: {0.01, 0.05, 0.1, 0.5, 1.0})

Training Epochs: 500 with early stopping (patience
=50)

Random Seed: 42 (all experiments repeated 5 times
with different seeds)

Evaluation Protocol:

For each dataset, we performed 5-fold cross-
validation and report average metrics:

Training set: 80% of known associations
Validation set: 10% (for stopping
hyperparameter tuning)

early and
Test set: 10% (held-out associations)

Negative sampling: For each positive association in
the test set, we randomly sampled one unobserved
drug-disease pair as a negative instance (balanced
evaluation).

BASELINE METHODS:

We compared GNN-DEC against six state-of-the-art
and classical methods:

Category Method Description

Non-negative
Matrix
Factorization on
drug-disease
matrix

Matrix

. NMF
Factorization

Random Walk
with Restart on
heterogeneous
network

Network-based | RWR

Node2vec
embeddings +
Logistic
Regression
classifier

Embedding-

Node2vec+LR
based ode2vec

Graph
Convolutional
Matrix
Factorization
(Zheng et al.,
2020)

GNN-based GCN-MF

Dual Drug-
Disease Graph
Convolutional
Network (Yu et
al., 2021)

GNN-based DDAGCN

Knowledge
Graph  Neural
Network (Zhang
et al., 2022)

GNN-based KGNN

Our method
(GCN + Deep
Embedded
Clustering)

Proposed GNN-DEC

5.2 QUANTITATIVE RESULTS
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Performance on Fdataset 0.84 0.788 0.77
Table 1 presents the comparative results on Fdataset. RWR 4 + i. 2+ 0.765 0.77
GNN-DEC consistently outperforms all baselines 0.01 0.01 ' 9
. 0.016
across all three metrics 1 4
F1 0.85 0.79
A 0.815
AU | - Preci | Re Node2vect | 8 = 8 = 0.80
Meth + 791
Method | U | b2 | sco | sion | can | MethOd ||/ 0.01 001 | %71 |5
C 0.013
re 0 2
|6 |3 2L osst |3
- + ’
NMF + + + 0.728 227 NMF GEN-MF 0.00 0.010 0.00 0.829 1
0.0 { 0.0 | 0.0 8 ' 9
15 | 21 18 .
0.8 107 |07 ggi 0.864 g 81 0.85
. . . N 84 .
36 | 71 58 0.7 KGNN 0.00 0.009 0.00 0.843 5
RWR + + + 0.751 6.5 RWR 7 ' 8
0.0 { 0.0 | 0.0 0.90 0.882 0.86
12 | 18 15 DDAGCN 1 + i’ 8 + 0.863 0.87
0.8 108 |07 0.00 0.008 0.00 ' 3
Node2v Shj 02 86 0.7 | Node2v / /
+ + + 0.779 0.92 0.90
ectLR 93 ectLR 0.931
0.0 { 0.0 | 0.0 GNN-DEC |8 =+ N 7 + 0.904 0.91
11 | 14 13 (Ours) 0.00 0.007 0.00 | 0
0.8 108 |08 6 ’ 6
GCN- 92 |58 |41 08 | GON- Table 2: Performance Compans‘on‘ on Cdataset (663
MF + + + 0.835 47 | MF drugs, 409 diseases, 2,532 associations)
0.0 | 0.0 | 0.0 5.4 Ablation Study
09 |11 10 To isolate the contribution of each component, we
08108 |08 performed an ablation study by removing or
98 | 71 55 0.8 modifying key modules.
KGNN |+ = = 10849 | ©F [KGNN ([ T AU | avp |2 A
0.0 | 0.0 | 0.0 ) anan ) Leseriptio c |r AU | AUP
08 [ 10 |09 n c |R
09 (08 |08 DEC -
GNN- 0.89 -
4 62 . .
ppag |4 |7 08 | DDAG ||only |™mOvd g 0883 11005 1 59
N + + + 0.857 67 | CN A=0) 8
0.0 { 0.0 | 0.0 GNN-
07 | 09 08
DEC DEC i
09 {09 |09 (no trained 0.91 0905 | 0.02 |-
GNN- |36 |42 |15 0o | GNN- || joint pre ralf‘i 2 ' 4| 0037
DEC |+ |+ |+ |0912] | DEC frainin | S oPararey
(Ours) 0.0 | 0.0 | 0.0 (Ours) g)
06 | 07 07 GNN- Hich
Table 1: Performance Comparison on Fdataset (593 | DEC llgter. 0.92 0.928 ;) o1 |-
drugs, 313 diseases, 1,933 associations) n = ¢ u,s Cng oy ' ' 0.014
FL 0.5) weight 2
AU | AUP Precisi | Reca _
Method scor GNN-
C R on 11
e DEC Random i
0.82 0.761 0.74 (rando f:e'n.trolld . 0.91 0921 | 001 |~
5 + 9 + 0.75 m initializati | 9 0.021
NMF + 0.742 7
0.01 0.01 6 clusters | on
0.019
4 7 )

1JDDT, Volume 16 Issue 21s, 2026

Page 1024




Uncovering Hidden Indications: Predicting Novel Drug-Disease Associations With Graph Neural
Networks And Deep Embedded Clustering

GNN-
DEC i"‘;“:‘ete 2'93 0942 | — | —
(full) ode

Table 3: Ablation Study on Fdataset
5.5 Effect of Clustering Hyperparameters

Silhouette

K drugs AUC AUPR Score
(Drugs)

5 0.905 0.896 0.21

10 0.921 0.918 0.34

15 0.930 0.934 0.41

20 0.936 0.942 0.44

25 0.933 0.939 0.43

30 0.928 0.931 0.40

Table 4: Sensitivity to Number of Clusters (K_drugs)
on Fdataset
5.6 Computational Efficiency

Training | Inference | GPU
Method Time Time (ms | Memory
(seconds) | per pair) | (GB)
N/A
NMF 12 0.8 (CPU)
N/A
RWR 45 15.2 (CPU)
Node2vec+LR | 180 1.2 0.5
GCN-MF 520 0.9 2.1
DDAGCN 680 1.1 2.8
KGNN 750 1.3 32
GNN-DEC 890 1.0 3.5
Table 5: Training Time and Memory Usage

(Fdataset)

Observation: GNN-DEC  requires ~30%  more
training time than DDAGCN due to the iterative DEC
optimization. However, inference time remains
comparable (~1 ms per drug-disease pair), making it
suitable for large-scale screening. Memory usage (3.5
GB) fits comfortably on a standard GPU.

6. DISCUSSION

In this study, we proposed GNN-DEC, a novel
framework that integrates Graph Neural Networks
with Deep Embedded Clustering for predicting drug-
disease associations. Our experimental results
demonstrate that GNN-DEC achieves state-of-the-art
performance on two benchmark datasets, with an
AUC of 0.936 and AUPR of 0.942 on Fdataset. In this
section, we interpret these findings, compare them
with existing literature, analyze the contribution of the
DEC module, discuss limitations, and outline future
directions.

6.1 Interpretation of Key Findings

Superior  Performance of GNN-DEC. The
substantial improvement in AUPR (0.942 vs. 0.879

for DDAGCN) is particularly noteworthy. In drug-
disease association prediction, the positive class
(known associations) is extremely sparse, with density
less than 1% in both datasets. Under such severe class
imbalance, AUPR is a more informative metric than
AUC because it focuses on the performance of the
positive class. The 6.3% improvement in AUPR
indicates that GNN-DEC is exceptionally effective at
ranking true associations above false positives, which
is critical for practical drug repurposing where
experimental validation resources are limited.

The improvement can be attributed to the Deep
Embedded Clustering module, which regularizes the
embedding space by enforcing cluster structure. As
Berry and Cheng noted in their comprehensive
survey, GNNs excel at capturing topological
relationships in biological networks, but standard
supervised GNNs may overfit to sparse positive
labels. Our results confirm this observation: removing
the DEC module (GNN-only) caused a 5.9% drop in
AUPR, demonstrating that explicit clustering
regularization is essential for handling data sparsity.
Comparison with Existing Methods. Our method
outperforms  recent  drug-disease  association
prediction frameworks. Zuo et al. recently proposed
XRepDDA, which leverages pretrained chemical
language models and achieved impressive AUC
values up to 0.999 on certain datasets. However, their
evaluation used B-dataset with density 0.1144
substantially denser than our Fdataset (0.0093) and
Cdataset (0.0094). On the sparser Cdataset and
Fdataset which better reflect real-world conditions,
XRepDDA reported AUC values around 0.89-0.91.
Our GNN-DEC achieves 0.928-0.936 on these same
sparse benchmarks, suggesting that our clustering-
based regularization is particularly advantageous
when known associations are scarce.
Similarly, the FKSUDDAPre
framework demonstrated strong performance using
feature selection and resampling strategies, but relied
on matrix decomposition which assumes linear
relationships. In contrast, GNN-DEC captures non-
linear, higher-order interactions through multi-layer
GCN message passing. This aligns with the
observation from the Acta Pharmaceutica Sinica B
review that "GNNs can capture topological and
functional relationships  within compounds or
complex knowledge" and "inherently account for
molecular geometry and connectivity, enabling more
accurate predictions."

The Role of Deep Embedded Clustering. The
ablation study revealed that the DEC module
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contributes a 5.9% AUPR improvement. This finding
has important implications for understanding how
clustering regularization aids link prediction. The
DEC loss (KL-divergence) forces the embedding
space to form well-separated clusters corresponding to

functional modules e.g., drugs with similar
mechanisms of action or diseases with shared
pathological pathways.

Shu et al. identified that GCNs are "sensitive to
noise" and "prone to over-smoothing, resulting in the
loss of cell-specific information" in single-cell
clustering tasks. Our results suggest that similar
challenges exist in drug-disease networks. The DEC
module addresses this by iteratively refining
assignments using the target distribution p_ij, which
emphasizes high-confidence assignments while down-
weighting uncertain ones. This sharpening effect
reduces the influence of noisy edges and spurious
associations, producing embeddings that better reflect
genuine biological relationships.

The sensitivity analysis (Table 4) shows optimal
performance at K drugs = 20, with silhouette score
0.44. This moderate silhouette score indicates that
while drugs form identifiable clusters, the boundaries
are not perfectly sharp which is biologically realistic,
as many drugs have polypharmacological effects
spanning multiple therapeutic categories. The DEC
module's soft assignment mechanism (using Student's
t-distribution) accommodates this fuzziness, allowing
drugs to belong partially to multiple clusters.

6.2 Biological Plausibility and Interpretability
Case Study Validation. The case studies on
Alzheimer's disease and breast cancer provide
external validation of our predictions. For Alzheimer's
disease, GNN-DEC correctly identified all FDA-
approved drugs (Memantine, Donepezil,
Rivastigmine, Galantamine) among the top 4
predictions. Among the novel predictions, Metformin
and Minocycline have both entered clinical trials
(NCT04098666 for Metformin; Phase II for
Minocycline as of 2024). This aligns with findings
from Zheng et al. , who demonstrated that GNN-based
methods with attention mechanisms can successfully
predict associations validated by molecular docking.
For breast cancer, the prediction of Itraconazole an
antifungal agent as a candidate is particularly
interesting. Recent studies have identified that
Itraconazole inhibits the Hedgehog signaling pathway
in triple-negative breast a mechanism
completely unrelated to its antifungal activity. GNN-
DEC captured this hidden association through the
clustering structure: Itraconazole was placed in a

cancer,

cluster with other drugs affecting cell cycle
regulation, despite its primary indication being
entirely different.

Interpretability  through  Clustering. A  key

advantage of GNN-DEC over black-box GNNs is
interpretability. The discovered clusters (visualized in
Figure 4 of the Results section) reveal meaningful
groupings. For instance, drug cluster 3 contained
NSAIDs (aspirin, ibuprofen, naproxen) and showed

strong  association with disease cluster 7
(inflammatory  conditions: rheumatoid arthritis,
osteoarthritis, Crohn's disease). Drug cluster 8§

contained antipsychotics and showed an unexpected
off-diagonal association with disease cluster 12
(metabolic disorders), suggesting  potential
repurposing opportunities for antipsychotics in
metabolic syndrome management.

This clustering-based interpretability complements
other approaches in the literature. Zhang et
al. employed SHAP-based global feature attribution
and  molecular  perturbation  analyses  for
interpretability. Our method offers a different
perspective:  instead of explaining individual
predictions, the cluster structure reveals system-level
functional relationships that can guide hypothesis
generation for entire drug classes.

6.3 Addressing the Noise and Sparsity Challenge
One of the primary motivations for this work was the
inherent noise and sparsity in biological association
data. Our results confirm that the DEC module
effectively addresses these challenges. The KL-
divergence minimization serves as a form of self-
training where high-confidence assignments guide the
refinement of lower-confidence ones. This iterative
process has a denoising effect: spurious edges that
contradict the emerging cluster structure receive lower
weights in the target distribution.

This denoising property is particularly valuable
because real-world drug-disecase databases contain
both false positives (experimental artifacts) and false
negatives (unreported associations due to publication
bias). By focusing on the cluster-level structure rather
than individual edges, GNN-DEC becomes robust to
such noise. As noted in the survey by Berry and
Cheng , "GNNs have gained traction in the complex
domain of drug discovery because of their ability to
process graph-structured data," but robustness to noise

remains an active challenge. Our approach
demonstrates one solution: explicit clustering
regularization.

The graph structure optimization concept, introduced
by Shu et al. for scRNA-seq clustering, involves
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"eliminating the impact of noise in the disturbed cell
graph." While our implementation differs (using DEC
rather than residual connections), the underlying
principle is similar: noisy or spurious connections
should not dominate the learning signal. Our ablation
study supports this: random cluster initialization
(which would produce arbitrary groupings rather than
biologically meaningful ones) resulted in worse
performance (0.919 AUC vs. 0.936), confirming that
the quality of the cluster structure matters.

6.4 Limitations

Dependence on Precomputed Similarities. GNN-
DEC requires drug-drug and disease-disease similarity
matrices as input. For novel drugs or emerging
diseases where similarity data is unavailable, our
method cannot generate predictions. This limitation is
shared by most network-based approaches. Future
work  could incorporate  molecular  graph
representations directly (e.g., using GNNs on drug
molecular structures) to circumvent this requirement.
Zhang et al. addressed this using pretrained chemical
language models (SMI-TED) to generate molecular
embeddings directly from SMILES sequences—a
promising direction for extension.

Fixed Number of Clusters. The number of clusters
K drugs and K diseases must be specified a priori.
While we determined optimal values via silhouette
score, this requires labeled data for validation. In a
truly de novo prediction scenario without known
associations, selecting K becomes challenging.
Adaptive clustering methods that automatically
determine the number of clusters based on the data
distribution would improve applicability. Recent
advances in deep clustering for biological data have
explored residual connections to address similar
challenges, which could inspire future improvements.
Computational Cost. GNN-DEC requires
approximately 30% more training time than
DDAGCN (890 vs. 680 seconds on Fdataset). While
acceptable for offline training, this may limit
applicability in scenarios requiring rapid model
retraining. However, inference remains fast (1.0 ms
per pair), making the method suitable for screening
large candidate spaces once trained.

Single-Task Framework. GNN-DEC focuses
exclusively on drug-disease association prediction. In

contrast, multi-task  frameworks like 1CAM-
Net simultaneously predict herb-component and
component-protein associations, achieving

complementary validation. Incorporating auxiliary
prediction tasks (e.g., drug-target binding affinity ,

side effect prediction) could provide additional
regularization and improve generalization.

Lack of Temporal Validation. Our evaluation uses
random holdout of known associations. However, this
does not simulate real-world drug repurposing
scenarios where the goal is to predict future
discoveries based on past data. Temporal validation
training on associations discovered before a cutoff
date and testing on more recent discoveries would
provide stronger evidence of predictive utility.

6.5 Future Directions

Integration of Multi-Omics Data. Current GNN-
DEC uses only drug chemical similarities and disease
semantic similarities. Incorporating additional data
modalities gene expression profiles, protein-protein
interaction networks, drug-target binding affinities,
and side effect profiles could further improve
performance. As noted in recent reviews, "GNNs
have the ability to integrate multiple types of data,
such as structural, genomic, and pharmacological
information." The heterogeneous graph framework
can be extended to include multiple edge types
representing different biological relationships.
Self-Supervised Pre-training. The challenge of data
sparsity could be further addressed through self-
supervised pre-training. Recent work on contrastive
learning for drug-disease prediction has shown
promise. A two-stage approach first pre-training the
GCN on a large unlabeled drug-disease network using
graph contrastive learning, then fine-tuning with the
DEC modulecould improve performance, particularly
for rare diseases with few known associations.
Dynamic Graph Adaptation. Current GNN-DEC
uses a static graph built from precomputed
similarities. However, biological networks evolve as
new associations are discovered. Developing
incremental  learning  strategies that  update
embeddings without full retraining would enhance
practical utility.

Improved Interpretability for Clinical
Translation. While our cluster visualization provides
system-level interpretability, clinicians and regulatory
agencies require prediction-specific explanations.
Integrating attention mechanisms or perturbation-
based feature attribution could provide both global
(cluster-level) and local (prediction-level)
interpretability,
applications.
Extension to Other Biomedical Prediction
Tasks. The GNN-DEC framework is generalizable
beyond  drug-disease  associations.  Potential
applications include drug-drug interaction prediction,

facilitating translation to clinical
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drug-target binding affinity prediction, and herb-
disease association prediction. The core insight
jointly learning graph embeddings and cluster
structureis applicable wherever biological entities
form functional modules and associations are sparse
and noisy.

7. CONCLUSION

In this paper, we presented GNN-DEC, a novel
computational framework that integrates Graph
Convolutional Networks with Deep Embedded
Clustering for predicting novel drug-disease
associations. The increasing cost of de novo drug
development and the growing availability of
heterogeneous  biological data  have made
computational drug repurposing an essential strategy
in modern pharmacology. Our work addresses a
critical gap in existing methods: while GNNs have
demonstrated remarkable ability to learn from graph-
structured biological networks, they often fail to
leverage the inherent modular organization of drugs
and diseases into functional groups.

Summary of Contributions. We introduced three
primary contributions. First, we developed an end-to-
end framework that jointly optimizes link prediction
and clustering objectives, enabling the model to
simultaneously learn predictive embeddings and
discover latent biological modules. Second, we
proposed a noise-robust training strategy using KL-
divergence minimization with a self-sharpening target
distribution, which iteratively refines cluster
assignments and reduces the influence of spurious or
noisy associations. Third, through extensive
experiments on two benchmark datasets (Fdataset and
Cdataset), we demonstrated that GNN-DEC achieves
state-of-the-art performance with an AUC of 0.936
and AUPR of 0.942 on Fdataset, outperforming strong
baselines including DDAGCN, KGNN, and GCN-MF
by margins of 5-8%.

Key Findings. Our experimental results yielded
several important findings. The ablation study
confirmed that the Deep Embedded Clustering
module contributes a substantial 5.9% improvement
in AUPR compared to a GNN-only baseline,
validating our central hypothesis that explicit
clustering regularization addresses the challenges of
data sparsity and noise. The sensitivity analysis
revealed optimal performance at K drugs = 20
clusters, with a silhouette score of 0.44—indicating
that while drugs form identifiable functional groups,
the soft assignment mechanism of DEC appropriately
accommodates the polypharmacological reality where
drugs may belong to multiple therapeutic categories.

The computational efficiency analysis showed that
GNN-DEC requires approximately 890 seconds for
training on Fdataset, which is 30% longer than
DDAGCN but remains acceptable for offline training,
while inference time of 1.0 ms per drug-disease pair
makes the method suitable for large-scale screening
applications.

Biological Validation. The case studies on
Alzheimer's disease and breast cancer provided
external validation of our approach. For Alzheimer's
disease, GNN-DEC correctly identified all four FDA-
approved drugs within the top predictions and
proposed novel candidates including Metformin and
Minocycline, both of which have entered clinical
trials as of 2024. For breast cancer, the prediction of
Itraconazole—an antifungal agent with recently
discovered Hedgehog pathway inhibition activity in
triple-negative  breast cancer—demonstrates the
method's ability to uncover non-obvious, cross-
indication relationships that would be difficult to
identify ~ through  traditional  similarity-based
approaches. These validation results suggest that
GNN-DEC can serve as a useful tool for generating
testable hypotheses for drug repurposing.
Interpretability = Advantage. Beyond predictive
performance, GNN-DEC offers enhanced
interpretability compared to standard black-box
GNNs. The discovered cluster structures reveal
meaningful functional groupings: NSAIDs cluster
together and associate strongly with inflammatory
disease clusters; antipsychotics show unexpected
associations with metabolic disorders, suggesting
novel repurposing directions. This clustering-based
interpretability provides system-level biological
insights  that  complement prediction-specific
explanation methods like attention mechanisms or
SHAP-based feature attribution. For pharmaceutical
researchers, understanding which drugs share
functional modules can guide rational drug design and
combination therapy strategies.

Addressing Limitations. We acknowledge several
limitations of the current study. GNN-DEC depends
on precomputed drug-drug and disease-disease
similarity matrices, which may not be available for
truly novel entities. The number of clusters must be
specified a priori, requiring validation data for optimal
selection. The computational cost, while acceptable, is
approximately 30% higher than comparable GNN
methods. Our evaluation used random holdout of
known associations rather than temporal validation,
which would more realistically simulate prospective
drug repurposing. These limitations do not invalidate
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our findings but highlight opportunities for future
methodological improvements.

Future Research Directions. The GNN-DEC
framework opens several promising avenues for
future research. Integrating multi-omics data—
including gene expression profiles, protein-protein
interaction networks, and drug-target binding
affinities—could further improve predictive accuracy
and biological fidelity. Self-supervised pre-training
using graph contrastive learning on large unlabeled
drug-disease networks could address the challenge of
data sparsity, particularly for rare diseases with few
known associations. Developing adaptive clustering
mechanisms that automatically determine the optimal
number of clusters from the data distribution would
eliminate the need for manual specification.
Extending the framework to handle dynamic graphs
that evolve over time as new associations are
discovered would enable continuous learning and
real-time  updating of  predictions.  Finally,
incorporating attention mechanisms or perturbation-
based feature attribution could provide both global
cluster-level interpretability and local prediction-
specific explanations, facilitating clinical translation
and regulatory acceptance.

Broader Impact. The ability to accurately predict
novel drug-disease associations has significant
implications for public health. Drug repurposing
offers lower development costs, shorter timelines to
clinical deployment, and established safety profiles
compared to de novo drug discovery. For rare and
neglected diseases where commercial incentives for
new drug development are limited, computational
repurposing methods like GNN-DEC can identify
promising candidates that might otherwise remain
undiscovered. Furthermore, the clustering-based
approach can reveal unexpected connections between
therapeutic categories, potentially identifying new

disease mechanisms or combination therapy
strategies.

Final Remarks.In conclusion, this  paper
demonstrates that integrating Deep Embedded

Clustering with Graph Neural Networks provides a
powerful strategy for uncovering hidden drug-disease
associations. The joint optimization of link prediction
and clustering objectives enables the model to learn
embeddings that are both predictive and structurally
meaningful, addressing the challenges of data
sparsity, noise, and lack of interpretability that limit
existing methods. As biological networks continue to
grow in scale and complexity, frameworks like GNN-
DEC that can simultaneously learn from

heterogeneous data and discover latent functional
modules will become increasingly valuable. We
believe that this work contributes a meaningful step
toward more accurate, robust, and interpretable
computational drug repurposing, and we hope it will
inspire further research at the intersection of graph
representation learning and biomedical informatics.
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