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Abstract

The process of new drug development is complex, whereas drug-disease associa-
tion (DDA) prediction aims to identify new therapeutic uses for existing medications.
However, existing graph contrastive learning approaches typically rely on single-view
contrastive learning, which struggle to fully capture drug-disease relationships. Sub-
sequently, we introduce a novel multi-view contrastive learning framework, named
CDPMF-DDA, which enhances the model’s ability to capture drug-disease associa-
tions by incorporating diverse information representations from different views. First,
we decompose the original drug-disease association matrix into drug and disease
feature matrices, which are then used to reconstruct the drug-disease association
network, as well as the drug-drug and disease-disease similarity networks. This process
effectively reduces noise in the data, establishing a reliable foundation for the net-
works produced. Next, we generate multiple contrastive views from both the original
and generated networks. These views effectively capture hidden feature associations,
significantly enhancing the model's ability to represent complex relationships. Exten-
sive cross-validation experiments on three standard datasets show that CDPMF-DDA
achieves an average AUC of 0.9475 and an AUPR of 0.5009, outperforming existing
models. Additionally, case studies on Alzheimer’s disease and epilepsy further validate
the model’s effectiveness, demonstrating its high accuracy and robustness in drug-
disease association prediction. Based on a multi-view contrastive learning framework,
CDPMF-DDA is capable of integrating multi-source information and effectively captur-
ing complex drug-disease associations, making it a powerful tool for drug reposition-
ing and the discovery of new therapeutic strategies.

Keywords: Drug-disease association prediction, Contrastive learning, Matrix
factorization, Multiple contrastive views

Introduction

The conventional method of drug discovery is costly and laborious [1-3]. Many drug
candidates that appear promising in early trials often fail in later stages due to toxicity or
inefficacy [4]. In the period from 2015 to 2020, a total of only 245 drugs secured approval
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from the US FDA’s Center for Drug Evaluation and Research [5]. By contrast, DDA pre-
diction leverages advancements in sequencing technology to repurpose approved drugs
for new therapeutic applications beyond their original indications [6, 7]. This strategy
not only mitigates risks but also significantly reduces development costs and time [8, 9].
Consequently, DDA prediction holds substantial potential and offers numerous benefits,
making it an invaluable approach in drug discovery.

Matrix factorization methods have been extensively utilized in bioinformatics research
[10-13]. In particular, Zhang et al. described a method for matrix factorization that
includes manifold regularization, combining manifold regularization with drug feature
similarity to predict drug associations [14]. Sadeghi et al. developed NMFDR, which is
a complex drug-disease interaction network that integrates drug-disease associations
along with disease and drug similarities, predicting the scores for unidentified drug-dis-
ease pairs was made possible by an advanced non-negative matrix factorization method
[15]. Wang et al. created WNMFDDA, which uses collaborative non-negative matrix
factorization with weighted graph regularization to predict interactions pertaining to
drugs and diseases [16]. Yang et al. offered the MSBMF method, where the matrix repre-
senting drug-disease associations is divided into separate feature matrices for drugs and
diseases using multi-similarity bilinear matrix factorization, and these matrices subse-
quently help in predicting potential drug-disease associations [17]. These methods map
various object features to a low-dimensional space through matrix factorization, extract-
ing latent features from complex data to predict interactions between different entities.
Matrix factorization excels at extracting latent features from intricate data, revealing the
structural relationships within the data [18]. However, when facing high-dimensional
data or lower data quality, matrix-based methods may encounter performance issues
[19].

Graph neural networks have achieved significant progress in recent years, establishing
themselves as a robust approach for graph representation learning with applications in
social networks, chemistry, and biology [20, 21]. Within the domain of DDA prediction,
Yu et al. brought forward LAGCN, which combines known drug-disease associations and
similarities between drugs and diseases, resulting in heterogeneous networks. LAGCN
uses graph convolution operations to create embeddings, then combines these from mul-
tiple convolutional layers into a final representation via an attention mechanism [22]. Simi-
larly, Zhao et al. unveiled DDAGDL, a geometric deep learning scheme that was founded
on heterogeneous information networks (HINs). This framework forms a heterogeneous
network by integrating complex biological information, utilizes geometric prior knowledge
to comprehend smooth characteristics related to drugs and diseases, employing an atten-
tion mechanism to gather crucial neighborhood information for representation learning
[23]. Sun et al. developed an adaptive GCN to generate a k-nearest neighbor graph that
combines feature similarity and topological structure, extracting embeddings of drug and
disease features, and optimizing the embedding weights using consistency constraints and
attention mechanisms. They identified both general and specific representations of drug
and disease nodes, utilizing attention mechanisms and integration modules to adaptively
merge these representations for the final prediction of associations [24]. He et al. presented
EDEN, a framework that merges drug-disease associations into the disease information
network. By optimizing mutual information between local semantics and global structures,
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this system predicts drug-disease associations [25]. Although these methods have demon-
strated effectiveness in DDA prediction, they often face challenges related to their reliance
on incomplete information, particularly when drug-disease associations and similarity data
are incomplete or noisy, which can lead to performance degradation and limit their appli-
cability in complex biological networks. Graph-based contrastive learning, as an emerging
approach, aims to enhance the robustness and generalization ability of GNNs by generating
different views [26, 27]. However, most existing contrastive learning methods are primar-
ily based on single-view contrast, overlooking the potential of multimodal or multi-view
information [28, 29]. Therefore, these methods may struggle to fully capture semantic dif-
ferences and structural information in graphs, particularly when dealing with highly het-
erogeneous biological networks, limiting their performance.

Based on this, we propose an innovative framework named CDPMEF-DDA, which uti-
lizes probabilistic matrix factorization to construct multi-view contrastive learning, deeply
exploring potential drug-disease associations. By conducting contrastive learning across
different views, the method effectively captures the multi-layered information of drug-
disease relationships. At the same time, the probabilistic matrix factorization is employed
to reconstruct the networks, effectively filtering out noisy information and enhancing the
robustness of graph structure representation learning. The framework can be summarized
as follows: (1) We first construct the drug-disease association, drug similarity, and disease
similarity networks. (2) By introducing probabilistic matrix factorization with Gaussian
noise, these networks are reconstructed into new drug-disease association, drug similarity,
and disease similarity networks. (3) Multiple contrastive views of drug-disease, drug-drug,
and disease-disease are then constructed upon these networks to better capture potential
feature associations. (4) CDPMF-DDA incorporates only the target node neighborhood
aggregation part in the graph convolution operation, improving computational efficiency.
Furthermore, CDPMF-DDA integrates contrastive loss and binary cross-entropy to com-
pute the overall loss between view pairs, enhancing its generalization capability. We evalu-
ate the prediction performance of CDPMF-DDA against five other baseline methods across
three public datasets. In overall performance, CDPMF-DDA demonstrates superior perfor-
mance compared to the other methods, as indicated by the experimental results.

Methods

Methods overview

The structure of CDPMEF-DDA is demonstrated in Fig. 1 and is primarily divided into three
steps: (1) Using probabilistic matrix factorization, reconstruct networks of drug similarity,
disease similarity, and drug-disease associations. (2) Generate comparative views for the
drug-disease association network, drug similarity network, and disease similarity network.
(3) Utilize the unified model to train and optimize these comparative views.

Model architecture

Probabilistic matrix factorization

Given n drugs R = {rl,rz,rg, .. .,r,,} and m diseases D = {dl,dz,dg, .. .,dm}, we pre-
sent the known drug-disease associations using a binary matrix ¥ € R™”.The ele-
ments in the matrix ¥j; € {0, 1} indicate the association of a given drug r; with a disease
d;. In cases where experimental evidence confirms the association between drug r; and
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Fig. 1 The general architecture of COPMF-DDA. (1) Matrix factorization module (2) Contrastive learning
module (3) Optimization module

disease dj, Y;; = 1; otherwise, Y;; = 0. Matrix factorization techniques typically project
the drug-disease association matrix into latent feature matrices for drugs and diseases
and reconstruct the drug-disease association matrix through their product. Let the drug
latent feature matrix be expressed as W € R**” and the disease latent feature matrix be
H e R¥", Then, the reconstructed drug-disease association matrix is ¥ = W7 H. Here,
our objective is to find W and H to accurately reconstruct the drug-disease association
matrix. From a probabilistic perspective, the conditional distribution of the drug-disease

. . . * .
interaction matrix Y € R™* ™ is:

P(Y|\X/,H,02) = ﬁﬁ [/\/ (YL»,'IWI'TH;,GZ)} " (1)

i=1j=1

where N (Xlu,az) represents the Gaussian normal distribution’s probability density
function, and /j; is an indicator function. When the drug r; and the disease d; are linked,
I;j = 1; otherwise, I;; = 0. Formula (1) serves as the generative model for the latent fea-
ture matrices of drug and disease. To further refine this model, we incorporate a zero-
mean spherical Gaussian prior into the feature vectors of both drug and disease, as
illustrated below:

P(Wioh) = ﬁN(Wilo,a‘%ﬂ) )
i=1
p(t10) = [TV (#510.021) ®
j=1

where I is a k-dimensional unit diagonal matrix. By taking the logarithm of the pos-
terior distribution of drug and disease characteristics and transforming it while keep-
ing the hyperparameters unchanged, the maximization problem can be converted into

Page 4 of 18
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a minimization problem. This minimization procedure involves the objective function

that sum of squared errors, combined with a quadratic regularization term:

1 n m 2 Sy n S m
min =331 (Y - WTH) + 5D I Wl 50T I H I (@)

P =1 =1 i=1 j=1
where || - ||f refers to the Frobenius norm. Considering both drug and disease similarity

constraints, we minimize the following loss function to ultimately learn W and H:

N M N M
.1 LY — wlH, 2w W, || O H; |2 %1 T
min =% ° > LYy = WIH) )+ S5 Wl D H E A | WW
Wil; i=1 j=1 i=1 j=1

8
=Sl +5 I HHT =87
(5)

among these, S” and S7 are the matrices representing drug similarity and disease simi-
larity, respectively. To achieve minimization of this loss function, we apply the gradient
descent method, updating W and H according to the following rule:

HYToIT) +2u3WS”

YW (W) 0 17) + /0 W + 20 W (WTW)

W(YToI") +2usWws?

H < H
D, W((WTH) ©1) + puoH + 2uaH (HTH)

(7)

among them, / is a binary matrix indicating the positions of non-zero elements in the
drug-disease association matrix Y. Concurrently, i1, (2, 3, and 4 are crucial hyperpa-
rameters that regulate model complexity and the impact of similarity measures. These
update rules will be applied iteratively until a predefined number of iterations is reached.
The final W and H matrices represent the latent feature matrices of the drug and disease
that we aim to find. Subsequently, the iterated drug latent feature matrix W and disease
latent feature matrix H are multiplied by their transposes to reconstruct the drug simi-

larity matrix S’ and disease similarity matrix 5%
wiw =8, H H =§" (8)

Eventually, we adopt the reconstructed drug-disease association matrix Y, the
drug similarity matrix S’, and the disease similarity matrix §% to construct the
drug-disease similarity network G, the drug similarity network G', and the disease
similarity network G”. These networks integrate the relationships and similarities
pertaining to drugs and diseases, providing a solid foundation for further analysis
and prediction. A more profound analysis of these networks will help us to better
understand the complexities inherent in drugs and diseases. This method effectively
captures the complex associations linking drugs and diseases and reveals their inter-
nal similarity structures, providing new perspectives and a scientific basis for DDA
prediction and disease treatment.

Page 5 of 18
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Multi-view contrastive learning

The GCN method aggregates the neighboring node information for each node in each
layer, then updates its representation and uses it as the input for the next layer. Based
on the research of Xia et al. [30], a two-layer GCN is used to aggregate the information
from neighboring nodes for each node in this study. The first layer’s aggregation process
proceeds as follows:

2 = 2(pE®), 2 = 2(p(y)E) ©)

where zflr )and zj(ld) denote the first-layer embeddings of drugs r; and diseases dj, () rep-

resents the identity activation function. p() signifies the edge removal in the drug-dis-
ease association matrix Y to alleviate the overfitting problem. The sum of the
aggregations over all layers forms the final representation of each node:

70" =32,z = 52" (10)

where Zl.(r) and Zj(d) represent the aggregated embeddings of drugs r; and diseases d;
across all layers, respectively. Similarly, at each layer, we propagate messages on the
reconstructed drug-disease association graph G, and the specific expression is:

& =2(p(TE?), & = 2(p(V)E",) (11)

here, gi(lr) and gj(ld) represent the first-level embedding of drugs r; and diseases d; on the

reconstructed G, respectively. In a similar way, the final embeddings of drugs and dis-
eases in the G are:

In the end, the drug and disease representations are fused for optimal predictions in

the following manner:

Q= mxZ" + 1 - 2)G” (13)

Qu = ioxZf® + (1 = i)G" (14)

where Q, and Q, represent the final embeddings of drug r; and disease dj, respectively.
/1 and Ay are hyperparameters that regulate the importance of the embeddings from the
two views. Hence, the final prediction score for disease d; associated with drug r; is:

Xij = Qr Qa4 (15)

To obtain a deeper insight into the sophisticated associations relevant to drugs and
diseases, we systematically analyzed the original drug similarity network G” and its
reconstructed network G’ through matrix factorization, as well as the disease similar-
ity network G? and its reconstructed network G* using the same graph contrastive
learning method. Initially, we process these networks using the k-nearest neighbor
algorithm. Specifically, for each drug node, we identify the top k drug nodes with the
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highest similarity in G" and G . The same method applies to the similarity analysis of
disease nodes in G and G”. After extracting these key nodes, we utilize the afore-
mentioned message propagation rules to further extract features and learn from this
information.

In summary, the multi-view contrastive learning method effectively identifies and
compares changes and stability within the network, uncovering key informational
markers and potential therapeutic targets. The k-nearest neighbor algorithm captures
direct neighbor relationships of drug or disease nodes, reflecting broader relational
patterns through the network’s topology. Meanwhile, node representations in the
graph convolutional layer are updated by aggregating neighboring information, cap-
turing local connection patterns and dynamic changes. By integrating these strategies,
our framework extracts deep features from static data and captures dynamic network
changes, enabling more accurate and comprehensive predictions of drug-disease
associations. These insights enhance our understanding of drug-disease interactions,
providing a robust foundation for novel drug discovery and therapeutic strategies.

Optimization

We denote the final embeddings of the row vectors in the drug similarity network G”,
the disease similarity network G%, and the drug-disease association network G as Z(".
The final embeddings of the column vectors are denoted as Z(©). G and G(©) indicate
the final embeddings of row and column vectors in the reconstructed drug similarity
network G, the reconstructed disease similarity network @d, and the reconstructed
drug-disease association network G.

CDPME-DDA uses consistent optimization scheme to calculate the overall loss
across the three contrastive views. Contrastive learning aims to align node embed-
dings across contrasting views. We consider perspectives of the same node as positive
examples, whereas perspectives of different nodes are considered negative exam-
ples. Positive samples are derived from known high-confidence interaction pairs,
while negative samples are generated by randomly sampling pairs that have not been
verified as interactions, with careful consideration to avoid inadvertently introduc-
ing potential positive samples during the sampling process. This sampling strategy
ensures the validity and rationale of the positive-to-negative sample comparison,
maintaining a robust and reliable dataset for further analysis. Therefore, we apply the
InfoNCE contrastive loss to enhance the alignment of positive pairs while reducing
the influence of negative pairs, thereby obtaining the contrastive loss of row embed-
dings in the three contrastive views:

Lyow = Z —log P (S (Zi(r)G;r))/T>

rieRow 2_rieRow €XP (S (Zt( i G,»( r)) / T)

(16)

where s() stands for the cosine similarity function, T denotes the temperature coefficient.
In a similar manner, we have the ability to obtain the contrastive loss of the column
embeddings:
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exp (S (Z/.(C) G;C)) /r)

lcol = Z _log (17)
cjeCol chGCol exp (S (Zj(C) G;C)) /f)
The final total contrastive loss is:
lep = B1* bow + B2 * Loy (18)

where f1 and B, are hyperparameters. In an effort to strengthen the model’s generaliza-
tion ability, we incorporate binary cross-entropy loss to optimize our model jointly:

1
lpee = v o X Z logxrl,,cj + Z (1 — logx,l.,cj) (19)
(ij)eort (i) €65

For the drug-disease comparative view, let (i,j) represent a drug-disease pair, 6,©
represents the collection of all known drug-disease association pairs, while 6,, denotes
the collection of unknown drug-disease association pairs. In the drug comparative
view, (i, j) indicates a drug pair, 6, signifies the entirety of known drug association
pairs, with 6,, comprises those drug association pairs that remain unknown; in the
disease comparative view, the letters have the same meaning as above. The number of
association pairs in the sets 0, and 6, are represented by ’0,"5‘ and ’9,;

, respectively,
is the balance factor, and its value is the ratio of ‘6‘;: ‘ to ’9; ‘ The overall optimization
method is as follows:

L=nx*ly+lpe (20)

where 1 act as a hyperparameter used to balance the two loss values.

Experimental

Datasets

To assess the performance of CDPMF-DDA, we utilize three distinct datasets: Fdata-
set, Cdataset, and LRSSL [31]. As per Gottlieb et al. Fdataset is broadly considered
the gold standard dataset for drug-disease associations [32]. Fdataset contains 593
drugs sourced from DrugBank [33], 313 diseases gathered from OMIM ([34], and 1933
verified drug-disease associations. Cdataset includes 663 drugs from DrugBank, 409
diseases from OMIM, and 2532 drug-disease association [35]. LRSSL consists of 3051
drug-disease associations, involving 763 drug from DrugBank and 681 diseases cata-
loged in MeSH [36].

Evaluation metrics

To thoroughly assess the performance of CDPMF-DDA, we employ a tenfold cross-
validation, repeated 10 times, with the average result serving as the final outcome. In
this process, known drug-disease pairs serve as positive samples, whereas unknown
pairs are considered negative samples. The model’s performance is assessed utilizing
standard bioinformatics evaluation metrics, including AUROC and AUPR.
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Baseline methods
For the intent of evaluating our model’s performance, we conduct comparisons between
CDPMEF-DDA and a set of five state-of-the-art association prediction methods:

LBMFF [37]: This method combines literature information and feature fusion for the
prediction of drug-disease associations. LBMFF constructs drug similarity and disease
similarity matrices building on multiple features from public databases and PubMed
sources. Next, an attention-based GCN is utilized to extract structural characteristics
from the combined similarity matrix along with the existing drug-disease associations.

SCMFDD [38]: This similarity-constrained matrix factorization approach predicts
drug-disease associations by transforming their relationships into two reduced-rank
spaces, incorporating drug feature similarities and disease semantic similarities to con-
strain them.

SCPMF [39]: This similarity-constrained probabilistic matrix factorization model
function on the adjacency matrix of a complex drug-disease network, integrating drug-
virus interactions, chemical structures, and viral genomic data. It maps the drug-virus
interaction matrix into a pair of latent feature matrices, one corresponding to drugs and
the other to viruses, and integrates a weighted similarity interaction matrix to constrain
both.

MNGACDA [40]: This approach predicts circRNA-drug sensitivity by leveraging a
multimodal network with a graph encoder and an attention mechanism. It constructs
integrated networks for circRNA similarity, drug similarity, and circRNA-drug sensitiv-
ity. By embedding an attention layer at the node level into a deep graph neural network,
the method extracts intrinsic node information. These representations of circRNA and
drugs are then used in an internal decoder to predict sensitivity associations.

MKGCN [41]: By using GCN, this method extracts multi-layer features from a hetero-
geneous network comprising microorganisms and drugs. It calculates the kernel matrix
at every layer and merges the various kernel matrices by employing a weighted aver-
age technique. These kernels are integrated within the microorganism and drug space by
employing the dual Laplace regularized least squares approach to deduce new associa-
tions between microorganisms and drugs.

Parameters SETTING

CDPME-DDA utilizes a two-layer of GCN for iteration processing. The configuration
includes a learning rate of 0.001, an embedding size of 64, and a batch size of 5120. In
the Fdataset and Cdataset, the number of epochs for the CDPMF-DDA model is set to
200, while for the LRSSL dataset, it is set to 128. The hyperparameters of LBMFF, SCM-
FDD, SCPME, MNGACDA, and MKJCN are all set to their original optimum values.

Results and discussions

Performance of CDPMF-DDA in 10 times of tenfold cross-validation

In assessing CDPMF-DDAs effectiveness, we apply tenfold cross-validation, repeated ten
times, to three public datasets and evaluate the performance against baseline methods.
In these comparisons, all baseline models are configured using the optimal parameter
settings reported in the literature to ensure consistency in the optimization conditions.
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Table 1 The results of 10 times of tenfold cross-validation

Datasets LBMFF SCPMFDD SCPMF MKGCN MNGACDA CDPMF-DDA

AUROCs

Fdataset  0.7953+0.035 0.7740+0.001 0.8957+0.001 0.8870+0.001 0.8179+0.005 0.9477+0.003
Cdataset  0.9069+0.001  0.7937+0.001 0.9117+0.002 0.9109+0.001 0.8406+0.005 0.9548+0.005
LRSSL 0.9139+0.002 0.7668+0.001 0.8977+0.001 0.8596+0.001 0.7936+0.002 0.9401+0.005
Avg 0.8720 0.7782 0.9017 0.8858 0.8173 0.9475

AUPRs

Fdataset  0.0266+0.012  0.0056+0.000 0.3451+0.006 0.4471+0.001 0.2494+0.001 0.5540+0.005
Cdataset  02176+0.006  0.0055+0.000 04140+0.004 0.5647+0.001 0.3396+0.001 0.5967 +0.005
LRSSL 0.1740+0.005 0.0038+0.000 0.2710+0.002  0.3518+0.001 0.1799+0.001 0.3520+0.005
Avg 0.1394 0.00498 0.3433 0.4545 0.2563 0.5009

a+b indicates that a fluctuates within the range of b. bold values represent the second-best results across the three
datasets

Results in Table 1 show that CDPMF-DDA outperforms all comparative models within
the datasets, with average AUROC and AUPR of 0.9475 and 0.5009, respectively, sur-
passing the second-best by 5.082% and 9.999%. Figures 2 and 3 show the correspond-
ing ROC and PR curves. These results demonstrate that COPMF-DDA provides notable
improvements in accuracy and consistency for DDA prediction.

To evaluate CDPMF-DDA’s performance comprehensively, we employ the same
metric, Recall@k, as used by Zeng et al. [42], to further analyze CDPMF-DDA’s
capacity to identify positive samples. Recall@k is defined as the fraction of positive
samples in the top K predictions out of the total number of positive samples within
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Table 2 AUROC and AUPR of CDPMF-DDA and variants with tenfold cross validation

Variants Fdataset

AUROC AUPR
CDPMF-DDA -noMF 0.8420 04932
CDPMF-DDA -noCL 0.9453 0.5477
CDPMF-DDA 0.9477 0.5540

the dataset. During this analysis, all models are optimized using the same evalua-
tion criteria and hyperparameter tuning strategies to guarantee fairness and consist-
ency across the experiments. As indicated in Fig. 4, for the top 6,000 predictions on
Fdataset, Cdataset, and LRSSL, the Recall@k value of CDPMF-DDA surpasses that of
other models. This advantage is attributed to CDPMF-DDA’s effective utilization of
the probabilistic matrix factorization technique, which thoroughly explores potential
drug-disease associations, thereby enhancing the identification of positive samples.

Ablation analysis
To verify the effectiveness of contrastive learning with matrix factorization, we com-
pare two variants. The model variants are summarized as follows:

CDPMF-DDA-noMF: This variant uses random edge culling to generate contrastive
views.

CDPMF-DDA-noCL: In this variant, contrastive learning between views is disabled.

Table 2 illustrates the performance comparison between CDPMF-DDA and vari-
ants across the Fdataset compared to CDPMF-DDA, CDPMF-DDA-noMF has a nota-
bly reduced performance, indicating that probabilistic matrix factorization plays a
crucial role in improving the model’s final performance. By using matrix factoriza-
tion, the model is able to more accurately capture the latent information of the nodes
while reducing noise interference, which enhances the expressiveness of the embed-
ding representations. Additionally, the performance of CDPMF-DDA is superior to
that of CDPMF-DDA-noCL, demonstrating the effectiveness of incorporating con-
trastive learning into representation learning between nodes. Contrastive learning
enhances semantic consistency across different views. This helps the model to extract
node features from multiple perspectives, improving understanding of the underlying
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distribution and enhancing the generalization and robustness of node representa-

tions, boosting overall model performance.

Case studies

The practical utility of CDPMEF-DDA is validated through case studies on two diseases,
Alzheimer’s disease and Epilepsy. For predicting candidate drugs for these diseases,
CDPME-DDA is trained using all known drug-disease pairs in the Fdataset, with unob-
served pairs considered as candidate sets. Following the prediction, the probabilities
are ranked from highest to lowest, and the top ten drugs for each disease are selected
for subsequent investigation Authoritative data sources such as DrugBank [33], Drug-
Central [43], CTD, and ClinicalTrials.gov are used to validate the accuracy of CDPME-
DDA’s prediction results.

Alzheimer’s disease ranks as the predominant progressive neurocognitive condition
in senior citizens and is a type of neurodegenerative disorder [44]. Table 3 lists the 10
drugs predicted by CDPMF-DDA to potentially treat Alzheimer’s disease. CDPMF-DDA
predicts Memantine as the top potential drug for the treatment of Alzheimer’s disease.
Memantine is an excitatory amino acid receptor antagonist used to treat Alzheimer’s
disease [45], and this prediction is confirmed by ClinicalTrials.gov, CTD, alongside
DrugCentral. Vitamin E, known for its antioxidant and neuroprotective effects, helps
reduce inflammation and lower cholesterol levels, which are essential for maintaining
brain health [46]. CDPMF-DDA’s prediction of Vitamin E’s relevance to Alzheimer’s
disease is supported by ClinicalTrials.gov and CTD. Additionally, the candidate drugs
Rivastigmine and Pramipexole predicted by CDPMF-DDA are also validated by Clini-
calTrials.gov and CTD, as well as DrugCentral. In summary, among the top 10 candidate
drugs, 8 (achieving an 80% success ratio) are validated through reliable public datasets
and clinical evidence.

Epilepsy is a brain disorder characterized by long-term recurrent seizures, occurring
when brain cells malfunction and send electrical signals uncontrollably. We analyze the
leading ten drug options predicted by CDPMF-DDA as possible treatments for Epilepsy.
According to Table 4, 9 out of the 10 candidates (90% success rate) are proven effective
with reliable evidence. CDPMF-DDA identifies Gabapentin as an effective treatment for

Epilepsy, a discovery confirmed by data available from sources including DrugCentral

Table 3 The top ten potential drugs for Alzheimer’s disease

Rank DrugBank IDs Candidate drugs Evidences

1 DB01043 Memantine ClinicalTrials.gov,CTD,DrugCentral
2 DB00163 Vitamin E ClinicalTrials.gov,CTD

3 DB01356 Lithium cation Unconfirmed

4 DB00989 Rivastigmine ClinicalTrials.gov, DrugCentral
5 DB00915 Amantadine CTD

6 DB00413 Pramipexole ClinicalTrials.gov, DrugCentral
7 DB00382 Tacrine DrugCentral

8 DB00822 Disulfiram ClinicalTrials.gov

9 DB00763 Methimazole Unconfirmed

1

0 DB00674 Galantamine DB, DrugCentral
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Table 4 The top ten potential drug candidates for Epilepsy

Rank DrugBank IDs Candidate drugs Evidences

1 DB00996 Gabapentin DB,DrugCentral,ClinicalTrials.gov,CTD
2 DB00794 Primidone DB,DrugCentral,CTD

3 DB00909 Zonisamide DB,DrugCentral, ClinicalTrials.gov,CTD
4 DB01202 Levetiracetam DB,DrugCentral,

5 DB00898 Ethanol ClinicalTrials.gov,CTD

6 DB01378 Magnesium cation CTD

7 DB01019 Bethanechol Unconfirmed

8 DB00515 Cisplatin CTD

9 DB00653 Magnesium sulfate ClinicalTrials.gov,CTD

10 DB00160 Alanine CTD

Table 5 Molecular binding energies (kcal/mol) of the top 10 Alzheimer’s disease candidate drugs

Drug Docking Energy(kcal/mol)

1QJH 2R0Z 3K90 4FWU 5N62
Memantine —-54 -57 —-52 -58 —-56
Vitamin E -59 -57 -54 -62 -57
Lithium cation -38 —-48 —-48 -54 —-438
Rivastigmine -50 -57 -50 —-6.2 —-63
Amantadine —45 —-54 —4.7 -50 —51
Pramipexole -50 -53 —48 =51 —-57
Tacrine —-58 —-6.6 —-58 -6.6 -70
Disulfiram -38 —4.1 —-34 —-44 -39
Methimazole —34 -32 -35 -35 -3.7
Galantamine -6.1 -6.5 -6.2 -6.7 -63

and pertinent academic articles. Ethanol is used for therapeutic neurolysis of nerves or
ganglia to relieve intractable chronic pain in conditions such as tics. CDPMF-DDA pre-
dicts that Ethanol could be used to treat Epilepsy, and this assertion is corroborated by
information from ClinicalTrials.gov and CTD. Magnesium cation, an important cation,
can also be used to treat epilepsy, as confirmed by relevant literature from CTD. Addi-
tionally, CDPME-DDA predicts that Primidone and Levetiracetam might be promising
candidates for treating Epilepsy, as validated by DB and DrugCentral. These findings
underscore the robustness and reliability of CDPMF-DDA in identifying effective drug
candidates for Epilepsy, demonstrating its potential utility in medical research and clini-
cal practice.

Additionally, we conduct molecular docking experiments using Alzheimer’s disease
as an example. We select five target proteins associated with Alzheimer’s disease and
use AutoDock Vina [47] to evaluate the molecular interaction energy among the top 10
drugs forecasted by CDPMF-DDA in Fdataset and these five target proteins. The specific
results are displayed in Table 5. The molecular affinity energies of the untested candi-
date drug lithium cation with the Alzheimer’s disease target proteins, identified by the
codes 1QJH, 2R0Z, 3K90, 4FWU, and N62, are -3.8, -4.8, -4.8, -5.4, and -4.8 kcal/mol,
respectively. Although lithium cation has not yet been confirmed as tied to Alzheimer’s
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disease, it is prescribed to treat bipolar disorder and various other mental health dis-
orders. Hampel et al. suggested that it may have therapeutic potential for Alzheimer’s
disease [48]. The experimental results indicate that lithium cation may serve a potential
role in the therapy for Alzheimer’s disease, but further verification and research are still
needed.

Subsequently, we employ DS software to visualize the molecular docking results of
Methimazole and Abeta (PDB code: 2R0Z). As illustrated in Fig. 5, the small molecules
interact through van der Waals forces with particular amino acid residues exemplified by
VAL132, SER176, SER161, SER168, PHE166, LEU177, THR176, LEU169, LEU141, and
ASN160. Additionally, several common intermolecular interactions are noticed, such as
the typical hydrogen bond interaction between hydrogen atoms and THR177. There are
also hydrophobic interactions, including carbon-hydrogen bond interactions between
hydrogen atoms and LEU159 and SER175. According to the visualization results, the
drugs predicted by CDPMF-DDA as potential treatments for Alzheimer’s disease could
provide worthwhile references for medical research.

Based on drug similarity, we select the top 10 drug similarity pairs from the drug simi-
larity matrix of Fdataset and obtain 15 drug similarity sets. With CDPMF-DDA, we pre-
dict the top 30 potential therapeutic diseases for each drug, which allows us to build
the corresponding drug-disease network. We divide these 15 clear community structure
drugs into 6 communities and performed a visual analysis using the modularization
function of Gephi software. The experimental results show that these 15 drugs exhibit a
clear community structure, reflecting the clustering trend of drugs in terms of similarity
and interaction. As shown in Fig. 6, Gonadorelin, Sermorelin, Cyclosporine, and Leu-
prolide are in the same cluster, all acting on the central nervous system. Among them,
Gonadorelin and Leuprolide are gonadotropin-releasing hormone analogs that stimulate
the anterior pituitary to secrete LH and FSH. Similarly, Sermorelin treats children with
growth hormone deficiency or growth disorders by promoting the release of growth
hormone from the pituitary. Cyclosporine, which acts as a calcineurin inhibitor, can pre-
vent rejection in organ transplants and treat a range of inflammatory and autoimmune

LEU
SN 4
(760 LL159 H:141
LE
VAL SER H:169
4 THR
&F LS H:176
H H H
o 0]
SER H
L:176 (]
THR
Glel kB G177
LEU
H:177
PHE
H:166
Interactions
[] van der Vaals [] carbon Hydrogen Bond
[ Conventional Hydrogen Bond [Jilj Unfavorable Donor-Donor

Fig. 5 Molecular docking outcomes in both 3D and 2D for Methimazole (DrugBank ID: DB00763) with Abeta
(PDB code: 2R07)
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Fig. 6 The drug-disease network predicted from Fdataset. This network links 15 selected drugs (depicted
by large circles) with 450 potential therapeutic diseases (represented by small circles) as predicted by
CDPMF-DDA. The potential therapeutic diseases for each drug are ranked in accordance with the prediction
probabilities from CDPMF-DDA, and the connections between drugs and diseases are weighted and
emphasized accordingly

diseases by providing significant immunosuppressive effects on T cells. Additionally,
Cyanocobalamin, Vincristine, and Octreotide are widely used in anticancer treatment,
with Vincristine and Octreotide primarily used to treat tumors. Vincristine may cause
bone marrow suppression, increasing the need for vitamin B12, while Octreotide may
reduce the patient’s vitamin B12 levels. Cyanocobalamin can correct vitamin B12 defi-
ciency. Pyridoxal phosphate and Pyridoxine, both vitamins, can be used to treat vitamin
B6 deficiency. Drug combinations can improve therapeutic effects, reduce drug toxicity
and side effects, and have a significant impact on the treatment of various complex dis-
eases [49, 50].

In summary, CDPMF-DDA can effectively identify associations between drugs and
uncover shared characteristics among them, thereby providing a reliable foundation for
predicting potential treatments for new diseases.

Conclusion

In this study, we introduce CDPMF-DDA, an innovative multi-view contrastive learn-
ing framework for drug-disease association prediction. The framework aims to com-
prehensively explore the latent feature relationships between drug-disease, drug-drug,
and disease-disease interactions by integrating multi-view feature representations.
This approach effectively captures complex network structures and association pat-
terns across multiple dimensions of information. By employing probabilistic matrix
factorization, CDPMF-DDA extracts hidden features across various networks, enhanc-
ing the understanding of drug-disease associations. Additionally, we design a multi-
view contrastive learning mechanism that encompasses drug-disease, drug-drug, and
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disease-disease networks. This mechanism strengthens the model’s ability to learn
rich features representations and capture key structural information. Extensive experi-
ments on three publicly available datasets demonstrate that CDPMF-DDA outper-
forms five state-of-the-art models. Specifically, in 10 times of tenfold cross-validation,
CDPMEF-DDA achieves an average AUC of 0.9475 and AUPR of 0.5009, surpassing all
comparison methods. Furthermore, CDPMF-DDA excels Recall@k for the top-k item
predictions, further validating its outstanding capability in capturing critical drug-dis-
ease relationships.

CDPME-DDA also shows promise in drug-target prediction and gene-disease asso-
ciation analysis. Future research will focus on optimizing matrix factorization to more
effectively preserve key information from the original data and exploring adaptive multi-
modal data fusion strategies to improve performance.
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