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Abstract MicroRNAs (miRNAs) are closely related to
numerous complex human diseases, therefore, exploring
miRNA-disease associations (MDAs) can help people gain a
better understanding of complex disease mechanism. An
increasing number of computational methods have been
developed to predict MDAs. However, the sparsity of the
MDAs may hinder the performance of many methods. In
addition, many methods fail to capture the nonlinear
relationships of miRNA-disease network and inadequately
leverage the features of network and neighbor nodes. In this
study, we propose a deep matrix factorization model with
variational autoencoder (DMFVAE) to predict potential MDAs.
DMFVAE first decomposes the original association matrix and
the enhanced association matrix, in which the enhanced
association matrix is enhanced by self-adjusting the nearest
neighbor method, to obtain sparse vectors and dense vectors,
respectively. Then, the variational encoder is employed to
obtain the nonlinear latent vectors of miRNA and disease for
the sparse vectors, and meanwhile, node2vec is used to obtain
the network structure embedding vectors of miRNA and
disease for the dense vectors. Finally, sample features are
acquired by combining the latent vectors and network structure
embedding vectors, and the final prediction is implemented by
convolutional neural network with channel attention. To
evaluate the performance of DMFVAE, we conduct five-fold
cross validation on the HMDD v2.0 and HMDD v3.2 datasets
and the results show that DMFVAE performs well.
Furthermore, case studies on lung neoplasms, colon neoplasms,
and esophageal neoplasms confirm the ability of DMFVAE in
identifying potential miRNAs for human diseases.
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1 Introduction

MicroRNAs (miRNAs) are endogenous noncoding RNAs with
a length of about 22—24 nucleotides [1,2], which play an
important role in regulating various biological processes and
are essential for living organisms [3]. Additionally, substantial
evidence has indicated that miRNAs are implicated in a wide
range of diseases [4,5]. For instance, it has been demonstrated
that miR-21 is involved in several vital biological processes,
including neurogenesis, differentiation and development [6].
Therefore, it is essential to predict miRNAs associated with
major human diseases for understanding the pathogenesis of
these diseases, as well as for their preventing, diagnosing and
treating.

Due to the high cost and time-consuming nature of
traditional biological experimental methods, various state-of-
the-art computational methods were proposed. Chen et al.
penned a comprehensive review of miRNAs and complex
diseases [7], which not only delves into the function of
miRNAs, miRNA-target interactions, associations between
miRNAs and diseases, but also introduce a plethora of
computational models and sheds light on several significant
public miRNA-related databases. Chen et al. scrutinized 20
state-of-the-art ~ computational models from diverse
perspectives, enumerated the crucial factors associated with
prediction, and outlined the future progression of
computational models. Subsequently, Huang et al. updated the
review in three areas [8—10]. In terms of computational
models, they introduced 29 advanced models and specifically
categorized them into model-based integration and non-
integration approaches. In addition, they analyzed the
strengths and weaknesses of each model category and
proposed future research directions from different perspectives
to improve model performance [8]. In terms of databases, they
provided a detailed introduction of different databases and the
mainstream web servers since 2017, and explained the
principles for integrating different data sources using different
methods [9]. While model performance is often illustrated by
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cross-validation and case studies, there is no universally
accepted strategy for evaluating MDA computational models.
In terms of performance evaluation of computational models,
they analyzed the results of 29 models and recommended a
feasible evaluation workflow to facilitate a fair and systematic
evaluation of prediction performance [10]. Based on the
analysis of previous computational methods, we categorize the
methods into three categories.

The first category is based on graph theory to predict
miRNA-disease associations (MDAs). Some typical models in
this category such as RWBRMDA [6], LWBRW [11], GMDA
[12]. However, the predictive performance of graph-
theoretical-based methods is heavily dependent on the
availability of known MDA information. These methods may
not perform as well when applied to new diseases or diseases
containing only a few known related miRNAs.The second
category of methods is based on matrix factorization
algorithms. For instance, the LRMCMDA method predicted
MDA by using bipartite graphs to infer negative samples and
low-rank matrix completion to obtain the final score [13].
MDHG]I, proposed by Chen et al., is different from previous
heterogeneous networks-based computing models, in which
matrix  decomposition is used before constructing
heterogeneous networks to efficiently improve the prediction
accuracy of the model [14]. Chen et al. constructed a new
MDA prediction model, NCMCMDA, by transforming
neighborhood constraint problems into optimization problems
solved using fast iterative algorithms [15]. Lu et al. presented
the PMDA method, which uses a neighborhood learning
method to reduce redundancy and uses a matrix factorization
method to predict MDAs [16]. Additionally, there are similar
methods used to predict circRNA-disease associations
(CDAs). For example, Zhang et al. proposed PCD_MVMF,
which builds reliable heterogeneous networks by combining
multiple pieces of data. The integrated heterogeneous network
is then learned using metapath2vec++ and the final prediction
is completed using matrix factorization [17]. Although
traditional matrix factorization methods achieve good results,
it is difficult to learn the underlying representations and
complex data structures.The third category is based on deep
learning models. Deep learning methods are capable to
combine low-level features with nonlinear functions to form
abstract high-level features, which enables them to discover
effective feature representations for data. For example,
CNNMDA adopted convolutional neural network (CNN) to
predict potential MDAs [18]. Li et al. inferred disease-
associated miRNAs using graph neural network-based encoder
to aggregate the neighbor information of nodes [19]. VGAE-
MDA [20] calculated the correlation score of the two
subnetworks through two variational graph autoencoders, and
combined the scores of the trained network to obtain the final
score of MDAs. DFELMDA obtained a low-dimensional
feature representation through autoencoder for each
association pair and used ensemble learning to predict MDAs
[21].

In recent years, many scholars have achieved promising
results in the field of association prediction by combining
deep learning and matrix factorization methods. For example,

Zeng et al. proposed DMFLDA, which was the first to use the
deep matrix factorization method to predict the potential
association of IncRNA-disease [22]. Similarly, Lu et al.
presented DMFCDA to predict circRNA-disease associations
using a similar approach [23]. However, they ignored the
similarity information. Furthermore, Liu et al. adopted an
unsupervised stack autoencoder method to obtain nonlinear
latent features and combined similarity information to predict
MDAs [24].

Although great efforts have been made to explore the MDA
with good performance, there are still some limitations: (i) the
MDAs data is sparse, which may negatively impact the
prediction performance; (ii) traditional matrix factorization
can only extract linear features of miRNA and disease,
however cannot capture the nonlinear relationship of the
miRNA-disease heterogeneous network; (iii) the field of deep
matrix factorization (such as DMFLDA [22], DMFCDA [23],
and SMALF [24]) does not fully reflect the characteristics of
the network and node neighbors when constructing features;
(iv) CNN cannot extract global information and does not
consider the importance of features. In addition, most existing
MDA prediction methods are trained and tested on balanced
data, such as [20,25,26]. The known MDAs are taken as
positive samples and the unknown MDAs are taken as
negative samples. To ensure a balanced dataset, an equal
number of samples from unknown set are selected as negative
samples, thus maintaining 1:1 ratio between positive and
negative samples. It is worth noting that the distribution of
these balanced data does not conform to the natural
distribution of MDA, and the natural distribution of MDA is
extremely unbalanced [27]. For unbalanced data, the number
of negative samples is extremely unequal to the number of
positive samples. While many methods achieve good
performance on these balanced data, they do not perform as
well on unbalanced data.

To address these issues, we propose a deep matrix
factorization model with a variational autoencoder
(DMFVAE) for predicting MDAs. DMFVAE extracts sparse
features and dense features through two separate ways. The
sparse vectors for each miRNA and disease are obtained by
decomposing the original association matrix. The dense
vectors are obtained by decomposing the enhanced association
matrix, which is enhanced by self-adjusting the nearest
neighbor (EASNN) method to mitigate the sparsity of the
associated data. In order to solve the problem that traditional
matrix factorization can only obtain linear features, variational
autoencoders (VAE) is used to obtain complex nonlinear
latent vectors for each miRNA and disease. Additionally,
node2vec method is employed to obtain the embedding
vectors of each miRNA and disease network structure based
on miRNA and disease dense vector. To address the drawback
of CNN in failing to extract local features, channel attention
(CA) is added between convolution and pooling layers. The
latent vector features pertaining to each miRNA and disease,
along with the embedded features of the network structure, are
fused to create combined sample features. These combined
features are then utilized for the final prediction. Through
these processes, DMFVAE can overcome the limitations of
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existing methods and provide more accurate predictions of
MDAs. Most models are currently trained and tested on the
balanced dataset of HMDD v2.0, but the unbalanced data
better reflects the natural distribution of MDAs. Therefore, we
conduct extensive experiments not only on the balanced
dataset but also on the unbalanced dataset. For unbalanced
datasets, we take all unknown MDAs as negative samples. To
demonstrate the generalization ability of our model, we also
conduct partial experiments on the larger HMDD v3.2 dataset,
which includes both balanced and unbalanced data. The
experimental results on both HMDD v2.0 (balanced and
unbalanced) and HMDD v3.2 (balanced and unbalanced)
datasets show that, compared to other baseline methods,
DMFVAE outperforms not only on the balanced dataset but
also on the unbalanced dataset. Furthermore, we implement
case studies on three common diseases, namely lung
neoplasms (LN), colon neoplasms (CN), and esophageal
neoplasms (EN), and the results demonstrated the superiority
of DMFVAE in predicting potential MDAs.

2 Results

2.1 Hyperparameter analysis

In order to determine the optimal choice of model, we analyze
some parameters. We conduct experiments to fine-tune the
parameters of the feature dimensions, as shown in Fig. 1. In
the projection layer, we select the latent vector dimension as
the best value of 128 from the options {32, 64,128,256}. In
the embedding layer, we conducted a comparative analysis of
various dimensions {16, 32, 64, 128} for the embedding
features and discovered that setting the dimension to 32 yields
optimal performance. In the prediction layer part, there are
five parameters, including the number of layers, the number of
convolutions, the size of convolution, and pooled kernel, the
value of dropout, and the number of the first fully connected
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layer. After experiments, it can be seen that the optimal
selection of these five parameters is 1, 32, 1*2, 0.5, 32. The
specific parameter selection changes are shown in
Supplementary Fig. S1.

2.2 Prediction performance

To facilitate comparison with other models, we evaluate the
performance of DMFVAE on the HMDD v2.0 (495 miRNAs,
383 diseases) balanced and unbalanced datasets using 10 times
five-fold cross-validations (5CV). In addition, to verify the
generalization ability of the model, we use the same model to
experiment on a larger dataset, namely HMDD V3.2 (788
miRNAs, 374 diseases). The specific details on how to use
5CV can be found in the Supplementary instructions. In
experiments, several metrics are used to measure the
prediction performance of DMFVAE, including accuracy
(ACC), precision, recall, Fl1-score (F1), area under the curve
(AUC) and area under the precision-recall curve (AUPR).
Correspondingly, the specific formulas can be found in
Supplementary Formula 1.

In the experiment, we obtain the feature dimension of the
final training sample as 2*160 through the parameter tuning
process, where the potential vector feature dimension of each
miRNA (disease) is 128 and the feature dimension of the
embedding vector is 32. In addition, the average of 10 times
5CV is used as the final results. The results in Table 1
demonstrate that DMFVAE performs well not only on
balanced datasets but also on unbalanced datasets in inferring
unknown MDAs predictions. In addition, the corresponding
ROC curves can be seen in Supplementary Fig. S2.

2.3 Validation of the effect of EASNN
In general, the performance on balanced datasets is usually
better than it is on unbalanced datasets. However, the results
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Table 1 The 5CV results on HMDD v2.0 balanced and unbalanced datasets, where the Std and Aver represent standard deviation and average value,
respectively
Fold AUC AUPR Fl1 ACC Precision Recall
Balanced Std 0.0012 0.0014 0.0031 0.0033 0.0057 0.0035
Aver 0.9662 0.9619 0.9102 0.9089 0.8966 0.9247
Unbalanced Std 0.0001 0.0031 0.0031 0.0001 0.0082 0.0086
Aver 0.9678 0.6556 0.6055 0.9802 0.7053 0.5313
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of our experiment have the opposite result. We hypothesize
that EASNN can mitigate the sparsity of associated data by
replacing zero values with numerical values. This, in turn,
enables the model to learn more effectively, ultimately leading
to a significant improvement in performance when dealing
with unbalanced datasets. To validate the hypothesis, we
compare the results of methods without EASNN (-noEASNN)
and using EASNN (-withEASNN) module on both balanced
and unbalanced datasets. For the balanced-noEASNN and
unbalanced-noEASNN models, the EASNN method is
removed, and the remaining steps are performed on balanced
and unbalanced datasets, respectively. For the balanced-
withEASNN and unbalanced-withEASNN models, the
EASNN method is utilized.

Table 2 shows that EASNN can effectively improve the
performance of the unablanced datasets. According to the
experimental results, it can be found that the AUC on the
balanced dataset decreases slightly after EASNN is removed,
while the AUC on the unbalanced dataset decreases more. If
EASNN is removed, the AUC value on the balanced dataset is
higher than it on the unbalanced dataset. The above series of
results confirm our hypothesis that EASNN can reduce the
sparsity of matrices by adaptively selecting neighbors.

2.4 Ablation experiments

In order to validate the significance of integrating nonlinear
latent vector features with embedding features of network
structure, we perform ablation experiments on the features.
Specifically, we set up three sets of experiments. The first set
is DMF which only uses nonlinear latent vectors. The second
set is MDF-node2vec which only uses the network structure
embedding vectors obtained by node2vec. The third set is
DMFVAE which adopts sample features, where sample

features refer to the results of concating latent vector features
and network structure embedding features. Due to the different
foci of balanced and unbalanced data evaluation performance
indicators, we measure them with different average values
(Avg) [27]. For balanced datasets, the average of the
performance evaluation metrics is calculated from AUC,
AUPR, F1 and Acc. However, in unbalanced datasets, the
average performance evaluation metric is calculated from
AUPR and F1. Moreover, in order to see the degree of
dispersion of the 5CV results, we add error bars to some
experiments to show the margin of error for each evaluation
metric.

The results are shown in Fig. 2. From the results of the
single evaluation metric and Avg, it can be seen that the
nonlinear potential vectors, generated by DMF, have more
significant impact on predicting potential MDA compared to
the embedding vectors generated by DMF-node2vec. In
addition, the combined sample features generated by
DMFVAE are better than using only one feature.

2.5 Comparison with other methods

To further demonstrate the effectiveness of the DMFVAE
method, we compare DMFVAE with ten state-of-the-art
methods, including VAEMDA [28], SMALF [24], and
ERMDA [29], GRPAMDA [30] for balanced dataset and
GBDT-LR [31], MDA-GCNFTG [27], GAEMDA [19],
NIMGSA [32] for unbalanced datasets. It must be noted here
that since some models do not provide code (or incomplete
code) and use similar methods, we choose different
comparison models in the corresponding dataset. For example,
VAEMDA, SMALF (using deep matrix factorization),
ERMDA and GRPAMDA were only experimented on
balanced datasets, and GBDT-LR, MDA-GCNFTG,

Table 2 The results of experiments comparing on HMDD v2.0 balanced and unbalanced datasets with EASNN removed and retained, respectively

AUC AUPR F1 ACC Precision Recall
Balanced-noEASNN 0.9624 0.9585 0.9045 0.9028 0.8890 0.9210
Balanced-withEASNN 0.9662 0.9619 0.9102 0.9089 0.8966 0.9247
Unbalanced-noEASNN 0.9587 0.5836 0.5032 0.9779 0.7081 0.3930
Unbalanced-withEASNN 0.9678 0.6556 0.6055 0.9802 0.7053 0.5313
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Fig.2 The comparison by using different features on HMDD v2.0 balanced and unbalanced datasets. For balanced dataset, the average value is
calculated from AUC, AUPR, F1 and Acc. For unbalanced dataset, average value is calculated from AUPR and F1. (a) The balanced dataset;

(b) the unbalanced dataset
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GAEMDA, and NIMGSA were experimented on unbalanced
datasets. For a fair comparison, the above models are all
evaluated on 5CV and trained using the same training and
testing dataset based on HMDD v2.0. Due to the small gap
between the results of some models, we add the same Avg as
the ablation experiment to measure the experimental results of
the balanced and unbalanced datasets.

Figure 3 shows the experimental results comparing
DMFVAE with the other five methods on both balanced and
unbalanced datasets. As can be seen from the results,
DMFVAE has the highest evaluation indicators. For the
unbalanced dataset, although DMFVAE has a slightly lower
F1 score than GAEMDA and a slightly lower recall than
MDA-GCNFTG, the Avg is higher than other models.
Therefore, the overall performance of DMFVAE is
significantly better than these methods. In addition, the
individual values of the evaluation indicators can be found in
the Supplementary Tables S1-S2.

2.6 Performance of DMFVAE on HMDD v3.2

To study the generalization ability of DMFVAE, we further
apply it to the HMDD v3.2 dataset. Similarly, we use 5CV to
evaluate all methods on both balanced and unbalanced
datasets. First, we plot the corresponding ROC curves.
Second, we compare it with other models. For the balanced
dataset, we select several recent studies that use the same data
for comparison, such as ABMDA [33], VGAMEF [34], and
MLRDFM [35]. However, since the previous researchers did
not conduct experiments on the HMDD v3.2 unbalanced
dataset, we reproduce VGAMF and MLRDFM for
comparison, which are only performed on the balanced
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dataset.

The results of Table 3 show that the AUC of DMFVAE in
balanced datasets and unbalanced datasets reach 0.9682 and
0.9705, respectively, achieving better results on larger
datasets. The corresponding ROC curves can be seen in the
Supplementary Fig. S3. The results of Fig. 4 show that, for the
balanced dataset, our model outperforms these models based
on various evaluation indicators. For the unbalanced dataset,
despite the precision value is lower than VGAMF, other
metrics and Avg are higher than other models. Overall, our
model is superior to other models. The specific experimental
results for balanced and unbalanced can be seen in the
Supplementary Tables S3—S4.

2.7 Case studies

To investigate the performance of DMFVAE in inferring
unknown  miRNA-disease  interactions in  practical
applications, we select three common diseases LN, CN and
EN for case studies by training a DMFVAE model to identify
unknown associations based on all known MDA data. Then,
we validate the predicted associations by referring to HMDD
v3.2, dbDEMC [36] and miR2Disease [37] databases.

Studies have shown that early-stage LN have a high cure
rate and can be screened for early-stage LN through regular
physical examinations. Many studies have shown that some
miRNAs can be used as biomarkers for LN [38]. Table 4 gives
the top 20 LN-related miRNAs that we identified. We can all
find evidence to verify them. For instance, the 6th miRNA,
‘mir-196b> is a novel distinguishing marker of
adenocarcinoma (AC) and squamous cell carcinoma (SCC)
[39]. It can improve the treatment for different categories of
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Fig.3 DMFVAE compared with other models on HMDD v2.0 balanced and unbalanced datasets. For balanced dataset, the average value is
calculated from AUC, AUPR, F1 and Acc. For unbalanced dataset, the average value is calculated from AUPR and F1. (a) The balanced dataset;

(b) the unbalanced dataset

Table 3 The 5CV results on HMDD v3.2 balanced and unbalanced datasets, where the Std and Aver represent standard deviation and average value,

respectively
Fold AUC AUPR F1 ACC Precision Recall
Balanced Std 0.0004 0.0010 0.0019 0.0022 0.0047 0.0041
Aver 0.9682 0.9639 0.9140 0.9123 0.8967 0.9322
Unbalanced Std 0.0005 0.0033 0.0038 0.0002 0.0081 0.0081
Aver 0.9705 0.6853 0.6191 0.9795 0.7142 0.5514
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Fig. 4 DMFVAE compared with other models on HMDD v3.2 balanced and unbalanced datasets. For balanced dataset, the average value is
calculated from AUC, AUPR, F1 and Acc. For unbalanced dataset, the average value is calculated from AUPR and F1. (a) The balanced dataset;

(b) the unbalanced dataset

Table 4 Top 20 candidate miRNAs associated with LN, where H3, DEMC and miR represent HMDD v3.2, dbDEMC and miR2Disease, respectively

Rank miRNA Evidence Rank miRNA Evidence

1 hsa-mir-211 H3, DEMC, miR 11 hsa-mir-20b DEMC

2 hsa-mir-130a H3, DEMC, miR 12 hsa-mir-152 H3, db

3 hsa-mir-129 H3, DEMC 13 hsa-mir-99a H3, DEMC, miR
4 hsa-mir-151a DEMC 14 hsa-mir-23b DEMC

5 hsa-mir-208a H3 15 hsa-mir-449a H3

6 hsa-mir-196b H3, DEMC 16 hsa-mir-16 H3, DEMC, miR
7 hsa-mir-378a DEMC 17 hsa-mir-106b H3, DEMC

8 hsa-mir-302¢ DEMC 18 hsa-mir-10a H3, DEMC

9 hsa-mir-370 DEMC 19 hsa-mir-195 H3, DEMC, miR
10 hsa-mir-296 DEMC 20 hsa-mir-15a H3, DEMC

non-small-cell lung cancer because overall survival with
maintenance pemetrexed for patients with non-squamous
histology is significant [40].

CN is a major cause of mortality and morbidity worldwide
even though the incidence rate is higher in people aged 40-50
years [41], which is asymptomatic in its early stages, making
it easy to miss a diagnosis. Therefore, there is a growing need
for novel sensitive biomarkers that can help improve CN
detection [42]. As shown in the Supplementary Table S5, all
the top 20 candidate miRNAs for CN are validated in HMDD
v3.2, dbDEMC, or miR2Disease. For instance, miR-21 is one
of the most frequently upregulated miRNAs in various human
tumors, and is highly up-regulated miRNA in colorectal
tumors [43]. Through this marked upregulation, circulating
miR-21 has been shown to be an effective biomarker for early
detection of colorectal carcinoma (CRC), along with a
prognostic marker for aggressive disease, as it is associated
with poor patient survival [44].

Besides, in recent years, the incidence of EN in Asia has
gradually increased [45]. Identification of EN biomarkers for
early diagnosis has important implications for the diagnosis
and treatment prospects of EN [46]. The results of
Supplementary Table S6 indicated that nineteen of all the top
twenty candidate miRNAs for EN are validated in HMDD
v3.2, dbDEMC or miR2Disease. Only one miRNA, hsa-mir-
122, has not been verified yet in these databases. However,
miR-122 has been reported to have suppressive roles by

regulating cyclin G1 negatively, reducing proliferation and
inducing apoptosis in vitro [47]. In other words, all the
predicted novel MDAs for EN are confirmed.

3 Methods

3.1 Human miRNA-disease associations

In this study, we mainly use HMDD v2.0 [48] as the
benchmark dataset and the known MDAs matrices are
downloaded directly from the HMDD database. HMDD v2.0
includes 5430 confirmed associations among 495 miRNAs
and 383 diseases. To further validate the generalization ability
of DMFVAE, we also apply our proposed method to the
HMDD v3.2 dataset [49]. Influenced by previous researches
[34,35], we use the same data HMDD v3.2, which has 8968
confirmed associations between 788 miRNAs and 374
diseases. The datasets are shown in Table 5

3.2 Disease semantic similarity

According to a previous study [50], disease semantic
similarity can be calculated from the medical subject headings
descriptors, which are available at the website of
https://www.ncbi.nlm.nih.gov. Here, we use a directed acyclic
graph (DAG) to represent the relationships among different
diseases. For a disease p, we define DAG, = (TI,,E,,), where
T, represents p itself and its ancestor nodes, and E,, represents
the corresponding edge set. In addition, in order to obtain the
semantic similarity § D(d,-,d j) of diseases d; and d;, two
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Table 5 Corresponding miRNA-disease association information summarized in the test data, where H2, H3, #P and #N represent HMDD v2.0, HMDD v3.2,

the number of positive samples and the number of negative samples, respectively

data miRNAs diseases #P #N
H2 balanced 495 383 5430 5430
H2 unbalanced 495 383 5430 184155
H3 balanced 788 374 8968 8968
H3 unbalanced 788 374 8968 285744

different ways are employed, resulting in SD1 and SD2
respectively, and then the average is taken to obtain the final
semantic similarity value. Specifically, SD1 is calculated
based on the DAG of the disease. And the larger the DAG
shared by two discases, the higher the semantic similarity
between the two diseases [51]. S D2 is calculated based on the
number of DAGs in which the disease is located, and if the
disease is present in fewer DAGs, it indicates that the disease
is more specific, leading to a higher semantic contribution
value [52]. The specific calculation formula can be found in
Supplementary Formula 2.

3.3 DMFVAE

In this study, we propose a model named DMFVAE to predict
potential MDAs. DMFVAE can be described in four steps, as
shown in Fig.5: (1) feature extraction: obtain sparse and
dense vector of miRNA and disease using matrix

decomposition, respectively, (2) projection layer: apply a
variational autoencoder to generate the latent vectors
representation of miRNA and disease, (3) embedding layer:
adopt node2vec to obtain the network structure embeddings
vector of miRNA and disease nodes, (4) prediction layer:
conduct convolutional neural networks with channel attention
to perform the final prediction. By integrating these different
steps, DMFVAE can effectively address the limitations of
existing methods and achieve accurate predictions of potential
MDA:s.

3.3.1 Feature extraction

There are two steps in this part: Firstly, the original
association matrix is decomposed to obtain its row (or
column) vector as the disease (or miRNA) sparse vector.
Secondly, EASNN method is used to obtain the enhanced
correlation matrix, then the dense vector of each miRNA (or
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Fig.5 Overview of the DMFVAE method architecture. (1) Feature extraction. The sparse and dense vector are constructed for each miRNA and
disease by matrix factorization of the original association matrix A and the enhanced association matrix A’ with the EASNN method.
(2) Projection layer. A nonlinear latent vector of each miRNA and disease is obtained by using a variational autoencoder. (3) Embedding layer.
The embedded features of miRNAs and disease network structures are acquired by extracting dense vectors using node2vec. (4) Prediction layer.
Convolution is performed on the features of the samples (where the features represent the concatenated features of the nonlinear latent vectors
and network structure embeddings for each miRNA and disease), and channel attention is used to assign different weights to each channel for

final prediction
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disease) is obtained.

Universally acknowledged, the MDAs matrix is very sparse.
For example, there are only 5430 know associations in matrix
A € R383%495 and know associations only account for about
2.86% of the total number of 189585 data samples on HMDD
v2.0. However, the lack of known information hinders the
effective enhancement of model prediction performance.
Therefore, we adopt an effective way to solve the problem
called EASNN [53]. EASNN processes the similarity matrix
SM (or SD) to identify the value that correspond to the most
similar position of each miRNA (or disease). These values are
then stored, while the remaining position are assigned to
zeroes to obtain a new miRNA matrix M (or disease matrix
D). Then the association matrix A is used to deduce a new
interaction profile, A,,y. The enhanced association matrix A’ is
obtained by taking the maximum value between A,; and A.
Thespecificformulacanbefoundinthe SupplementaryFormula3.

3.3.2 Projection layer

In this section, we employ a deep matrix factorization
approach, which uses a VAE to generate a potential vector
representation of miRNA (or disease). Unlike traditional
matrix factorization, it sends each row of vectors to a deep
learning model for training to obtain the corresponding
potential vectors. Therefore, it effectively overcomes the
limitations of traditional matrix factorization methods which
cannot capture complex nonlinear relationships.

In our deep matrix factorization model, the rows (or
columns) of the association matrix are considered as sparse
vectors for diseases (or miRNAs), and then the two sparse
vectors are fed into the VAE to obtain the nonlinear
relationship among miRNAs and diseases. The encoder of
VAE produces approximate posterior probabilities pg(z]x)
rather than a specific latent vector, whereas the decoder takes
samples from this distribution and generates reconstruction
probabilities py(x|z), where ¢, 0 represent the parameters of the
encoder and decoder, respectively. We suppose X is the
known miRNA-disease samples, X’ represents the output of
the VAE. The marginal likelihood is expressed as follows:

N
L(X,X') = Zlogpe(xi), (1)
i=1
where N is the number of known MDAs and the marginal log-

likelihood of each sample can be described as below:

log po (xi) = Dkr(qe (2| xd)lIpe (2| X))+ L(0,¢;xi),  (2)
where the first term of the equation is the K divergence of
the approximate gg(z) from the true posterior. In order to
randomly generate a sample, we introduce a reparameteri-
zation trick. By using a deterministic-transformation ¢ € [0, 1],

mean u and standard deviation o', we obtain the
reparameterization z of the VAE as follows:
z=u+0o’ Xe, 3)

The lower bound of marginal log-likelihood can be

represented as follows:

L(¢,6;x;) ~ —DkL (61¢ (z] x)lpa(z| Xi)) +log pg (x;)
= Eqyt (1080 2] %)+ log py (xi,2))
=—DkL (C]¢ (z|x:) ||P9(Z)) + Eqy (i log pe (xi | 2)

S
= D (q0 1 ¥ Ipo() + ;Mg poll2). @)

where pg(z) is the prior distribution and S is the number of
latent vector samples z. The VAE updates the parameters of
each node of the network iteratively to minimize the loss so
that it obtains the low-dimensional and high-density latent
vector features D; and MJ.T.

3.3.3 Embedding layer

Although many scholars have applied deep matrix
factorization methods to predictive association, few people
combine network nodes and neighborhood information when
constructing features in this field. Inspired by previous work,
we initially use node2vec [54] to process the dense vector to
obtain the embedding vector feature of each miRNA or
disease network structure. Node2vec improves the generation
mode of random walks, allowing the generated random walks
to reflect the two sampling characteristics of depth-first
sampling and breadth-first sampling strategies, thus improving
the effect of network embedding. The embedding features of
miRNAs and diseases network structure is obtained from the
miRNA-disease association network and its transpose
network, which are denoted as M¢ c R"%¢ and D¢ ¢ Rrdxe
respectively, where nm,nd are the number of miRNAs and
disease respectively, and e is the dimension of the embedding
feature.

3.3.4 Prediction layer

With the wide application of CNN [55] in images, more and
more researchers have applied CNN to the field of biological
information. However, CNN has limitations in extracting
global information. This is because CNN uses local features to
obtain global features without considering the importance of
features. To address this problem, we add CA [56] between
the convolutional and pooling layers to effectively extract
global information. In this part, after obtaining the features of
all samples, CNN is combined with the CA to achieve the
final prediction. It is worth noting that the sample features
referred here are the features obtained after integrating the
nonlinear latent vectors and network structure embedding
vectors of miRNAs and diseases.

In this section, we use attention on the channel to assign
weights to features. To obtain the significance of different
channels, the channel-based statistics are derived based on
global and average pooling. For C I‘.il’" is the number of channels

dm
of features, Ze R™Ci

features Xy, = [xl,xz,...,xilm], where X, € RFam<Mxcil' s
represents the number of sample features. Specifically, for the
¢ th feature matrix of new feature x., z. is calculated as
follows:

is generated by squeezing new
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Fam M

o= by (50 = s D, ) el )

i=1 j=1

©)

To accurately capture the significance of each channel, the
attention mechanism is employed to compute the attention
weights of channels as follows:

Zast = Gatten (Zam Wik") = 6 (WL (W12)), (6)

where o(-) is Sigmoid activation, {(-) is Relu activation,
Wi‘fl’” ={W,W,} is the training parameter. Finally, channel

attention can be defined as Z,; = [z?”,zg”,...,z‘gjm . After
obtaining the attention weights for different channels, we
incorporate these attention with channel features for
normalization as follows:

Xe = Pscale (Xm Zf”) = tht *Xee (7)

After the above steps, the normalized feature channel
information Xy, = [)?1,)22,...,)?C4m] are obtained and then the

remaining pooling and fully connected layers are used for final
miRNA-disease association prediction.

4 Discussion
In this study, we propose an effective and new method called
DMFVAE for predicting disease-related miRNAs. The
effectiveness of our model can be attributed to some strategies
we employed which are focused on the characteristics of the
data. Firstly, the disease-miRNA association data we
employed exhibits a high level of sparsity which is
characterized by numerous zero values. In some cases, entire
rows or columns may consist of only zero values, indicating
no association. To address this issue, we use the EASNN
method to enhance the sparse association matrix, which can
transform some zero values in the association matrix into
values between 0 and 1 based on the similarity values of
miRNA and diseases. It can effectively alleviate the sparsity
issue of association data. Consequently, even for some new
diseases or miRNAs that lack existing associations, EASNN
can provide corresponding values to effectively enhance them.

Furthermore, we construct four datasets based on HMDD
v2.0 and HMDD v3.2 databases, where the association
information is represented by a 0—1 matrix. However, the
miRNA-disease relationship is inherently complex and
nonlinear, making it challenging to represent by simple matrix
factorization. In this study, we employ the VAE method to
solve this problem. It outputs the mean and standard deviation
of the latent vector from the encoder and generates data by
random sampling from the latent space. It not only mitigates
the issue of garbage output that may be caused by random
latent vectors, but also enhances the model’s generalization
ability. The nonlinear latent vectors are obtained by re-
sampling, which allows the model to make improved
predictions, even for specific diseases or miRNAs with limited
associations in the original datasets.

Last but not least, in the association matrix we used, the
miRNAs associated with different diseases are different, and
different miRNAs have different contributions to a particular
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disease. When employing the traditional DeepWalk random
walk method, all neighbors will be assigned equal contribution
weights, which is not desirable in this case. Therefore, this
study adopts the Node2vec method, which uses second-order
random walks and controls the probability of visiting different
vertices based on different parameters p and ¢ to control
whether it is biased towards depth-first or breadth-first search.
For a specific disease, if it exhibits a greater number of
associated miRNAs, the data is denser, and it may be biased
towards a depth-first search. Conversely, if there are fewer
miRNA associated with the disease and the data is sparse,
breadth-first search is preferred to obtain more feature
information. The same principle applies to miRNAs as well.

5 Conclusion

Abnormal expression of miRNA has been widely observed in
the development of many complex human diseases.
Identifying potential MDAs can help us better understand the
pathogenesis of major human diseases and improve their
prevention, diagnosis, and treatment. In this study, we propose
a novel approach, DMFVAE, to predict MDAs. To effectively
reduce the sparsity of the associated data, the EASNN method
is used to enhance the association matrix. The VAE method is
applied to obtain the nonlinear latent vectors of miRNA and
disease. And the network structure embedding vector of
miRNA and disease are obtained by node2vec. Furthermore,
CA is employed to extract global features to address the
limitation of CNNs which are primarily capable of capturing
local features. The results of the SCV show that our model not
only achieved good results on balanced datasets, but also
outperform other methods on unbalanced datasets.
Additionally, case studies on three cancers further confirmed
the ability of our model to identify potential candidates
disease-associated miRNAs.

Although the proposed method, DMFVAE, achieves
promising results for predicting MDAs, it has some limitations
that require further investigation. Since DMFVAE only uses
miRNA functional similarity and disease semantic similarity,
we plan to incorporate more biological information, such as
miRNA sequence or target information. Besides, the similarity
information is not fully characterized, so we will extract
features from the multi-view graph representation learning
method.
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