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ABSTRACT

Despite enormous achievements in production of high throughput datasets, constructing comprehensive maps of interactions

remains a major challenge. The lack of sufficient experimental evidence on interactions is more significant for heterogeneous

molecular types. Hence, developing strategies to predict inter-omics connections is essential to construct holistic maps of

disease. Here, Data Integration with Deep Learning (DIDL), a novel nonlinear deep learning method is proposed to predict

inter-omics interactions. It consists of an encoder that automatically extracts features for biomolecules according to existing in-

teractions, and a decoder that predicts novel interactions. The applicability of DIDL is assessed with different networks namely

drug-target protein, transcription factor-DNA element, and miRNA-mRNA. Also, the validity of novel predictions is assessed

by literature surveys. Furthermore, DIDL outperformed state-of-the-art methods. Area under the curve, and area under the

precision-recall curve for all three networks were more than 0.85 and 0.83, respectively. DIDL has several advantages like

automatic feature extraction from raw data, end-to-end training, and robustness to sparsity. In addition, tensor decomposition

structure, predictions solely based on existing interactions and biochemical data independence makes DIDL applicable for a

variety of biological networks. DIDL paves the way to understand the underlying mechanisms of complex disorders through

constructing integrative networks.

Introduction

The recent emergence of high throughput technologies has allowed the generation of previously unbelievable amounts of big
biological data. The speed of data generation has surpassed data analysis, providing biomedical scientists with tremendous
datasets of a size that they have not been encountering before. Hence, big data analysis is a major challenge in modern biology.
Although a variety of methods for omics data analysis have been developed in recent years, inter-omics data integration
remains a major challenge. Indeed, it is now commonly believed that the description of biomedical phenomena cannot be
reduced to alterations of a single type of biomolecules. Indeed, it is pivotal to consider not only the interactions between one
layer of omics data but also complex inter-layer communications to identify the flow of biological information and generate
a through holistic view of the underlying events. Such investigations have rarely been done due to the lack of appropriate
computational techniques.

A number of methods have been developed for omics data integration in order to predict inter-omics interactions. Some
of these methods rely on correlation of gene expressions1, 2. However, it is limited to certain layers and some others such as
genomics and epigenomics data cannot be incorporated. Network embedding, also known as network representation learning,
has been recently proposed as a method to embed network nodes into a low-dimensional vector space named latent features, by
capturing topological properties of networks and other side information. In another word, this method calculates the similarity
between pairwise nodes to find a low-dimensional manifold structure hidden in the high-dimensional data3, 4. One of the
methods developed for interaction prediction based on network embedding is matrix factorization in which latent features
are detected from network topology5. The Data Fusion by Matrix Factorization (DFMF)6 is a method to predict direct and
indirect interactions between heterogeneous nodes. However, these methods are not able to extract highly non-linear patterns
from data. A more recent interaction prediction method, node2vec, learns low-dimensional representations for nodes of the
network by maximizing the probability of the occurrence of subsequent nodes in random walks over a network. This method
was applied for homogeneous7 and heterogeneous interaction prediction8.

Deep learning is a kind of machine learning technique that automatically extracts high level features from the raw data
of very large, heterogeneous, high-dimensional data sets. Hence, the deep learning methods could be assumed a good fit
in considering the complexity of big data in biology9–11. The advantage of deep learning has been exploited in network



embedding to find complex structural features and learn deep, highly nonlinear node representations4. The idea of combining
matrix factorization and deep learning is known as deep matrix factorization. This method extracts representations with two
deep neural networks (DNN) and calculates similarity of representations through a cosin function as a decoder that is not
trainable. The deep matrix factorization is used for recommender systems and has been shown to be superior to traditional
matrix factorization12. This strategy has recently been used in the prediction of Drug-Target interactions13. Taken together,
most present studies are focused on only one type of biological network and need specific biochemical features or cannot
handle big and sparse data of all types of heterogeneous multi-layer networks.

Tensor decomposition is a powerful tool for a variety of heterogeneous, sparse, and big data of multi-layer networks14.
Here, due to the advantage of deep learning and tensor decomposition, it is attempted to develop the application of deep
learning in big biological data integration through employing tensor decomposition by an end-to-end strategy in order to
be applicable in multi-layer networks without lying on a specific biochemical feature. In this paper, Data Integration with
Deep Learning (DIDL) method, is proposed for inter-omics interaction prediction. At first, a network embedding method
that is based on deep learning and tensor decomposition techniques is applied. This method consists of an encoder with
two DNNs, that extracts representation for biological entities and considers heterogeneity, and a tensor factorization decoder,
that predicts the probability of interactions. Then, to demonstrate the applicability of this method, it is evaluated with three
different biological data sets, drug-target protein, transcription factor (TF)-DNA element, and miRNA-mRNA. Overall, this
study shows, for the first time, the ability to model multi-omics networks for interaction prediction and consider heterogeneity
of biomolecules in different omics layers.

Method

Interactions between heterogeneous biomolecules are based on biological principles, for instance, a miRNA targets a group
of genes which are functionally related15, 16 and a TF regulates a bundle of genes which incorporate a specific sequence in
their sequence upstream17. Hence, the probability of interaction between two given nodes in two different network layers can
be estimated based on known interactions between each of these two nodes with other elements in the opposite layer. Indeed,
unknown interactions can be predicted by employing network topology characteristics instead of biochemical features. In this
regard, DIDL can be known as a homolog of recommender systems or completion matrix task.

Consider a two-layer network in which two omics layers are connected by inter-omics interactions between heterogeneous
biomolecules. If the number of first and second omics layer biomolecules are n1 and n2 respectively, the structure of network
is represented by an adjacency matrix R12 of shape n1 ×n2 as follows:

R12(i, j) =

{

1 if there is interaction between ith node of the first and jth node of the second omics layer

0 otherwise
(1)

where 1 ≤ i ≤ n1, 1 ≤ j ≤ n2 and R12(i, j) = 0 corresponds to non-interaction or unknown interaction which means the
existence of interaction has not been investigated yet. Although both of non-interactions and unknown interactions are zero
in R12, they are different. The DIDL method uses the information of inter-omics interactions to predict new interactions.
Remarkably, it is not necessary to know homogeneous interactions in a specific omics layer.

This method has two main components (figure 1):

• An encoder: two DNNs operating on adjacency matrix and producing latent features for biomolecules of first and second
omics layers

• A decoder: a tensor factorization model using these latent features to predict the probability of interactions.

The DIDL method seeks to find the best latent features for representing each biomolecule according to existing interactions.
The following are the details of the network structure and model training.

Encoder of DIDL

The first part of method is encoder, which extracts the best latent feature for representing each biomolecule. For a given
biomolecule, its latent feature capture information of all associated kinds of interactions. Two DNNs are proposed as an
encoder that extracted high level features from adjacency matrix R12 for inter-omics interaction prediction. As biomolecules
of first and second omics layers are heterogeneous and different from each other, one DNN is used for biomolecules of first
omics layer and another DNN is used for biomolecules of second omics layer. To extract feature vectors of first omics layer
biomolecules, DNN for first layer, DNN1, takes as input rows of R12, which are n2 × 1 vectors, and produces k × 1 latent
feature vectors of first omics layer biomolecules. As well to extract feature vectors of second omics layer biomolecules and
considering heterogeneity of nodes, DNN for the second layer, DNN2, takes as input columns of R12, which are n1×1 vectors,
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Figure 1. Overview of DIDL method framework. On the left, rows and columns of R12 are feed to an encoder which consists
of two DNNs. The outputs of the encoder are latent features of the biomolecules. Finally, these latent features are transformed
into a tensor factorization decoder and its output indicates the probability of interaction between heterogeneous biomolecules.

and produces k× 1 feature vectors of second layer nodes. These features have less dimension in comparison with rows and
columns of R12, therefore k < n1,n2.

For the investigation of the interaction between ith biomolecule of the first omics layer and jth biomolecule of the second
omics layer, pair (ith, jth), their latent feature vectors are calculated. The latent feature vector of ith biomolecule of the first
omics layer and the latent feature vector of jth biomolecule of the second omics layer are represented by Ui and Vj, respectively.
To find Ui, ith row of R12 which consist of inter-omics interactions of ith biomolecule of the first layer with biomolecules of
the second omics layer is fed to DNN1 and the output is Ui. As well to find Vj, jth column of R12 which consist of inter-omics
interactions of jth biomolecules of second omics layer with biomolecules of the first omics layer is fed to DNN2 and the output
is Vj. So, the outputs of these DNNs take the following form:

Ui = fDNN1(R12(i, :)) (2)

Vj = fDNN2(R12(:, j))

where fDNN1 , fDNN2 , R12(i, :) and R12(:, j) are total function of DNN1, total function of DNN2, ith row of R12 and jth column
of R12, respectively. Notably, the heterogeneity of biomolecules are considered by designing a separate DNN for each kind
omics layer.

Decoder of DIDL

After calculating feature vectors by the encoder, decoder applies these feature vectors to investigate existence of interactions.
The decoder objective is to calculate the probability of interacting heterogeneous biomolecules. Therefore, the decoder utilizes
latent feature vectors Ui and Vj to assign a score that represents how likely it is that there is interaction between ith biomolecules
of the first omics layer and jth biomolecules of second omics layer.

For this purpose, a decoder based on tensor factorization18 is suggested. This decoder applies latent feature vectors Ui and
Vj and predict score for interaction existence through an operation based on tensor factorization like this:

Score(i, j) =UT
i DVj (3)

that Score(i, j) is the score of interaction existence between pair (ith, jth) and D is a trainable parameter matrix of shape
k× k that models interactions between heterogeneous biomolecules according to the latent feature vectors. As probability of
interaction is between 0 and 1, a sigmoid function is applied on score(i, j) to calculate probability of interactions (equation 4).

R̂12(i, j) = sigmoid(Score(i, j)) =
1

1+ e−UT
i DV j

(4)

where R̂12(i, j) is the probability of interaction between pair (ith, jth). Next, it is described how to train neural network weights
and biases of the model in order to predict interactions.
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Model training and optimizing

The encoder maps all biomolecules to latent feature vectors. Then, the decoder predicts probability of interactions. The
encoder trains network structure in order to find the best feature vectors that could be used for inter-omics interaction pre-
diction. In order to this aim, actuality R12(i, j) and prediction R̂12(i, j) are compared to calculate error and try to decrease it.
Thus, DNNs of encoder and tensor factorization decoder are trained by optimizing encoder parameters and matrix D using the
cross-entropy loss, which takes the following form:

loss =
1
m

∑
(i, j)∈train set

R12(i, j) log R̂12(i, j)+(1−R12(i, j)) log(1− R̂12(i, j)) (5)

that forces the model to obtain high probability for interactions (positive samples) and low probability to non-interactions
(negative samples) and m is the number of samples. As encoder and decoder parameters are trained simultaneously, the DIDL
become an end-to-end trainable model for inter-omics interaction prediction.

For the multi-layer network, there is an interactions list which consist of triples like (biomolecule in first omics layer,
biomolecule in second omics layer, kind of interaction between biomolecules). The kind of interaction is one (positive sample),
if there is interaction between the pair of biomolecules and the kind of interaction is zero (negative sample), if there is non-
interaction between the pair of biomolecules. The train set in equation 5, must be included triples with positive and negative
interactions. The adjacency matrix R12 includes information of the interactions between heterogeneous biomolecules, but does
not include non-interacting biomolecules. Indeed, R(i, j) = 0, it indicates two stat that there is no interaction or the interaction
is not yet discovered. This ambiguity is a challenge in deep learning methods which relies on both positive and negative
interactions for training steps. In order to solve this challenge, we have applied negative sampling. It means that some pairs
of biomolecules, which we are actually unaware of the interaction existence are chosen as negative examples19.

According to equation 5, the DIDL considers the first-order proximity that means local pairwise proximity between two
connected biomolecules4 in biological networks. In addition, heterogeneous biomolecules which have high second-order
proximity, share many common neighbors4, i.e. the rows or columns of the adjacency matrix are similar to each other.
Because these rows or columns are the DNNs inputs, biomolecules with high second-order proximity have similar encoder
inputs. Consequently, latent features of biomolecules with high second-order proximity become similar. Therefore, the DIDL
capture first-order and second-order proximity simultaneously to preserve the biological network structure.

Experimental setup

The DIDL method is implemented based on Tensorflow. The encoder is pairs of 4-layer neural network architectures with the
Relu activation functions and two 64 and 32 hidden units in the first and second hidden layers, respectively. The latent feature
vector dimension, k is 20 for all three data sets and the batch size are 32, 32, and 1024 for the miRNA-mRNA data set, the
Drug-Target data set, and the TF-DNA data set, respectively. The model parameters are randomly initialized with a Gaussian
distribution with zero mean and a standard deviation of 0.01. To optimize the model, the Adam optimizer20 is utilized with
a learning rate of 0.0001. In order to improve the generalization of the model for the prediction of unobserved inter-omics
interactions the drop out and L2 normalization are implemented and set to 0.5 and 0.08, respectively.

The performance of the DIDL is evaluated against the node2vec method. The node2vec learns the embeddings of the
nodes in networks by applying the Skip-gram model to node sequences generated by a biased random walk. The window size,
walk length, walks per vertex and dimensions have been set 10, 40, 10, and 25, respectively.

Results

The tremendous generation of omics data provides a unique opportunity to construct holistic maps for complex disorders.
However, the construction of integrative networks is limited due to the lack of sufficient data about the interactions between
heterogeneous biological entities. The emergence of machine learning methods allows to approach this problem. In this study,
we have developed DIDL, which is a deep learning-based method for big biological data integration. This method consists of
an encoder, that extracts representation for biomolecules, and a decoder, that predicts the probability of interactions. These
representation vectors are extracted according to existing interactions and negative samples which are chosen randomly. To
assess the performance of this method, it has been applied for three different heterogeneous biological datasets: drug-target
protein, TF-DNA element, and miRNA-mRNA.

Drug-Target

Drug repositioning or repurposing is a promising approach in drug discovery. In recent years, a few strategies have been
developed for drug repurposing. There are some disadvantages with the available methods such as demanding a considerable
amount of biological information to be retrieved from literature or existing databases21. To show the capability of our model
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Figure 2. Evaluation of DIDL using 10 fold cross-validation and comparison with node2vec for Drug-Target prediction.
(a): Results are evaluated in AUC, AUPRC, Precision, Recall, Accuracy, Specificity, negative predictive value (NPV), and F1
measures and also compared with node2vec. The * indicates P value<0.05. (b): Roc curves and (c) PRC curves for DIDL and
node2vec.

for drug repositioning, we employed the DIDL method to predict new links between drugs and proteins. Small-molecule Drug-
Target interactions known Drug-Target interactions were extracted from DrugBank database22. This data set consists of 1507
drugs, 1642 target proteins, and 6439 interactions. To evaluate the application of the DIDL method for drug target prediction,
a 10-fold cross-validation was performed and different indices including area under receiver operating characteristic curve
(AUC), area under precision-recall curve (AUPRC), precision, recall and accuracy measures, which are described previously23,
are obtained for DIDL method. The performance of the DIDL was further assessed using comparison with node2vec7 which
is a method based on topology to predict interactions. The performance of DIDL was significantly better than node2vec as
revealed by T-test analysis (P value<0.05, figure 2).

TF-DNA

Transcriptional regulation of gene expression is a result of the interactions of TFs to specific DNA sequence elements named
transcription factor binding sites (TFBSs) which is a critical step to control cell behaviors. However, the current knowledge
about these interactions is preliminary. Current algorithms use data derived from chromatin immunoprecipitation (ChIP)
followed by microarray (ChIP-chip) or sequencing (ChIP-Seq) techniques or apply a combination of in-silico sequence motif
detection and experimental data for prediction of TF-TFBSs interactions. However, their performances are limited due to
insufficient data24. To assess the performance of the DIDL on the link prediction between TFs and TFBSs, known human
TF-TFBSs experimental data were extracted from the Enrichr database using ChEA 201625. This dataset consists of 175 TFs,
35116 genes, and 407245 interactions. This data on known TF-DNA interactions was exploited by DIDL to predict novel
interactions. A 10-fold cross-validation scheme is used for this dataset and performance indices are measured. Furthermore,
the node2vec is also applied for this dataset and the AUC, AUPRC, precision, recall and accuracy measures of the node2vec
for this data set are obtained. Notably, DIDL outperformed node2vec according to all indices and revealed by T-test analysis
(P value<0.05, figure 3).

miRNA-mRNA
The complexity of the RNA world has been increasingly appreciated in recent decades. miRNA is a key regulator of a
variety of cellular processes and identification or prediction of its interaction with mRNA is yet a main challenge. Despite
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Figure 3. Evaluation of DIDL using 10 fold cross-validation and comparison with node2vec for TF-DNA prediction. (a):
Results are evaluated in AUC, AUPRC, Precision, Recall, Accuracy, Specificity, NPV, and F1 measures and also compared
with node2vec. The * indicates P value<0.05. (b): Roc curves and (c) PRC curves for DIDL and node2vec.

huge efforts, current tools still have suboptimal performance and even the best available algorithms have low accuracy and
sensitivity24, 26. In order to assess the performance of DIDL in miRNA target prediction, the experimentally validated human
miRNA-mRNA interactions were retrieved from miRTarBase 7.0 and 6488 interactions with strong evidence for 704 miRNAs
and 2524 mRNAs were chosen. Next, DIDL was employed to predict further interactions which revealed to have a good
performance as all measures are equal to or greater than 0.8. Remarkably, the DIDL method also outperforms node2vec as
revealed by T-test analysis (P value < 0.05, figure 4).

In addition, this method is compared with some state-of-the-art methods. The miRAW dataset has been harvested from
Pla et al study11 to compare DIDL with TargetScan (conserved)27, miRAW (7-2:10 AE)11 and DIANA microT28. This dataset
consists of 449 miRNA, 6318 mRNA, 33142 positive samples, and 32248 negative samples. In this dataset, non-functional
interactions have been assumed as negative samples. The comparison of the DIDL method with the existing algorithms
indicates that the presented method has improved performance over other state-of-the-art target prediction methods (Figure 5).
The measures of TargetScan, miRAW and DIANA microT for miRAW data set are harvested from Pla et al study11.

To further assess our method, we have performed a literature-based evaluation of novel predicted interactions. The model
makes a prediction for every heterogeneous pair of miRNA and mRNA. Then, miRNA-mRNA interactions were ranked based
on probability of interaction. Interestingly, seven out of the ten top interactions have recently been confirmed in experimental
investigations which are not yet incorporated in miRTarBase (Table 1). These validation strategies underscore the applicability
of DIDL for miRNA target prediction.

Impact of network sparsity

Big biomedical data are often high-dimensional but sparse39. As the presented method is based on adjacency matrix of the
biological networks, sparsity of the adjacency matrix is potentially an important factor in modeling performance. Hence, to
assess the robustness of the method performance to network sparsity, 10% of the interactions were held out as the test set
and then the sparsity of the remaining network was gradually increased by random removal of a portion of the remaining
interactions in the train set. As expected by increasing network sparsity, the performance of the model decreases. However,
by removing until around 50% of interactions, the model performance is robustly acceptable, especially for miRNA-mRNA
and Drug-Target data sets (figure 6).
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Figure 4. Evaluation of DIDL using 10 fold cross-validation and comparison with node2vec for miRNA-mRNA prediction.
(a): Results are evaluated in AUC, AUPRC, Precision, Recall, Accuracy, Specificity, NPV, and F1 measures and also compared
with node2vec. The * indicates P value<0.05. (b): Roc curves and (c) PRC curves for DIDL and node2vec.

Discussion

In order to achieve holistic views towards the complex mechanisms of physiological or pathological phenomena, it is impera-
tive to construct multi-layer networks that consider the interactions of heterogeneous biomolecules. This study was aimed at
developing a highly nonlinear mathematical data integration method based on deep learning for interaction prediction between
any two layers of biological networks through considering known interactions. The encoder and decoder are simultaneously
trained according to rows and columns of adjacent matrix of network interactions. The DIDL functionality was assessed for
interaction prediction in Drug-Target, TF-DNA, and miRNA-mRNA networks and compared with alternative methods. Also,
the validity of predictions was assessed by literature surveys.

An advantage of DIDL is that it is trained solely with known network interactions without any reliance on biological
features of the nodes. This makes it easily applicable for a variety of biological networks especially in cases that sufficient
knowledge on biological properties of interacting molecules or the mechanisms of interactions is not available. For instance,
it is not yet comprehensively understood that how miRNAs select their mRNA targets. This makes the output of available
prediction algorithms divergent as they are developed based on different assumptions40. Contrary, DIDL does not depend on
such biological assumptions and operates on the basis of already experimentally known miRNA-mRNA interactions to predict
further interactions. This method revealed to outperform even the best available prediction algorithms such as TargetScan,
miRAW, and DIANA microT.

Large scale investigations on interactions between biomolecules including proteins have just recently begun and a majority
of interactions are possibly yet undiscovered. Hence, considering the dependency of DIDL to recognized interactions, we were
interested to know how robust this method is to network sparsity. We observed that DIDL has an acceptable function after
removal of a considerable fraction of known interactions in train sets. This suggests that even in the current situation where
intra- and inter-layer connections are not completely understood, DIDL can reliably be exploited.

Another advantage of the proposed method is that the process of feature selection and network representation is automatic.
Although the logic of the method for predicting new interactions is the previous interactions, the tendency of interaction
between neighboring nodes can vary depending on the network type. For example, in PPI network, the probability of inter-
action between two proteins sharing many common neighbors is actually low41. On the contrary, in Gene-Disease network,
genes causing the same or similar diseases tend to interact with one another in the PPI network42. Therefore, manual feature
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Figure 5. Comparison of predictive performance of the DIDL and miRNA target prediction methods. The measures of
TargetScan, miRAW and DIANA microT for miRAW data set are harvested from Pla et al study11.

Rank miRNA mRNA Probability Evidence
1 hsa-miR-15b-5p ZEB1 0.9974 29

2 hsa-miR-34c-5p EZH2 0.9973 30

3 hsa-miR-15b-5p EZH2 0.9973 31

4 hsa-miR-34c-5p ZEB1 0.9973 32

5 hsa-miR-34c-5p TGFBR2 0.9972 *hsa-miR-34a, 34b33

6 hsa-miR-30c-5p EZH2 0.9972 *hsa-miR-30d34

7 hsa-miR-15b-5p RUNX2 0.9972 35

8 hsa-miR-15b-5p TGFBR2 0.9971 36

9 hsa-miR-183-5p SIRT1 0.9971 37

10 hsa-miR-34c-5p FOXO1 0.9971 *hsa-mirR-34a, 34b38

Table 1. Novel miRNA target predictions with the highest probability scores by the DIDL. For each prediction, k is its rank
in the ranked list of all predictions and literature evidence supporting the existence of the predicted interaction. The Pairs
which are marked by * show that there is an interaction with other miRNA family member.

extraction is not a good choice especially when the network behavior is not known.
The DIDL is a novel auto encoder architecture that is capable of learning a joint representation of both first-order proximity

and second-order proximity. This architecture is efficiently trained end-to-end in a single learning stage to simultaneously
perform node representation and link prediction. Therefore, the decoder and encoder parameters jointly get optimized. Recent
research indicates that with end-to-end learning, modeling graph-structured data can be considerably enhanced43, 44. This can
at least partly describe the superiority of DIDL performance compared to node2vec.

Taken together, we have here proposed DIDL, a novel method based on deep learning for omics data integration. It can
be applied to construct multi-layer networks and generate comprehensive maps of the underlying mechanisms of complex
disorders.
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