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Abstract
Background

In drug discovery, drug-target interaction (DTI) plays a crucial role. Identifying DTI in a wet-lab experiment
is time-consuming, labor-intensive, and costly. Using reliable computational methods to predict DTI
mitigates the enormous costs and time of drug discovery. Deep learning-based methods for predicting
DTI have recently gained more attention.

Results

In this paper, a new multimodal approach to DTI is proposed. It is shown that a discriminative feature
representation of the drug-target pair plays the main role in multimodal DTI prediction. To achieve this
goal, we propose a new multimodal approach that utilizes triplet loss jointly with the prediction loss. The
proposed approach is abbreviately called TripletMultiDTI. The proposed approach has two main
contributions: a new architecture that fuses the multimodal knowledge to predict interaction a�nity
labels and a new loss function that utilizes the triplet loss. Triplet loss encourages clustering of feature
space such that similar drug-target pairs have the same feature space and dissimilar drug-target pairs
have different feature space.

Conclusions

As a result of our experiments, we were able to improve prediction performance. To this end, the proposed
approach is evaluated on a well-known dataset and compared with state-of-the-art multimodal
approaches. According to the obtained results, we can perform better than comparable approaches. 

Introduction
Drug-target interaction (DTI) in drug discovery and development plays a crucial role [1-4]. Also, DTI is
helpful for the exploration of potential new therapeutic effects of existing drugs and understanding their
side effects [5-7]. In DTI, a drug activates or inhibits a biological process [8, 9]. Numerous FDA-approved
drugs exist, and drugs within the late stage of clinical trials have not identi�ed potential targets [10].
Despite the persisting efforts made by the researchers, the experimental identi�cation of DTIs on a large
scale is still costly and time-consuming [11, 12]. Hence, arti�cial intelligence and computational-based
approaches were extensively utilized in drug discovery, especially in DTI prediction [11, 13].  

Recent advances in deep learning techniques [9, 14] have led to the development of models with higher
predictive abilities in various drug discovery settings [15]. Also, deep learning in handling multimodal data
has emerged as a strong model [16]. The concept of "Modality" refers to a speci�c mechanism of
encoding information [17]. In DTI, drug-related and target-related data come in various modalities, making
it necessary to analyze them using an appropriate model [18]. Compared to classic machine learning,
where all data comes from a single modality [19], deep-learning-based multimodal learning combines the
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existing information across several modalities, which has many advantages [16, 20]. Integrating data
from heterogeneous information sources in DTI prediction has contributed to performance
improvement [21]. 

Recently, multimodal learning has been applied in related research areas in drug discovery. A method
based on multimodal deep autoencoders (MDA) has been proposed by Wang et al. [6] to predict drug-
target interactions based on a combination of various topological similarity measures. They showed
great improvement in DTI predictive performance. Hooshmand et al. [20] introduced an unsupervised
stochastic neural network approach based on multimodal learning named MM-RBM, which identi�es
drug clusters through information obtained from the chemical structure of small molecules and
differentially expressed genes as two diverse modalities. Deng et al. [22] proposed a multimodal deep
neural network framework for predicting drug-drug interactions (DDIs), combining various drug features
to predict DDI-associated events. Based on the results of the model, it was determined that combining the
features results in a signi�cant improvement over using them individually.

Monteiro et al. [4] proposed an approach to the prediction of drug-target binding a�nity (DTBA), which
uses self-attention layers to capture the biological and chemical contexts of drugs and targets. They also
have used cross-attention layers to exchange information and capture the pharmacological contexts of
DTIs. Tanoori et al. [23] proposed a method that simultaneously uses �ve protein-protein similarity
measures and �ve drug-drug similarity measures to predict the binding a�nity value of a drug-protein
interaction. The proposed method uses a k-nearest neighbor algorithm to identify k drug-protein pairs that
are most similar to the input interaction, using each pair of drug-drug and protein-protein similarity
measures.  Mahdaddi et al. [24] proposed a CNN-AbiLSTM model that combines a CNN with attention-
based biLSTM to predict drug-target binding a�nity. In addition, building a powerful hybrid CNN-
AbiLSTM model can be highly complicated and requires careful selection of the hyperparameters. 

Zhou et al. [10] proposed a multimodal DTI prediction model based on a joint learning framework that
uses heterogeneous networks. By combining the interaction or association information of the
heterogeneous network with the drug/target sequence information, it maps the drugs, targets, side
effects, and diseases in the heterogeneous network into a common space. In their study [25], Zhang et al.
proposed a method that captures molecular structure data for the prediction of DTI using deep learning.
They have used a transformer network integrating multilayer graph information; the approach captures
the molecular features of a drug's structure to study the interactions between molecules. The WkNNIR
method is proposed by Liu et al. [22]. It is based on Weighted k-Nearest Neighbor with Interaction
Recovery (WkNNIR). WkNNIR can not only estimate interactions of new drugs and/or targets without
retraining but can also recover missed interactions (false negatives). In addition, WkNNIR exploits local
imbalance to enhance the in�uence of more reliable similarities on the interaction recovery and prediction
processes. To improve performance, they have proposed a series of ensemble methods that employ
various sampling strategies that can be paired with WkNNIR or any other DTI prediction method.
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The main step in DTI is to learn a discriminative representation for each drug-target pair. This paper aims
to learn a multimodal approach that maximizes the gap between the distribution of samples with
different class labels. In order to achieve this, we have designed a new approach that optimizes
prediction and triplet loss. In triplet loss, for each input sample (called anchor sample), we should select a
sample that has the same label as the anchor sample (called positive sample) and a sample that has a
different class label from the anchor sample (called negative sample). Then, we learn a representation for
the input sample such that its representation is similar to the positive sample and completely dissimilar
from the negative sample. In triplet loss, the way of determining negative samples is important. In this
paper, semi-hard negative samples are used. The main contributions of the proposed approaches are as
follows:

The model's input is the drug-drug network, protein-protein network, drug molecule, and target protein
sequence. 

Drug-drug and protein-protein networks are fed into two node2vec models to provide a representation
for drug and target based on the structure of connection in the network. 

The Triplet loss function is used as an auxiliary loss to learn a better representation.

To be consistent with the literature, throughout this paper, we refer target-target network as the protein-
protein network. This paper is organized as follows. At �rst, the problem formulation is given, and the
proposed approach is explained in detail. Then experiments are demonstrated, and the results are
analyzed. Finally, the discussion is given.

Methods
The proposed approach is explained in this section. The problem formulation is given �rst, then each step
is explained in detail.

Problem Formulation

Given { c ( i ) , p ( i ) , a ( i ) }
N
i=1 where c ( i )  is theithSMILES format of drug, p ( i )  is the ithprotein

sequence and a ( i )  denotes the corresponding a�nity value. Our approach uses the protein-protein
interaction (PPI) and drug-drug interaction (DDI) networks as auxiliary knowledge. The main goal is to
design a model which takes drug, protein, DDI network, and PPI network as input and then predicts the
a�nity value of the input drug pair as output.

In our approach, to learn a better model, we could encourage the model to produce the same feature
space for similar drug-protein pairs and different feature space for dissimilar drug-protein pairs. In this
paper, to consider this issue, we have utilized triplet loss which encourages clustering of feature space
and similarity between samples. The overall schematic of the proposed approach is given in Fig. 1. In the
following, more details of the proposed approach are given.

( )
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Node2Vec
This paper uses the DDI and PPI networks as auxiliary knowledge. To describe this knowledge, Node2vec
is utilized. Node2vec provides a framework to learn a representation for each node from highly structured
objects like the graph. In other words, it gets a graph as input and then maps each node of a graph to an
embedding space such that the representation re�ects the local structure of the node with its
neighborhood.

In the proposed approach, the PPI network is shown as a graph in which each node is a protein, and the
edge between two proteins exists if there is an interaction between corresponding proteins. This network
shown by GPP is fed into the Node2vec as input. Nod2vec learns a feature representation for each
protein based on its network neighborhood. The output of Node2vec for the PPI network is shown by 

OG
P ∈ Rnp × dp where np shows the number of unique proteins in the dataset and dp shows the

dimension of feature representation of each protein. A similar computation is done for the DDI network.
The DDI network shown by GCC is fed into the Node2vec as input. The output of Node2vec for the DDI

network is shown by OG
C ∈ Rnc × dc where nc shows the number of unique drugs in the dataset and dc

shows the dimension of feature representation of each drug.

Feature Descriptor
This section explains the feature descriptor networks for drug and protein sequences. We use 1D CNN
architecture as a feature descriptor for both drug and protein sequences. The detailed architecture of the
network is given in Fig. 1. CNN includes convolutional layers and pooling layers. 1D convolutional layer
takes 1D sequence as input and then learns multiple �lters (i.e., patterns, features) through one direction
of the input (common horizontal stride). Pooling layer down-sample its input by reducing the resolution of
the feature map, which leads to enlarging the receptive �eld. Assume that a protein sequence is shown by
p into the 1D CNN. The output of CNN for input protein sequence is shown by oI

p ∈ R1× dp where dp
shows the dimension of feature representation of each protein. Similarly, the output of feature descriptor

(i.e., 1D CNN) for input drug molecule is shown by oI
c ∈ R1× dc where dc shows the dimension of feature

representation of each drug.

The �nal feature descriptor for the input protein sequence is obtained by concatenating oI
p and OG

P(p):

op = cocate(oI
p, OG

P(p))

1

The �nal feature descriptor for the input drug sequence is obtained in a similar way by concatenating oI
c

and OG
C(c):

oc = cocate(oI
c, OG

C(c))
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2

Finally, the feature descriptor of the paired drug and protein is computed as follows:

odp , dc
= cocate(op, oc)

3

Triplet Loss Function
The training step in this study incorporates both similar and dissimilar drug-target pairs. It causes the
model to learn better feature space representation with margin maximizations. In the training step, one
similar pair and one dissimilar pair are retrieved for each drug-protein pair. Therefore, three pairs are fed
into the method: an anchor pair (input pair), a positive pair (similar pair), and a negative pair (dissimilar
pair). In this case, the triplet loss is also considered in addition to the main loss function (prediction loss
error).

The triplet loss is de�ned as follows:

Ltriplet = ∑max(dist oda , ta
, Fdp , tp

− dist oda , ta
, Fdn , tn

+ margin, 0)

4

where (da, ta), (dp, tp) and (dn, tn) denote the anchor pair, the negative pair, and the positive pair,
respectively. Also, dist(. , . ) indicates a distance function which is de�ned as l2 function.

Triplet loss encourages the anchor and positive sample representations to be similar together while the
anchor and negative sample representations to be away from each other. The overall schematic of the
triplet loss function is in Fig. 2. In the triplet loss, there is a margin which enforces different points at a
distance greater than the margin do not contribute to the loss function. In the triplet loss function, the way
of selecting negative samples is important. In our approach, the semi-hard negative sample technique is
utilized. In this case, for each input pair, the following computation is done between each input pair and
all other pairs in the batch:

dist oda , ta
, odp , tp

− dist oda , ta
, odn , tn

− margin

5

Then, the k top ones with maximum value are chosen as negative samples, and k triplet inputs are
provided. Positive samples are selected randomly based on their labels. It should be noted that triplet loss
optimization is done in the training step hence utilizing the label of samples is unrestricted.

( ) ( )

( ) ( )
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The prediction loss for the classi�cation task is a categorical cross-entropy. The �nal descriptor of the
paired input is fed into the prediction network shown by Npred to produce the �nal label of the input
sample. The prediction network is a multilayer perceptron that maps the input feature into interaction
class labels. The prediction loss is de�ned as follows:

L1 = ∑
k

Npred odi , pi k
log ak

i

6

At �rst, the proposed network is optimized using the task prediction function (i.e., categorical cross-
entropy loss), and then it is tuned using the triplet loss function and task prediction loss. Iteratively, the
process is repeated until convergence is achieved.

Experiments
In this section, the experimental results are given. The proposed approach is evaluated using the dataset
provided by Wang et al. [25]. Their data have gathered six heterogeneous networks, including drug-drug
interaction network, protein-protein interaction network, drug-protein interaction network, drug-disease
association network, protein-disease association network, and drug side-effect association network. Drug-
drug and protein-protein interaction networks are extracted from Drugbank Version 3.0 [26] and HPRD
database Release 9 [27]. These networks include 708 unique drug nodes and 1512 unique protein nodes.
Drug-drug and protein-protein interaction networks include 10036 and 7363 edges. Drug-target interaction
network is extracted from Drugbank Version 3.0 [26] with 1923 edges. The drug-disease and protein-
disease association networks are extracted from [28] with 199214 and 1596745 edges, respectively. The
drug-side effect association network is also extracted from [29] with 80164 edges. All of these networks
only provide binary edge weights.

In this paper, to evaluate the model, we have used a wide variety of performance measures, including
accuracy, precision, recall, F1 score, the area under the receiver operating characteristic curve (AUC), and
the area under the precision-recall curve (AUPRC). Since the applied dataset is imbalanced, utilizing
measures like F1 score and AUPRC is essential. The imbalanced ratio of the dataset is high, and hence
we need to use a technique to learn a more reliable model with more generalization ability. To handle this
issue, similar to Wan et al.[30], the positive samples are oversampled ten times, and the negative samples
are under-sampled by randomly selecting the samples such that they have the same size as the positive
samples. Also, 10-fold cross-validation is used as an evaluation technique to have a fair comparison with
the state-of-the-approaches.

In the proposed approach, hyper-parameter optimization is done using grid search. This optimization is
done for the number of �lters in drug and protein feature encoder networks search over [16, 32, 64, 128,
256], the size of �lters for drug feature encoder network search over [4, 8, 12], and size of �lters for protein

( ) ( )
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feature encoder search over [8, 12, 16], learning rate search over [0.0001, 0.001, 0.01, 0.1]. Also, semi-hard
samples are used for batch de�nition in triplet loss minimization. First, each input's distance from all the
samples in the subset is calculated to select semi-hard negative samples. Next, we select k samples with
a larger distance from the anchor than the positive but still produce a positive loss. The hyper-parameter
optimization for k is done over [3, 5, 7].

In order to evaluate the contribution of each component of the proposed approach, an ablation study is
performed. In this case, two variants of the proposed approach are created. The �rst version of the
multimodal knowledge that includes protein-protein and drug-drug interaction networks is not considered.
This version is shortly called TripletDTI-uni-modal. In the second version, the triplet loss is not considered
during the optimization, which is called DTI multimodal. The obtained results of these two versions and
the full proposed approach are given in Table 1.

Table 1
The obtained results on the dataset and its comparison with the state-of-the-art approaches

Algorithms Precision Recall Accuracy F1-score AU-PR AU-ROC

DTI-multi-modal 0.802 0.971 0.865 0.878 0.927 0.940

TripletDTI-uni-modal 0.854 0.931 0.923 0.891 0.954 0.918

TripletMultiDTI 0.931 0.950 0.942 0.940 0.994 0.993

We compare our approach to four state-of-the-art approaches: NeoDTI [30], DTINet [31], HNM [25], and
MultiDTI [10]. All of these approaches utilize heterogeneous networks to learn a more effective model for
DTI prediction. Table 2 compares the proposed approach with state-of-the-art approaches, and its results
are given. As it is shown, the proposed approach gets higher performance in four measures, including AU-
PR, AU-ROC, F1-score, and Recall. Most improvement in performance is achieved in the F1-score, which is
0.072 over the MultiDTI and NeoDTI.

Table 2
The obtained results on the dataset and its comparison with the state-of-the-art

approaches
Algorithms Precision Recall Accuracy F1-score AU-PR AU-ROC

NeoDTI 0.928 0.716 0.969 0.868 0.961 0.947

DTINet 1.0 0.048 0.524 0.090 0.914 0.932

HNM NA NA NA NA 0.572 0.890

MultiDTI 0.876 0.882 0.873 0.868 0.947 0.961

Our Approach 0.931 0.950 0.942 0.940 0.994 0.993

Discussion



Page 9/14

This paper proposes a new approach to DTI, and its main goal is to learn an effective representation of
drug-target pairs. This goal seeks to address the importance of the discriminative representation of drug-
target pairs in a�nity interaction prediction. This goal is achieved by using a new architecture and loss
function. The proposed loss function is the sum of the prediction loss and the triplet loss. The triplet loss
encourages the model to learn a representation for the input pair such that this representation is close to
the similar ones and becomes far away from dissimilar ones.

A well-known dataset provided by Wang et al. is used to evaluate the proposed approach. The proposed
approach performs better than other comparable approaches in experiments. Also, an ablation study is
done to show the effectiveness of each proposed module in the approach. Each module performed well
according to the results obtained. In this paper, the proposed approach is applied to the classi�cation
task, while it simply could be applied to the regression task.

One of the main other advantages of the proposed approach is that it utilizes multimodal knowledge. In
this case, the drug molecule and protein sequence are fed as input to the approach, and the protein-
protein and drug-drug networks are also fed as auxiliary input. In the proposed approach, the fusion of
different modalities is done using a simple concatenate operator. In future work, the way of knowledge
fusion could be further explored.

In future work, to determine triplet samples (anchor, positive and negative samples), we are going to do it
based on a speci�c protein or drug. In this case, for the anchor sample with a speci�c protein (drug),
positive and negative samples with different drugs (proteins) are selected. This leads the approach to
learn the features in common for drugs (proteins) that interact with a speci�c protein (drug).

Abbreviations

DTI Drug-Target Interaction

DDI Drug-Drug Interactions

 MDA Multimodal Deep Autoencoder

 DTBA Drug-Target Binding A�nity

 PPI Protein-Protein Interaction

 AUC Area Under the Receiver Operating Characteristic Curve

 AUPRC Area Under the Precision-Recall Curve

CNN Convolutional Neural Network
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Figure 1

The overall schematic of the proposed approach.
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Figure 2

The overall schematic of the triplet loss function.


