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PAPER INFO ABSTRACT
Pap?" history: In drug discovery, Drug-Target Affinity (DTA) is considered as a vital step, as it helps identify the most
Received 24 September 2024 promising drug candidates in the development process. Since the structure and function of drug and

Received in revised form 16 November 2024

Accepted 18 November 2024 target molecules must be considered, as well as their complex and nonlinear interactions, DTA prediction

is a challenging task. The aim of this study is to propose a novel DTA prediction framework that
leverages the strengths of Cross-Attention Networks (CANs) using Graph Neural Networks (GNNs).

Keywords: However, representing graphs using GNNs keeps their 3D structural information. They are not fully
Drug Discovery exploited by existing attention-based approaches. Our framework uses CAN to capture a more accurate
Cross-Attention Network representation of the drug-target pair by analyzing how different parts of a drug molecule interact with
Drug-target Interaction specific regions of the protein. We used GIN and GAT in a sequential architecture to capture both local
Binding Affinity Prediction and global structural information of drug graph molecules. We evaluate the performance of the proposed
Graph Isomorphism Networks method on two benchmark datasets, Davis and KIBA. The performance is promising while it

G h Attention Network: . .
raph Attention Networks outperforms many state-of-the-art methods in terms of mean square error (MSE) and concordance index

(CI). Specifically, for the Davis dataset, we achieve MSE of 0.222 and CI of 0.901, while for KIBA, we
obtained MSE of 0.144 and CI of 0.883. Our method increases the interpretability and specificity of
interaction analysis, providing deeper insight into the drug discovery process and providing valuable
explanations for the predicted DTA. The code of our study is available at:
https://github.com/fsonya88/CAN-DTA.
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1. INTRODUCTION expensive. To produce a new drug, it is necessary to go
through  various steps, including drug target
One of the main goals of pharmaceutical science is to identification, molecular design, laboratory and clinical
prepare drugs that can help treat various human diseases. trials. The process usually takes between 10 and 15 years
However, the way to reach this goal is very long and and costs between $0.8 and $1.5 billion (1). Drug
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repurposing is an approach to accelerate the drug
discovery process by seeking to discover new uses for an
existing drug that is not currently prescribed (2). DTA
describes the binding strength between drug molecules
and protein targets. It helps the drug-repurposing process
by predicting unknown relationships between drug
molecules and the protein target of the disease for which
the drug was repurposed (3). Drug molecules and protein
target binding prediction is challenging as it involves
complex molecular interactions and large-scale data
analysis. With recent advances in the field of artificial
intelligence (Al), it is possible to use this technology in
drug discovery (4). Al can play an important role in
improving the efficiency and reducing the time and costs
of pharmaceutical research. Some of the benefits of using
Al include reducing human error in drug design,
increasing speed and accuracy in drug design, increasing
drug effectiveness, predicting designed drug risks and
side effects, and identifying new drug molecules (5). Al
uses various methods to predict the interaction between
drugs and proteins. These methods include convolutional
neural network (CNN) (6) graph neural network(GNN)
(7, 8) support vector machine (SVM), and random forest
(RF) (9).

Different approaches for DTA prediction can broadly
be categorized into three types: sequence-based, feature-
based, and graph-based methods (10-13). Sequence-
based methods use the sequences of the target protein and
the drug as inputs, and encode them into numerical
vectors using various techniques, such as one-hot
encoding, n-gram encoding, or word embedding. Then,
they use machine learning or deep learning models, such
as SVM, RF, or CNN, to learn the features and patterns
of the sequences and predict the binding affinity (14). An
example of a sequence-based model for DTA prediction
is DeepDTA (15), which used CNN to learn
representations from the protein sequences and
Simplified Molecular Input Line Entry System
(SMILES) (16) strings of the drugs. However, sequence-
based methods may not capture the structural and
chemical properties of the molecules, which are
important for DTA prediction. Feature-based methods
extract features from drugs and targets, such as
fingerprints or descriptors, and use them as inputs for
machine learning models. Alternatively, they use the
three-dimensional structures of the drug and the target
protein as inputs and simulate the docking or binding
process between them using various techniques.
However, feature-based methods may not capture the
dynamic and context-dependent nature of the
interactions, which may vary depending on the
environment and the conformation of the molecules.
Graph-based methods use graph representations of drugs
and proteins, which can capture their structural and
chemical properties more effectively than strings,
matrices, or 3D structures (17-19). These methods use

GNNs to learn from the graph-structured data, which can
handle both labeled and unlabeled data, using supervised
or unsupervised learning methods. GNNs can use
different kinds of graphs, such as directed, undirected,
weighted, or attributed graphs, depending on the data and
the task. An example of a graph-based model for DTA
prediction is Graph DTA (20), which uses different types
of GNNs to represent the drugs as molecular graphs and
CNN to represent the protein vector.

This paper addresses the following research question:
How can we use deep learning to predict drug-target
binding affinity more accurately and efficiently. Our
hypothesis is that by combining GATs (21), GINs (22),
and CANs (23, 24), we can capture both the local and
global structure of the drug and the pairwise interactions
between the drug and the protein, which can enhance the
representation of the drug-target pair and improve the
DTA prediction performance. GATs are graph neural
networks that use attention mechanisms to assign
different importance to different neighboring nodes when
aggregating their features. GINs are graph neural
networks that can learn expressive and invariant features
from graph-structured data. CANs use cross-attention to
compute the attention weights between the drug and the
target embeddings, which allows the model to focus on
the most relevant parts of the sequences for the binding
affinity prediction. By using these three approaches
together, our proposed model can capture both the local
and global features of the graph structure and node
attributes, as well as the complex and nonlinear
interactions between drug and target molecules. This
study aims to propose a method for DTA prediction based
on GNNs and Cross-Attention Networks to enhance
performance and accuracy. To achieve this aim:

e We propose a novel deep learning-based DTA
model that incorporates the deep representations of
drugs and targets by GAT, GIN, and CNN. We used
a combination of GATConv and GINConv to
represent drugs as molecular graphs, which can
capture both the local and global features of the
graph structure and node attributes more effectively
than traditional graph convolutional networks.

e Deep graph-based representations of drugs and
targets are not fully exploited by existing attention-
based methods. To gain a deeper understanding of
how the drug and target protein interact, our model
incorporates a single-head cross-attention block. By
employing CAN, our framework analyzes how
different parts of a drug molecule interact with
specific regions of the protein, leading to a more
accurate understanding of the drug-target pair and
its binding affinity.

e We combine the drug, target, and cross-attention
embedding into a single vector and pass it through
several fully connected layers to produce the final
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output. We train and evaluate our model on
benchmark datasets and show competitive
performance with state-of-the-art methods.

e Our model uses protein sequences rather than
complex protein structures, significantly increasing
computational efficiency without sacrificing
performance. This streamlined approach is
especially valuable for analyzing large drug-target
interaction datasets.

2. RELATED WORKS

Many machine learning-based and deep learning-based
methods have been developed for DTA predictions.
KronRLS is a method that uses the similarity-based
approach and the Kronecker product kernel to capture the
joint similarity between drugs and targets (25). In this
model Smith-Waterman algorithm is used for aligning
sequences. It then uses a regularized least-squares
algorithm to learn a regression model that predicts drug-
target binding affinity. SimBoost is a machine-learning-
based model that predicts the continuous binding
affinities of drugs and targets using gradient-boosting
machines (26). SimBoost wused Smith-Waterman
algorithm for aligning sequences and PubChem
similarity for drugs then constructs features for each
drug, target and drug-target pair based on their properties
and similarities. Deep-learning methods employ various
types of neural networks to learn the patterns and
interactions between drugs and targets from their
sequences. For instance, DeepDTA is a deep learning
method that utilizes CNNs to encode drug SMILES
strings and protein amino acid sequences. It then uses a
fully connected layer to estimate drug-target binding
affinity. WideDTA is another deep-learning method that
employs word embedding to represent drug SMILES
strings and protein sequences (27). It then utilizes CNNs
to encode the drug and target embedding. It then utilizes
CNNs to encode the drug and target embedding.
Attention DTA predicts the binding affinities of drugs
and targets using sequence-based deep learning with an
attention mechanism (28). It uses an attention mechanism
to focus on the important subsequences in the drug
SMILES strings and protein sequences that are relevant
for binding affinity prediction.

GANSsDTA is a semi-supervised based model which
uses two GANS to extract features from protein and drug
sequences (29).

DeepCDA combined CNN and LSTM to capture the
local and global features of drug and protein sequences
and used a two-sided attention mechanism to encode the
interaction strength of the substructures (30). DeepCDA
also applies an adversarial domain adaptation technique
to learn a feature encoder network in the test domain.
DeepMHADTA predicts drug target binding affinity

based on a multi-head attention using protein sequences
and structures as well as drug sequences and their
structural fingerprints (31). It treats drug fingerprints and
protein structures as sequences, using CNN for feature
extraction and multi-head attention to increase prediction
accuracy.

DeepGS predicts the binding affinity of drugs and
targets using deep neural networks (32). DeepGS extracts
the local chemical context from the drug and target
sequences using advanced embedding techniques and
models the molecular structure of drugs using graph
convolutional layers. DeepGS then combines the drug
and target embeddings using a bilinear layer and predicts
the binding affinity using a fully connected layer. The
study shows that DeepGS outperforms state-of-the-art
methods on four benchmark datasets and provides
interpretable results by highlighting the important
regions of the drugs and targets that contribute to binding
affinity. DeepGLSTM predicts the binding affinity
between drugs and targets using a deep graph
convolutional network and LSTM (33). DeepGLSTM
encodes the drug and target sequences using LSTM and
models the molecular structure of the drugs using graph
convolutional layers. DeepGLSTM then combines the
drug and target embeddings using a bilinear layer and
predicts the binding affinity using a fully connected
layer.

MGraphDTA uses a deep multi-scale graph neural
network for drug representation and a sequence based
multi-scale convolutional neural network for protein
representation, creating a combined representation that
enables detailed insights into drug-target interactions
(34). KC-DTA uses the k-mer method to extract features
from protein data while drugs are modeled by graph (35).
GDilatedDTA introduces a graph dilation strategy in
convolutional layers to enhance the feature
representation of drug-target pairs (36). DGraphDTA
enhances drug-target affinity prediction by constructing
separate graphs for drug molecules and proteins, using
predicted contact maps from protein sequences to better
capture structural features (37).

HiSIF-DTA utilizes a hierarchical framework to fuse
multi-level semantic information from protein graphs
(38). This approach integrates both basic structural
information (such as contact maps) and more complex
functional information (like protein-protein interaction
networks) into a layered protein graph. WGNN-DTA
constructed weighted protein graphs biased on contact
map to better represent protein structure (39).

TransVAE-DTA integrates variational autoencoders
and transformers for protein representation as well as
transformers for drug representation, capturing long-
distance dependencies to improve DTA prediction (40).

GTAMP-DTA combines graph transformer with an
attention mechanism to focus on the most important
relevant features (41). It predicts binding affinities using
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the extracted features in combination with pre-trained
embedding of proteins and drugs.

Attention MGT-DTA combines graph transformer
and attention mechanism for drug and protein
representation (42). It uses pre-trained protein sequence
embedding as well as 3D protein graphs which are
integrated using a cross attention module.

The field of DTA prediction has advanced
significantly with the application of machine learning
and deep learning models that leverage various
techniques, such as attention mechanisms and graph
Neural networks. These techniques enable the models to
capture the complex and diverse features of drug-target
interactions and accurately estimate their binding
affinities. Consequently, these models facilitate the
process of drug discovery and development by providing
novel insights and candidates for potential therapies. A
review of all related works is provided in Table 1.

3. MATERIALS AND METHOD

3. 1. Datasets The proposed model was evaluated
on two widely used datasets for DTA prediction: DAVIS

(43) and KIBA (44). These datasets contain binding
affinity scores for drug-target pairs, measured by
different metrics. DAVIS measures the binding affinity
by computing the dissociation constant K;, which is
derived from Equation 1 (43).

PK, =—log% 1)
KIBA measures the binding affinity by the KIBA score,
which is derived from various sources, such as inhibition
constant K;, dissociation constant K;, or half-maximal
inhibitory concentration 1C50. Both datasets represent
the drugs by SMILES strings and the targets by amino
acid sequences. The DAVIS dataset has 68 drugs, 442
targets, and 30,056 interactions. The KIBA dataset has
2,111 drugs, 229 targets, and 118,254 interactions. Table
2 presents the detailed information of these two datasets.
The datasets split into training and testing sets, with 80%
for training and 20% for testing, following the same data
preprocessing steps as previous studies (15, 20).

3. 2. Model Architecture The proposed model
predicts the binding affinity of DTA using 1D sequential
and molecular information as input, such as protein

TABLE 1. A summary of the related works on DTA prediction is presented in this table. The method they used to represent drugs and
targets, which can be sequential or graphical, is listed in columns two and three

Model Drug Representation

Protein Representation

KronRLS (25)
SimBoost (26)

Sequence(Smith Waterman)

Sequence(Smith Waterman)

Sequence(Smith Waterman)

Sequence(Pubchem-Sim)

DeepDTA (15) Sequence(CNN) Sequence(CNN)
WideDTA (27) Sequence(CNN) Sequence(CNN)
AttentionDTA (28) Sequence(CNN+Attention) Sequence(CNN+Attention)
GANsDTA (29) Sequence(GAN) Sequence(GAN)
DeepCDA (30) Sequence(CNN+LSTM) Sequence(CNN+LSTM)
DeepMHADTA (31) Sequence(Attention) Sequence(CNN)
DeepGS (32) Graph (GAT+BiGRU) Sequence(CNN)
GraphDTA (20) Graph(GNN) Sequence(CNN)
DeepGLSTM (33) Graph(GNN) Sequence(BiLSTM)
MGraphDTA (34) Graph(GNN) Sequence(CNN)
KC-DTA (35) Graph(GNN) Sequence(CNN)
GDilatedDTA (36) Graph(GNN) Sequence(BiLSTM)
DGraphDTA (37) Graph(GNN) Graph(GNN)
HiSIF-DTA (38) Graph(GNN) Graph(GNN)
WGNN-DTA (39) Graph(GNN) Graph(GNN)

TransVAE-DTA (40)
GTAMP-DTA (41)

AttentionMGT-DTA (42)

Sequence(Transformer)

Graph(Transformer with Attention)

Graph(Transformer with Attention)

Sequence(VAE+Transformer)
Graph(Transformer with Attention)

3D-Graph(Transformer with
Attention)+Sequence(Pre-trained embedding)
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TABLE 2. Benchmark datasets
Train Test

Data set Drug Protein Interaction

samples Samples
DAVIS 68 442 30056 25046 5010
KIBA 2111 229 118254 98545 19709

sequences and SMILES strings. The model consists of
three main components: a drug graph encoder, a protein
sequence encoder, and a cross-attention network. The
drug graph encoder employs a combination of GATConv
and GINConv to represent the drugs as molecular graphs.
The protein sequence encoder uses an embedding layer
followed by CNN layers to represent the protein as
embedding vectors. Finally, the cross-attention network,
which is based on a single-head attention block,
computes the attention weights between the drug
representation vector and the protein representation
vector. The model combines the drug, target, and cross-
attention embeddings and passes them through several
fully connected layers to get the final output. Figure 1
illustrates the architecture of proposed medel, it consists
of three main components: a drug graph encoder, a
protein sequence encoder, and a cross-attention network.

3.2.1.Drug Graph Encoder  The medical SMILES
string is provided as an input to the drug graph encoder.
SMILES is a notation that encodes the molecular
structure of a drug as a string of characters. The encoder
converts the SMILES strings into molecular graphs using
the RDKit (45), which is an open-source
cheminformatics software. In the molecular graphs, each
node represents an atom and each edge represents a bond
between two atoms. To represent any chemical molecule
as a graph, we need to assign attributes to each node
(atom) in the graph. These features must capture certain
chemical properties of the atom relevant to target
chemical interactions.

In this paper, we followed the approach of
GraphDTA, the node features include the atom symbol,
which indicates the type of the atom, such as carbon,
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oxygen, nitrogen, etc. the number of adjacent atoms, the
number of adjacent hydrogens, which indicates how
many hydrogen atoms are attached to the node, the
implicit valence, which indicates the number of electrons
that the node can share with other atoms and aromaticity
determines whether the node is part of an aromatic ring.

The drug graph encoder then applies a GATConv
layer followed by five GINConv layers to update the
node features by aggregating the features of their
neighbors.

GATConv is a graph convolution layer that employs
the attention mechanism to assign different weights to the
node and its neighbors. The GATConv layer inserts a set
of nodes into the graph and applies a linear
transformation through a weighted matrix A to each
node. For each node i in the graph, GATConv computes
the interaction of node i and its neighbors and the
attention coefficients between node i and node j as
follows (21):

a(Axi ,AXJ') (2)

This is the weight of node j contribution to node i
representation. These weights are scaled by a soft-max
function and then used to calculate the new features for
nodes as follows (21):

o(Tjeni aijAx;) (3)

This means that ¢ is non-linear activation, and a;; are the
coefficients that adjust the importance of each pair of
nodes.

GIN is a graph neural network model that can learn
the characteristics of nodes and their neighbors as a
powerful representation of an aggregate graph. GIN uses
a multi-layer perceptron (MLP) and a sum aggregator to
iteratively update the attributes of nodes. A sum
aggregator is a simple but effective way to combine the
features of the node and its neighbors, by adding them
together with some weights, the sum aggregator can
capture information about multiple groups and is
injective, meaning that it can distinguish different node
neighborhoods. In addition, GIN introduces a learnable
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parameter € that controls how a node's own feature
contributes to the set. This parameter is important for the
expressiveness of GIN, as it allows the model to
approximate any function that is invariant to the
permutation of the nodes. The process of GIN can
express as follows (22):

MLP((1 + &)x; + Xjeni Xi) 4)

where Ni are the neighbors of node i, The node attribute
of the i-th node is x;, and it is used to update the node
features by aggregating the features of the neighboring
nodes in each layer. There is also a batch normalization
layer with the ReL.U activation function after each MLP
layer. GIN can repeat this process for several layers so
that each node can capture the information from a larger
neighborhood. Finally, GIN can obtain a representation
of the whole graph by applying another function, such as
a sum or a max, to the feature vectors of all the nodes.
This graph representation can serve various tasks; such
as graph classification or regression. The drug graph
encoder then obtains a fixed-length vector representation
of the drug graph through a max-pooling layer.

3. 2. 2. Protein Sequence Encoder Each protein
target was represented as a sequence of amino acids.
One-hot encoding (46) is used to convert each amino acid
to a binary vector. Each sequence is also padded or
truncated to a fixed length of 1000 amino acids. Tree
CNN layers are used to encode the protein sequence.
CNN is a type of neural network that uses convolutional
filters to extract local features from the input. CNN
consists of multiple convolutional layers, each of which
applies a set of filters with a certain kernel size to the
input, and then applies a non-linear activation function
and a pooling operation to reduce the dimensionality. A
dropout layer (47) is also applied to prevent overfitting.
After applying CNN, a 32-dimensional feature vector
was obtained for the protein sequence. The output is
flattened and passed through a linear layer with a ReLU
activation (48) and a dropout layer to obtain a 128-
dimensional feature vector for the protein target.

3. 2. 3. Cross-Attention Network In addition to
compute embeddings of drug and target efficientely, it is
equally important for drugs and proteins to engage in
mutual attention and information exchange. This
interaction is vital, especially considering that
substructural elements predominantly influence drug-
target affinities. In these cases, the complementarity
between specific regions of the drug and protein is a key
factor in ensuring a successful binding process, which is
central to their biological interaction.

To effectively capture the interactions the drug
molecule and the protein target, a cross-attention
mechanism was applied to the embedded drug and target

vectors. Cross attention is a type of attention mechanism
that computes the attention weights between two types of
input, and uses them to obtain a weighted combination of
the features of one input based on another. Cross-
attention consists of three components: query, key, and
value. The query is the input that is attended to, the key
is the input that is used to compute the attention weights,
and the value is the input that is used to aggregate the
features. The output of the drug graph encoder is the
query, and the output of the protein sequence encoder is
both the key and the value. The attention block then
computes the attention scores as follows (49):

Attention score(Q,K,V) = Softmax(QC—Kt) ()

I

The attention scores are then multiplied with the
value vectors as Equation 6 to obtain a weighted vector
representation of the drug and target embeddings (23).

Cross Attention(Q, K,V) = Attention score XV  (6)

By using a single-head attention block, the model can
learn the local and global substructure interaction
information of the drug-target pair. Finally, a
concatenation of the drug embeddings, target
embeddings, and cross-attention scores are passed
through a dropout layer to prevent overfitting.

3. 2. 4. Output Block The output block consists
of two fully connected layers with ReLU activation
functions and dropout layers in between. The first layer
takes the concatenated drug-target feature vector as input
and outputs a vector of size 1024. The second layer
further reduces the dimensionality to 256. The final layer
is a linear layer that maps the vector to a scalar value,
which represents the predicted binding affinity score. The
linear activation function is suitable for the regression
task, as the binding affinity can take any real value. The
dropout layers are used to prevent overfitting by
randomly dropping out some units during training. The
output of the model is a score that reflects the strength of
the interaction between the drug molecule and the protein
target.

4. RESULTS AND DISCUSSION

4. 1. Evaluation Metrics We formulate the
prediction of drug-target binding affinity in this paper as
a regression problem, Concordance Index (Cl) (50) and
Mean Squared Error (MSE) (20) are two ways of
measuring the accuracy of a regression model, which is a
type of model that predicts a continuous value, such as
drug-target binding affinity. Cl and MSE have different
properties and advantages, and they can be used together
to evaluate the performance of a regression model.
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In this paper, Cl and MSE are used as evaluation
metrics. Cl measures how well the predicted values rank
the true values, while MSE measures how close the
predicted values are to the true values. A higher Cl and a
lower MSE indicate better performance. Cl and MSE can
be calculated using the following equations (50):

Cl = (1/2) X h (bx; — by) U]

where z is the total number of pairs, h is an indicator
function that returns 1 if the pair is concordant, -1 if the
pair is discordant, and 0 if the pair is tied, and b,; and b,
are the predicted and true values of each pair,
respectively. The step function is shown in Equations 8,
9 (20).

0ifx <0

_Josifx=o0
R =31 x >0 ®
MSE = (1/n) * X (xi — y) 2 )

where n is the number of observations, x; is the predicted
value of each observation, and y; is the true value of each
observation.Cl and MSE are complementary metrics that
can be used together to evaluate the performance of a
regression model. Cl can measure the rank correlation
between the predicted and true values, while MSE can
measure the absolute error between the predicted and true
values. A good regression model should have a high CI
and a low MSE, which means that the predictions are
both consistent and accurate with the true values.

4. 2. Hyper Parameters and Experimental Setup
The proposed model is implemented with PyTorch (51),
which is a deep-learning framework that provides a
flexible and efficient way to build and train neural
networks. The model follows the same hyper-parameter
settings as GraphDTA (20) for fair comparison; Table 2
summarized the hyper-parameters of the experiments,
such as learning rate, batch size, and humber of GNN
layers. The filter sizes of the three convolutional layers
in the protein sequence encoder are set to 32, 64, and 96,
respectively; in oredr to capture different levels of
features from the amino acid sequences. The data is split
into 80% for training and 20% for testing. The model
trained on 80% of the training data and the best model
was selected based on the lowest mean squared error on
the validation data, which is 20% of the training data.

4. 3. Comparison with Existing Methods In this
section, we reported the results of our proposed model for
DTA prediction on the Davis and KIBA datasets, which
are benchmarks. We use MSE and Cl as the evaluation
metrics.

Performance comparisons between the proposed
model and existing models are provided in Table 4 (Davis
dataset) and Table 5 (KIBA dataset).

TABLE 3. Hyper-parameters of our experiments

Hyper Parameter Value
Number of Epochs 1000
Batch size 512
Learning rate 0.0004
Optimizer Adam
Number of GAT Layers 1
Number of GIN Layers 5
Number of head 1
Number of Fully connected Layers 2

We compare our model with several baselines,
including KronRLS (25), SimBoost (26), DeepDTA (15),
WideDTA (27), AttentionDTA (28), GANSDTA (29),
DeepCDA (30), DeepMHADTA (31), DeepGS (32),
GraphDTA (20), DeepGLSTM (30), KC-DTA (35),
MGraphDTA (34), and GDilatedDTA (36). Our model
achieved the lowest MSE and the highest Cl among most
of these methods, indicating that it can accurately predict
the DTA scores. Our model outperforms GraphDTA,
which also uses GINs to encode the drug graphs, by 0.007
in MSE and 0.008 in CI, demonstrating the effectiveness
of using GATSs to capture the local structure of the drug
graphs. Our model also outperforms DeepGLSTM,
which uses CNNs and LSTMs to encode the drug and
protein sequences, by 0.010 in MSE and 0.006 in ClI,
showing the advantage of using graph representations
over sequence representations. Moreover, our model
surpasses by 0.022 in MSE and 0.006 in ClI, indicating
that our cross-attention mechanism can better capture the
pairwise interactions.

As mentioned in the related work section,
WGNNDTA, DGraphDTA, HiSIF-DTA, and Attention
MGT-DTA employ more complex graph representations
of proteins, whereas we used protein sequences.

Similarly, GTAMP-DTA and TransVAE-DTA
utilize complex transformer models, which we did not
incorporate.

Additionally, MGraphDTA is a deep Graph Neural
Network with 27 layers, while our model is a very
shallower one.

Despite these differences, the results of the proposed
model, which relies on protein sequences rather than
complex graph-based representations, are not
significantly different from the reported results and are
even superior in some cases, in MSE or CI while our
model offers better runtime performance. Our model
offers a substantial advantage in terms of computational
efficiency, making it a practical choice for large-scale
drug discovery applications.

Our paper aims to demonstrate the effectiveness of
cross-attention. It is crucial for drugs and proteins to
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engage in mutual attention and exchange information. the drug and protein is crucial for successful binding,
This interaction is crucial, especially since substructural which plays a fundamental role in their biological
elements largely influence drug-target affinities. In such interaction.

cases, the complementarity between specific regions of

TABLE 4. Performance of our model and the baselines on the Davis dataset

MODELS Drug Protein MSE Cl

KronRLS (25) Smith-Waterman PubChem-Sim 0.379 0.871
SimBoost (26) Smith—Waterman PubChem-Sim 0.282 0.872
DeepDTA (15) CNN CNN 0.261 0.878
GANsDTA (29) GAN GAN 0.276 0.881
DeepGS (32) GAT+BiGRU CNN 0.252 0.882
WideDTA (27) CNN CNN 0.262 0.886
DeepCDA (30) CNN+LSTM CNN+LSTM 0.248 0.891
DeepGLSTM (33) GCN BiLSTM 0.232 0.895
DeepMHADTA (31) CNN-+ Attention CNN-+ Attention 0.244 0.895
GraphDTA-GCN (20) GCN CNN 0.254 0.880
GraphDTA-GAT-GCN (20) GAT-GCN CNN 0.245 0.881
GraphDTA-GAT (20) GAT CNN 0.232 0.892
GraphDTA-GIN (20) GIN CNN 0.229 0.893
AttentionDTA (28) CNN+ Attention CNN+ Attention 0.216 0.893
GDilatedDTA (36) McGEN+ MLRCN BiLSTM 0.237 0.885
KC-DTA (35) GCN 2DCNN+3DCNN 0.241 0.884
KC-DTA (35) GAT 2DCNN+3DCNN 0.240 0.886
KC-DTA (35) GIN 2DCNN+3DCNN 0.235 0.888
MGraphDTA (34) Multi Scale Deep GNN Multi Scale CNN 0.207 0.900
DGraphDTA (37) GCN GCN 0.202 0.904
WGNNDTA-GCN (39) GCN GCN 0.208 0.902
WGNNDTA-GAT (39) GAT GAT 0.208 0.898
HiSIF-DTA(Top-Down) (38) GCN GCN 0.193 0.907
HiSIF-DTA(Bottom-Up) (38) GCN GCN 0.191 0.906
GTAMP-DTA (41) GraphTransformer with Attention GraphTransformer with Attention 0.177 0.923
TransVAE-DTA (40) Transformer VAE+Transformer 0.332 0.870
AttentionMGT-DTA (42) GraphTransformer with Attention Attentior?)E-Sce;;?JZZ(cZEIaDTZTr;Tr?; dV\:eirt:be dding) 0.193 0.891
Proposed Model GAT+GIN CNN 0.222 0.901

TABLE 5. Performance of our model and the baselines on the Kiba dataset

Models Drug Protein MSE Cl

KronRLS (25) Smith-Waterman PubChem-Sim 0.411 0.782
SimBoost (26) Smith—Waterman PubChem-Sim 0.222 0.836
DeepDTA (15) CNN CNN 0.194 0.863
GANsDTA (29) GAN GAN 0.224 0.866

DeepGS (32) GAT+BiGRU CNN 0193 0.860
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WideDTA (27) CNN
DeepCDA (30) CNN+LSTM
DeepGLSTM (33) GCN
DeepMHADTA (31) CNN+ Attention
GraphDTA-GCN (20) GCN
GraphDTA-GAT-GCN (20) GAT-GCN
GraphDTA-GAT (20) GAT
GraphDTA-GIN (20) GIN
AttentionDTA (28) CNN+ Attention
GDilatedDTA (36) McGEN+ MLRCN
KC-DTA (35) GCN
KC-DTA (35) GAT
KC-DTA (35) GIN
MGraphDTA (34) Multi Scale Deep GNN
DGraphDTA (37) GCN
WGNNDTA-GCN (39) GCN
WGNNDTA-GAT (39) GAT
HiSIF-DTA(Top-Down) (38) GCN
HiSIF-DTA(Bottom-Up) (38) GCN

GTAMP-DTA (41)
TransVAE-DTA (40)

AttentionMGT-DTA (42)

Proposed Model

GraphTransformer with Attention

Transformer
GraphTransformer with Attention

GAT+GIN

CNN + PDM 0.179 0.875
CNN+LSTM 0.176 0.889
BiLSTM 0.133 0.897
CNN+ Attention 0.186 0.876
CNN 0.139 0.889

CNN 0.139 0.891

CNN 0.179 0.866

CNN 0.147 0.882
CNN+ Attention 0.155 0.882
BiLSTM 0.156 0.876
2DCNN+3DCNN 0.143 0.890
2DCNN+3DCNN 0.180 0.861
2DCNN+3DCNN 0.159 0.877
Multi Scale CNN 0.128 0.902
GCN 0.126 0.904

GCN 0.141 0.889

GAT 0.130 0.900

GCN 0.120 0.904

GCN 0.121 0.904
GraphTransformer with Attention 0.123 0.917
VAE+Transformer 0.253 0.822

3D-Graph(Transformer with 0.140 0.893

Attention)+Sequence(Pre-trained embedding)

CNN 0.144 0.883

5. ABLATION EXPERIMENTS

To evaluate the contribution of different components of
our proposed model, we conducted an ablation study by
training and testing the model under different settings.
Specifically, we considered three variations of our
model:

e  GAT + GIN: In this setting, we removed the cross-
attention mechanism from our original model to
evaluate its impact on the performance.

e GIN + Cross Attention: In this setting, we removed
the GAT layer from our model and only used the
GIN layers with cross attention layer to evaluate its
impact on the performance.

e GAT + GIN + Cross Attention: This is our original
proposed model, which utilizes both GAT and GIN
layers, along with a cross-attention mechanism.

The results of our ablation study are summarized in
Table 6.

As shown in Table 6 our proposed model (GAT+ GIN
+ Cross Attention) had first-rate performance in terms of
MSE and CI. The consequences show that the mixture of

TABLE 6. Results of ablation experiments on the Davis dataset

Model MSE Cl
GAT + GIN(without cross Att) 0.225 0.891
GIN + Cross Att (without GAT) 0.232 0.888

GAT + GIN + Cross Attention(our

proposed model) 0.222 0.901

GAT, GIN, and Cross Attention mechanisms effectively
increases the accuracy and robustness of the model.

By removing the cross-attention mechanism from the
proposed method (GAT +GIN), the performance reduced
appreciably, with MSE increasing from 0.222 to 0.225
and CI lowering from 0.901 to 0.891. This indicates that
the cross-attention mechanism plays an important role in
predicting interactions between drugs and targets.
Afterward while eliminating the GAT layer from our
model (GIN+ Cross Attention), the performance
considerably decreased, with MSE growing from 0.222
to 0.232 and Cl reducing from 0.901 to 0. 888. Thus GAT
layer is necessary for accurate predictions.
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6. CONCLUSION

In this study, we proposed a new approach for drug-target
affinity (DTA) prediction that leverages the power of
GATs and GINs with cross attention mechanism. Our
method captures both local and global structural
information of the drug and protein by combining GATs
and GINs, and learns the pairwise interactions between
them through cross-attention.

The Cross-Attention layer, which facilitates the
exchange of information between protein sequences and
drugs was found to significantly enhance model
performance. This combination offers interpretability
and flexibility, enabling the identification of relevant
substructures for binding affinity and handling variable-
length inputs.

We evaluated our method on two widely used
benchmark datasets, Davis and KIBA, consisting of
30056 and 118254 drug-target pairs, respectively. We as
compared its performance with several strategies. The
results confirmed that our proposed method handed
present strategies, achieving a MSE of 0.222 and a CI of
0.901 on Davis, a MSE of 0.144, and a CI of 0.88 on
KIBA. Our findings endorse that our approach has big
potential for programs in drug discovery and layout, and
will useful resource inside the identity of novel drug
candidates and goals.

In summary, our studies present a new effective
method for DTA prediction that mixes GATs and GINs
with cross attention mechanism. Our method offers
interpretability, flexibility, and advanced overall
performance over present strategies, highlighting its
capability for further applications in drug discovery.
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