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Abstract

For the purpose of developing new drugs and repositioning existing ones, accurate drug-tar-
get affinity (DTA) prediction is essential. While graph neural networks are frequently utilized
for DTA prediction, it is difficult for existing single-scale graph neural networks to access the
global structure of compounds. We propose a novel DTA prediction model in this study,
MAPGraphDTA, which uses an approach based on a multi-head linear attention mechanism
that aggregates global features based on the attention weights and a multi-scale gated
power graph that captures multi-hop connectivity relationships of graph nodes. In order to
accurately extract drug target features, we provide a gated skip-connection approach in mul-
tiscale graph neural networks, which is used to fuse multiscale features to produce a rich
representation of feature information. We experimented on the Davis, Kiba, Metz, and DTC
datasets, and we evaluated the proposed method against other relevant models. Based on
all evaluation metrics, MAPGraphDTA outperforms the other models, according to the
results of the experiment. We also performed cold-start experiments on the Davis dataset,
which showed that our model has good prediction ability for unseen drugs, unseen proteins,
and cases where neither drugs nor proteins has been seen.

Introduction

Finding compounds that can attach to specific targets in a selective manner and produce
desired effects is the main goal of drug discovery. Central to this pursuit is the prediction of
DTA, a critical stage that guides subsequent research efforts. Drug discovery using traditional
methods is an expensive and lengthy procedure, usually lasting 10-15 years from screening to
approval and costing billions of dollars [1]. In contrast, drug repositioning has received more
and more attention and made great progress due to its features of fast speed and low cost [2].
Precisely identifying interactions between drugs and targets holds paramount importance in
drug repositioning efforts, where affinity serves as a pivotal measure for evaluating the strength
of these interactions. Owing to the quick advancement of computer technology, in silico
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methods for DTA prediction are becoming more and more important because they can realize
DTA prediction efficiently and cost-effectively [3]. Current computational approaches for
forecasting drug-target affinity (DTA) fall into two primary classes: conventional machine
learning methodologies and advanced deep learning approaches.

The machine learning based approach is used for DTA prediction by combining classical
models of machine learning, such as the method KronRLS [4] proposed by Pahikkala et al.
which is based on kronecker regularization and least squares algorithm. In this method Smith-
Waterman algorithm and PubChem structural clustering tool were used for constructing simi-
larity matrix between drugs and proteins and then predicting DTA by kronecker product of
similarity matrix. Gradient boosting is used by He et al. to extract features from drugs and tar-
gets in their proposed Simboost [5]. However, machine learning-based methods often rely on
complex feature engineering in order to achieve good performance, different feature represen-
tations may lead to different performance results, and a large amount of high-level domain
expertise is often required in order to find the optimal feature representations [6].

In recent years, deep learning methods [7-9] have been extensively used in the area of
drug-target affinity prediction [10-12]. For example, two CNN blocks are used by DeepDTA
[13] to extract feature information from protein sequences and drug SMILES, respectively.
These obtained feature representations are then connected and fed into multiple fully con-
nected layers for predicting DTA. WideDTA [14] considers four textual messages related to
drugs and proteins and uses four CNN blocks for feature extraction, resulting in better perfor-
mance than the previously proposed DeepDTA.

When it comes to DTA prediction, CNN-based models have demonstrated exceptional per-
formance, however, these models only represent drugs as strings, which limits our ability to
obtain structural information about the drug and may affect the model’s prediction accuracy.
Graph neural networks (GNN) have been utilized for predicting DTA in order to solve this
problem and significant performance improvements have been obtained. As an illustration,
Nguyen et al. introduced GraphDTA [15], which uses the RDKit tool to encode drug SMILES
into graphs, and then evaluates the model’s performance on four GNNS, including GIN, GAT,
GCN, and GAT-GCN. According to the results of experiments, the model’s prediction ability
can be further enhanced by presenting drugs as graphs. Yang et al. developed MGraphDTA, a
model that constructs a drug molecule feature extraction module consisting of 27 layers of
GNNs for extracting multi-scale structural features of drug molecules. DGraphDTA [16] was
proposed by Jiang et al., which predicts contact maps from amino acid sequences and con-
structs protein graphs from them, so that both drugs and proteins are represented as graphs,
and then two GNN blocks are used for feature extraction, and the model performance is fur-
ther improved. WGNN-DTA [17] is a variant of DGraphDTA, and WGNN-DTA removes dif-
ficult procedures like multiple sequence alignment (MSA) in generating protein contact maps,
which effectively improves the speed of modeling.

Most current graph-based DTA prediction models use 3 to 4 layers of GNNs, however,
shallow GNNs do not capture the global topology of the molecular graph, resulting in limited
model performance. The global structure of the graph may be further captured by using several
stacked GNNS, but this leads to problems such as gradient vanishing and feature degradation.
Commonly, DTA prediction models only consider direct connections between neighboring
nodes and ignore indirect relationships with other nodes, which may not be effective in obtain-
ing complex global features of the graph.

To tackle the aforementioned difficulties, we introduce MAPGraphDTA, an innovative
model for DTA prediction. The model uses a multi-head linear attention (MHLA) mechanism
and a multi-scale power graph for feature extraction. We use three GCN blocks with inputs M,
MZ2, and M? (PMGCN) and a multi-scale CNN block with a MHLA mechanism (AMCNN) to
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get the feature representations of drugs and targets, respectively. Through the introduction of
power graphs that consider the multi-hop connectivity connection of molecular graphs, we are
able to acquire an abundance of global features in the drug feature extraction module
PMGCN. To leverage this information more effectively, we integrate a gated skip-connection
mechanism into the GNN, which can fuse features of different scales and can effectively deal
with problems such as gradient vanishing and feature degradation. We use multi-scale CNN
blocks in the protein feature extraction module AMCNN to obtain comprehensive and rich
protein feature representations, and in order that important features are not neglected, we pro-
vide a new MHLA mechanism that selectively concentrates on the whole biological sequence
and then selectively aggregates global feature representations according to the calculated atten-
tion weights, which is conducive to the further improvement of the performance of our model.
Our model performs better than other cutting-edge models across all evaluation metrics,
according to our experiments on several of datasets.

Methods
Model architecture

The MAPGraphDTA model’s basic design is shown in Fig 1. The model has two main func-
tional modules, in the first module PMGCN, we use the drug SMILES as the original input
and construct the drug molecule graph, then we obtain the multi-hop connectivity relationship
of the drug molecules through the power graph, and finally we use a multi-scale GCN to
extract the drug features. The second module, AMCNN, utilizes the amino acid sequence of a
protein as its primary input, then map the amino acid sequence to an integer sequence based
on the integer coding of the amino acid sequence, and finally input it into a multi-scale CNN
with a MHLA mechanism to extract protein features. For creating a unified representation, we
combine the feature representations of both drugs and proteins. Following this, the merged
representation undergoes processing through multiple fully connected (FC) layers to predict
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Fig 1. Overview architecture of the MAPGraphDTA model.
https://doi.org/10.1371/journal.pone.0315718.9001
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the DTA. In the following sections, we will offer an elaborate explanation of each functional
module.

Input representation

We represent drug molecules using SMILES (Simplified Molecular Linear Input Specification)
[18]. Meanwhile, we used protein sequences to represent target proteins, where each character
represents an amino acid. It is worth noting that utilizing the SMILES string alone for repre-
senting a drug molecule lacks structural information. Therefore, we employ RDKit [19] to
transform the drug SMILES into the respective drug molecule graph, as depicted in Fig 2.

For protein sequences, we map each amino acid to an integer (e.g., glutamic acid (E) is 4,
alanine (A) is 1, etc.), This allows the original protein sequence to be expressed as an integer
sequence. In this paper we establish the maximum length of proteins to 1000, and then map
each amino acid into a 128-dimensional learnable vector through the embedding layer.

Multiscale gated power graph for drug encoding

After representing a drug compound as a molecular graph, it is important to understand the
interactions of individual nodes with their neighboring nodes in order to predict drug-target
affinity scores, but considering only the connectivity between directly adjacent nodes may not
fully capture the overall characteristics of the graph. In order to obtain global features of drug
molecules, we designed a feature extraction module PMGCN based on power graphs and
gated skip connection mechanism, which can effectively learn from graph data. Fig 3 illustrates
the specific design of PMGCN, which mainly consists of three convolutional blocks with dif-
ferent scales, and the input of each convolutional block is a power graph with different powers,
such a structure can effectively obtain the multi-hop connectivity relationship, which not only
takes into account the direct action between nodes, but also can take into account the indirect
correlation between them. In order to obtain drug molecular graph features more accurately,
we also incorporated a gated skip-connection mechanism.

Power graph. Complex graph data could not fully convey the global features of the graph
by considering only the relationships of neighboring nodes. By considering multi-hop connec-
tivity relations, we can obtain indirect correlations between nodes and more distant nodes.
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Fig 2. Conversion of drug SMILES to molecular graph and adjacency matrix.
https://doi.org/10.1371/journal.pone.0315718.g002
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Fig 3. Gated Power Graph Module (PMGCN) architecture.
https://doi.org/10.1371/journal.pone.0315718.g003

With this approach we can obtain more abundant graph data, and thus be able to better repre-
sent the global characteristics of the graph. Motivated by the research of Mukherjee et al. [20],
we use power graphs into our model to further extract the drug molecule features.

In the molecular graph, a node v is directly connected to a node in its neighborhood R(v)
through an edge, and u is a node in R(v). The shortest distance between a node w in u’s neigh-
borhood R(u) and a node v in R(v) is 2, which means that they are 2 hops apart. If every node
two hops distant from v is connected to it, then the graph is called a power-of-2 graph, which
we denote by M2. In this way, we can make node v connected to more distant nodes by
increasing the value of the index, which enhances the local reachability of v, but at the same
time makes the graph complex and dense. In general, for reasons of computational efficiency
and practical applications, the shortest paths exceeding 3 hops are usually excluded when
describing the structure of the drug molecular graph, so increasing the index of the power
graph to more than 3 does not have a significant impact on the reachability of most nodes, and
does not contribute significantly to the performance of the model.

In this paper we capture the connectivity relationship between nodes through three GCN
blocks. As shown in Fig 3, we stacked 3 GCN layers in the first block to extract the features of
the power graph. The second block has 2 layers of GCN stacked in it to extract the features of
the power-of-2 graph. Only one layer of GCN is used in the third block to extract the features
of the power-of-3 graph. In the first GCN block, we process the drug compounds using RDKit
to obtain the adjacency matrix M and the feature matrix X, and then compute M and X as
inputs in the first GCN block. The degree normalization issue is essential in graph neural net-
work applications to enhance the model’s stability and performance. Eq (1) shows the normal-
ized adjacency representation M,,, which is computed using the following formula to solve the
degree normalization issue [21] for the adjacency representation. The degree matrix of M is
represented by D. In order to make the first block feasible, we use Eq (2) to compute the global
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representation H' generated at the i layer of the GCN with respect to M. The output of the i
layer is H! = X, the trainable weight is W, and the nonlinear activation function is o.

M, =D '"*MD? (1)

H, = o(M,H W) (2)

In the second GCN block, we use the square of the adjacency matrix M (M?) and the feature
matrix X as inputs, and similarly to the above computation, we compute the normalized adja-
cency representation M2 by using Eq (3). where D represents M”’s degree matrix. Similar to
the first GCN block, in order to make the second GCN block feasible, we use Eq (4) to com-
pute the global representation H' generated at the i™ GCN layer with respect to M?. o is the
nonlinear activation function, W is the trainable weights, and H” = X is the output of the i
layer.

M: _ D/71/2M2D/—1/2 (3)

H! = o(MZH) W) @

Similarly to the first and second blocks, we can obtain the normalized adjacency representa-
tion M? of M” and the global representation H.' about M’ produced by the i-th layer of the
GCN. Then we connect the output representations of the three GCN blocks so that we get the
output feature representation H. of the drug compound after PMGCN processing, as shown in
Eq (5). Finally, we feed H, into the global max pooling layer and several FC layers, which gen-
erates the final drug representation.

H, = concat(H!,H! ,H") (5)

Gate skip connection mechanism. In order to be able to capture drug molecule graph
level features at a deep level, we stacked multiple GCN layers of different scales in the PMGCN
However, in general, stacking multiple GCN layers may lead to problems such as gradient van-
ishing and node degradation. In order to respond this challenge effectively, we include a gated
skip-connection mechanism into each hidden layer’s representation learning procedure. [22].
By varying the dropout rate and update rate, the technique may combine features from differ-
ent hidden states. In our model, as the quantity of stacked GCN layers rises, through the gated
skip-connection mechanism, each node not only aggregates the information carried by the
remote nodes, but also retains the node’s own unique feature information. Moreover, the
gated skip- connection mechanism introduces a gating mechanism where the network can
perform appropriate nonlinear transformations during the information transfer process,
which is beneficial for the network to learn more complex node features. Eqs (6) and (7)
describe the gated skip connection mechanism.

7, = sigmoid(U,H'"" + U,H" + b) (6)

HIY = ZH' 1 (1 - Z)H! )

U, and U, denote the trainable parameters, with b representing a bias term. H” signifies

the feature vector of node i in the Ith layer, while H'*" indicates the feature vector of node i in
the [+1th layer. Z; represents the coefficient for the learning rate.
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Multiscale convolutional neural networks for target encoding

To extract features from target proteins across various scales and depths, we used an AMCNN
module consisting of three CNN blocks and a MHLA mechanism, as shown in Fig 4. Among
them, CNN blocks of different scales have different receptive fields, and compared with the
ordinary 1D CNN, our model is able to obtain more abundant information, and thus can pre-
dict the DTA more accurately. We also use a novel multi-head linear attention mechanism in
this module, which enables our model to aggregate more important features and helps to
improve the performance of the model.

Multiscale convolutional neural networks. Based on the idea of PMGCN, we used a
functional module AMCNN consisting of three CNN blocks to extract protein features. As

Protein representation

Multi-head Multi-head Multi-head
linear linear linear Linear
attention attention attention ausntion
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Fig 4. Structure of AMCNN.

https://doi.org/10.1371/journal.pone.0315718.g004
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shown in Fig 4, by stacking 3*3 CNN layers, we create three CNN blocks with different recep-
tive fields. The receptive fields of the three blocks are 3, 5, and 7, respectively. In this way, dif-
ferent blocks can extract protein feature information at different scales. The obtained outputs
are then passed into the multi-head linear attention mechanism separately and we get the out-
put feature representations of the three CNN blocks, and finally we connect these three output
feature representations to get the final protein feature representation.

Multi-head linear attention mechanism. Through the multi-scale CNN, we obtain abun-
dant feature representation, and some crucial information could be lost as a result of the tradi-
tional aggregate, so in order to be able to effectively aggregate important features, we provide a
brand-new multi-head linear attention mechanism [23]. As shown in Fig 5. The multiple linear
attention mechanism uses a linear sum operation to calculate the attention score, which not
only reduces the computational complexity but also improves the numerical stability and con-
sistency of the results.

The input vector is initially transformed into an attention vector of n heads via a linear
attention layer, as seen in Fig 5, and then the markers in the dashed box are used to do dot-
product operations with the corresponding heads, and the result obtained is used as the output
of a specific head. The specific calculation of linear attention is shown in Eq (8), where W rep-
resents the attention weight matrix, and dy signifies the normalization coefficient.

Wh;
exp( ) .
Wh,

37 expt D)

LinearAttention(W, h,) =

Take the protein input as an example, suppose the original input feature vector of the pro-
teinis {h%,-- -, h’ }, we get the attention weight vectors of n heads corresponding to the input
vector through the linear attention layer computation {head,,---,head,}, and then compute the
sum of the n heads corresponding to the input vector separately and define it as {a}, - - -, aP }.
Finally, we do the dot product operation of {a}, - - - , a? } with the corresponding original input
vectors, and sum the result of the operation as the output of the multi-head linear attention
layer. The specific calculations are shown in Eqs (9) and (10).

head, = LinearAttention(W,, hf) (9)

o = Z} an (10)

Three CNN blocks with various scales are used in the AMCNN module to extract protein
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features. Following that, the acquired features are sent into the multi-head linear attention
layer for processing, respectively, assuming that the feature vectors output from the three
CNN blocks are A}, kb and h}, respectively, and the specific computation process is shown in
Eq (11).

O} = MultiheadlinearAttn(H))
0, = MultiheadlinearAttn(H,) (11)
0, = MultiheadlinearAttn(h)

Then we get the outputs O}, O and O} computed by the multi-head linear attention mecha-
nism, and finally we connect the outputs of the three multi-head linear attentions before feed-
ing them into the linear layer to get the final output of the AMCNN module h. As shown in Eq
(12).

h = Linear(Concat[0’, 05, O%]) (12)

Result and discussion
Datasets

We conducted experiments on the Davis [24], Kiba [25], Metz [26] and DTC [27] datasets.
The dataset was partitioned into six segments randomly, with five designated for training pur-
poses and one for testing, to assure the experiment’s objectivity and accuracy. The dissociation
constant (Kg) serves as a metric to quantify the affinity within the Davis dataset. And, to visu-
ally represent the distribution of affinity more effectively, we convert kq to pky, as shown in Eq

13).
K (13)

pK; = _IOgm(rOdg

The converted pky values were concentrated between 5.0 and 10.8, with larger pky values
representing greater affinity. Table 1 displays detailed information about each dataset.
Fig 6 is a histogram visualizing the affinity distribution of the four datasets.

Evaluation metrics

As a regression job, DTA prediction uses MSE as the loss function while introducing the con-
sistency index (CI), 12, index, and Pearson to evaluate our model. A lower MSE indicates a
tighter match between the expected and actual values, hence a smaller metric is preferable. The
MSE is used to quantify the error between the predicted and real values. Eq (14) provides the
calculation of the MSE.

MSE = %Zi: ()’i _Pi)z (14)

where y; and p; stand for the ith sample’s real and predicted values, respectively.

Table 1. Basic information of the four datasets.

Dataset Compound Protein Interaction
Davis 68 442 30056
Kiba 2111 229 118254
Metz 1471 170 35307
DTC 5983 118 67894

https://doi.org/10.1371/journal.pone.0315718.t001
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Fig 6. Histograms of affinity distributions for the four datasets.
https://doi.org/10.1371/journal.pone.0315718.9006

The disparity between the predicted values of two randomly chosen drug-target pairings is
assessed using the consistency index (CI) [28], where a higher CI signifies improved predictive
performance of the model. The calculation is shown in Eq (15).

c1=%2h(p,.—pj) (15)

Yi=Yj

where Z is a normalization constant, p; represents the predicted value corresponding to the
larger affinity yi, while p; represents the predicted value corresponding to the smaller affinity
y;- Eq (16) illustrates the definition of h(x), a step function [29].

0, if x<0
h(x) =4 0.5, if x=0 (16)
1, if x>0

An external measure of the model’s prediction ability is the regression toward the mean (12,
index). Specifically, if a variable is large in one measurement, then r? indicates how close it is
to the mean in the next measurement. Generally, when r?, > 0.5, the model’s predictions are
considered valid. The r? index is calculated as shown in Eq (17).

A= x(1-/F7) (17)

where the correlation coefficients with intercepts and without intercepts are denoted by the
symbols r and ro, respectively.

PLOS ONE | https://doi.org/10.1371/journal.pone.0315718  February 21, 2025 10/19


https://doi.org/10.1371/journal.pone.0315718.g006
https://doi.org/10.1371/journal.pone.0315718

PLOS ONE

Drug target affinity prediction based on gated power graph and multi-head linear attention mechanism

Eq (18) is used to compute the Pearson correlation coefficient, where o(p) and o(y) are the
standard deviation of the predicted value p and the real value y, respectively, and cov(p, y)
refers to the covariance between the predicted value p and the true value y. Higher Pearson
correlation coefficients mean higher predictive accuracy of the model.

Pearson = —cov(p, y) (18)

a(p)a(y)

Parameter setting

NVIDIA GeForce GTX 4070 12G was the GPU we utilized in our studies. Table 2 shows the
precise parameter settings. We fixed the protein’s sequence length to 1000, the number of drug
node features to 78, the batch size to 512, the learning rate of the ADAM optimizer to 0.0005,
and the dropout rate to 0.2.

Comparing performance with the baseline model

We used the Davis, Kiba, Metz, and DTC benchmark datasets to evaluate MAPGraphDTA, in
order to assess its performance. We compared MAPGraphDTA with KronRLS, SimBoost,
DeepDTA, WideDTA, GANsDTA [30], GEFA [31], MATT-DTI [32], GraphDTA,
WGNN-DTA, SubMDTA [33] and GLCN-DTA [34]. These models are the more widely used
and more advanced DTA prediction models, in order to make certain that the comparison is
fair, for our studies, we employed the identical training and test sets, and the experimental
results were uniformly evaluated using MSE, CI, r>, and Pearson correlation coefficient.

Table 3 presents our model MAPGraphDTA'’s predictive performance against other base-
line models using the Davis and Kiba datasets. Bolding indicates the best results and underlin-
ing indicates sub-optimal results. As depicted in the table, our model attains superior
performance on both the Davis and Kiba datasets. Compared to GraphDTA, which has previ-
ously been widely used as a baseline model for DTA prediction, our model showed a decrease
in MSE of 11.4% and 11.5% and an increase in CI of 1.0% and 1.7% for the Davis and Kiba
datasets, respectively, as well as an increase in r?, of 11.1% for the Davis dataset. Compared to
the second best performing baseline model, WGNN-DTA, our model showed a decrease in
MSE of 2.4% and 14.6%, an increase in CI of 0.2% and 2.1%, and an increase in rfn of 4.2% and
4.1% on the Davis and Kiba datasets, respectively. Moreover, our model achieved the highest
Pearson correlation coefficient, indicating its strong predictive capabilities.

Table 4 presents our model MAPGraphDTA’s prediction performance against other base-
line models using the Metz and DTC datasets. As shown in the table, our model exhibits good
prediction performance on both Metz and DTC datasets. Compared to other baseline models,
MAPGraphDTA obtained optimal results on all three evaluation metrics.

Table 2. Experimental hyperparameter settings.

Parameters Setting

Epoch 2000

Batch size 512
Learning rate 0.0005
Optimizer Adam

Dropout rate 0.2

Number of blocks for CNN and GCN (3,3)

Number of power graph blocks (A, A% A%)
Number of heads of the multi-head linear attention mechanism 8

https://doi.org/10.1371/journal.pone.0315718.t1002
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Table 3. Model performance on the datasets of Davis and Kiba.

Dataset
Method
KronRLS
SimBoost
DeepDTA
WideDTA
GANsDTA
GEFA
MATT-DTI
GraphDTA
SubMDTA
GLCN-DTA
WGNN-DTA(GCN)
MAPGraphDTA

MSE|
0.379
0.282
0.261
0.262
0.276
0.228
0.227
0.229
0.218
0.215
0.208

0.203

Davis Kiba

CIT 2] Pearson| MSE| CI 2 Pearson|
0.871 0.407 - 0.411 0.782 0.342 -
0.872 0.644 - 0.222 0.836 0.629 -
0.878 0.630 - 0.194 0.863 0.673 -
0.886 - 0.820 0.179 0.875 - 0.856
0.881 0.653 - 0.224 0.866 0.775 -
0.893 - 0.847 - - - -
0.891 0.683 - 0.150 0.889 0.756 -
0.893 0.649 - 0.139 0.889 - -
0.894 0.719 - 0.129 0.898 0.793 -
0.903 0.720 - 0.127 0.899 0.792 -
0.900 0.692 0.861 0.144 0.885 0.781 0.888
0.902 0.721 0.866 0.123 0.904 0.813 0.905

Tmeans that the higher the evaluation indicator, the better, and | means that the lower the evaluation indicator, the better. The blank portion of the table where no data

is shown is due to the fact that the original paper referenced in the comparison experiment did not provide data for that portion, making it impossible to obtain the

appropriate information.

https://doi.org/10.1371/journal.pone.0315718.t003

Tables 3 and 4 illustrate the superior performance of our model across all four benchmark
datasets, highlighting its remarkable prediction accuracy and stability. Graph neural network-
based methods are superior to traditional CNN-based methods because representing com-
pounds as graphs gives access to structural information about the molecules, which leads to
richer feature representations. Comparing our model to GraphDTA and WGNN-DTA, which
are based on graph neural networks, our performance still shows significant improvement. In
GraphDTA, the model extracts drug features using one GCN block and target features using
one 1D CNN. In WGNN-DTA the model represents both the drug and the protein as graphs
and then extracts the feature information using one GCN block each. In our model, we use
three GCN blocks of different scales paired with a gated skip connection mechanism to extract
drug features in order to obtain richer and deeper information, and we also introduce the idea
of power graphs. For proteins, we use a multi-scale convolutional layer combined with a
multi-head linear attention mechanism, which gives us richer and more accurate feature infor-
mation, and therefore our model attains the highest level of performance.

Fig 7 illustrates the scatter plots of our model’s real and predicted values across the four
benchmark datasets: Davis, Kiba, Metz, and DTC. The anticipated values are shown by the x-
axis, while the true values are represented by the y-axis. Additionally, histograms at the edges
provide an overview of the distribution of both predicted and true values. When a data point
coincides with the line y = x on the scatter plot, it indicates that the anticipated value is exactly

Table 4. Model performance on Metz and DTC datasets.

Dataset
Method
GraphDTA(GCN)
GraphDTA(GAT)
GraphDTA(GIN)
GraphDTA(GAT-GCN)
MAPGraphDTA

Metz DTC
MSE| CI7 r’ 1 MSE| CI7 21
0.317 0.801 0.620 0.317 0.878 0.812
0.393 0.775 0.549 0.195 0.859 0.788
0.317 0.800 0.645 0.176 0.876 0.798
0.333 0.795 0.602 0.200 0.857 0.790
0.283 0.813 0.671 0.143 0.903 0.836

https://doi.org/10.1371/journal.pone.0315718.1004
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Fig 7. Scatterplot of predicted and true values on Davis, Kiba, Metz and DTC datasets.
https://doi.org/10.1371/journal.pone.0315718.9007

identical to the real value. As shown in the figure, the sample points are all closely distributed
in the neighborhood of the straight line y = x, indicating that the predicted values roughly
align with the real values, and according to the edge histograms, it is evident that the overall
distribution of the predicted values closely mirrors that of the true values, which further veri-
fies that our model demonstrates excellent predictive performance.

Validation of the effectiveness of multi-head linear attention mechanisms

In order to extract protein target feature information more accurately, we introduce a MHLA
mechanism in the protein feature extraction module AMCNN, it enhances the prediction perfor-
mance of the model by selecting aggregating significant feature information. To verify the effi-
ciency of this mechanism, we compare the multi-head linear attention mechanism with several
traditional pooling methods, and Table 5 shows the results of our model on the Davis dataset for
the multi-head linear attention mechanism compared with several other pooling methods.

To assess the influence of various methods on performance, we have all the same model
parameters in the experimental stage except for the different pooling methods, which ensures
the fairness of the experiment. As shown in Fig 8, we present the performance of the max-
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Table 5. Cold start experiments on the Davis dataset.

Scenario Method MSE| CIT 21

Drug cold-start GraphDTA 0.920 0.678 0.160
GLFA 0.861 0.670 -

GEFA 0.847 0.709 0.182

MAPGraphDTA 0.582 0.744 0.262

Target cold-start GraphDTA 0.510 0.729 0.154
GLFA 0.453 0.780 -

GEFA 0.433 0.759 0.289

MAPGraphDTA 0.408 0.828 0.493

Drug-target cold-start GraphDTA 0.968 0.579 0.026
GLFA 1.144 0.636 -

GEFA 0.944 0.610 0.032

MAPGraphDTA 0.708 0.641 0.063

https://doi.org/10.1371/journal.pone.0315718.t1005

pooling, average-pooling, and multi-head linear attention mechanisms. The multi-head linear
attention mechanism outperforms the other two pooling techniques, as shown by its higher
performance across all three assessment measures.

Cold start performance

Cold starts are predominantly employed to assess a model’s performance when presented with
unknown inputs, essentially evaluating whether the model’s predictions for drugs or proteins

|
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Fig 8. Validation of the effectiveness of the multi-pronged linear attention mechanism.

https://doi.org/10.1371/journal.pone.0315718.9008
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not included in the training set remain accurate. For drug discovery purposes, our model
needs to have the ability to predict undiscovered drugs, undiscovered proteins, and undiscov-
ered drug-protein pairs; therefore, we used three dataset splits in the cold-start experimental
stage: drug cold-start, protein cold-start, and drug-protein cold-start. We take the drug cold-
start dataset splitting as an example, we randomly allocate certain drugs to the test set, while
assigning the remaining drugs to the training set. Notably, drugs included in the test set are
entirely excluded from the training set, thereby achieving drug cold-start splitting. Similarly,
in protein cold-start splitting, the training set contains no proteins at all that are chosen for the
test set. In drug-protein cold-start splitting, both drugs and proteins included in the test set are
entirely excluded from the training set.

We compared MAPGraphDTA with GraphDTA, GLFA and GEFA on the Davis dataset.
Table 5 presents a comparison of the performance of drug cold-start, protein cold-start, and
drug-protein cold-start. The table illustrates how, in all assessment measures under the three
cold-start scenarios of the Davis dataset, our model performs much better than other compara-
ble baseline models, indicating the strong stability of our model in the face of a novel
environment.

Ablation study

To examine the impact of the individual modules within the model on prediction perfor-
mance, we performed a number of ablation studies using the Davis dataset with power graphs,
multi-headed linear attention mechanisms, and gated skip connection mechanisms. We split
our experiments into three cases, the first of which removes the multi-headed linear attention
mechanism and replaces it with traditional max-pooling. The second scenario is to remove the
gated skip connection mechanism. The third case is to split the power graphs and use primary,
quadratic and cubic power graphs respectively for comparison experiments, which is equiva-
lent to replacing the power graph module with a normal 1D GCN module when only primary
power graphs are used. In all three cases above, the modules and parameters remain
unchanged except for the deleted module. Following the experimental validation of the abla-
tion scenarios mentioned above, we can intuitively grasp the extent of influence of each func-
tional module on the predictive performance of the model. Table 6 presents the outcomes of
the experiment.

Table 6 illustrates that the predictive ability of the model notably decreases upon the
removal of certain functional modules. The experiments show that all these mechanisms are
very important for our model, especially when the multi-head linear attention mechanism is
removed, the model’s prediction accuracy experiences a significant decline, underscoring the
crucial role played by the mechanism in our model, considering that because the multi-head
linear attention mechanism selectively aggregates important feature information according to
different weights in the process of feature aggregation, so it is more important for the

Table 6. Performance comparison of ablation experiments on the Davis dataset.

Model MSE| CIT 21

Without Multi-head linear attention 0.211 0.900 0.715
Without Skip-connection 0.209 0.902 0.713
Without (A%,A?) 0.208 0.894 0.711

Without (A,A”) 0.205 0.898 0.722

Without (A,A?) 0.208 0.900 0.715
MAPGraphDTA 0.203 0.902 0.721

https://doi.org/10.1371/journal.pone.0315718.t1006
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performance of the model to be of the model is more helpful. When the gated skip connection
mechanism is removed, the performance of both MSE and r?, decreases to different degrees,
indicating that this mechanism selectively aggregates information from remote nodes and its
own nodes, which is also beneficial to the performance of this model. Based on the experimen-
tal results of the split power graph module, we can find that for molecular structure graphs,
considering multi-hop connectivity relationships can obtain more global and rich information,
and therefore can further enhancing the prediction performance of the model.

Case study

We carried out a case study to evaluate our model’s generalizability. As a validation set for the
model, we compiled a collection of drug data from the DrugBank [35] database, where all the
drugs are FDA-approved. To enhance the objectivity of the prediction results, we compared
this set of drug data with the Kiba dataset, removing drugs that had appeared in the Kiba data-
set. We chose a protein epidermal growth factor receptor as the target for this group of drugs
and then performed experiments on models already trained on the Kiba dataset. We sorted the
affinity magnitudes predicted by the model in descending order and then selected the top 10
potential drugs with the highest predicted affinity for presentation. Table 7 demonstrates the
specific information of the top 10 drugs with the highest predicted results.

Drug names bolded in Table 7 indicate validated inhibitors of the protein epidermal growth
factor receptor, and 5 of the top 10 are known inhibitors, indicating good predictive perfor-
mance of our model. We downloaded the protein structure 3UG2 (PDB ID) of the protein epi-
dermal growth factor receptor in the PDB database, and then we molecularly docked it to the
2nd ranked drug Icotinib (DB11737) using Autodock [36]. Using Pymol, we analyzed and
visualized the structure after selecting the molecular docking binding site with the lowest affin-
ity energy, the visualization is shown in Fig 9.

Conclusion

We propose MAPGraphDTA, a novel DTA prediction model, in this study, in which we use
three GCN blocks with gated skip connection mechanism for extracting drug power graph fea-
tures and multi-scale CNN with multi-head linear attention mechanism for extracting protein
features. This allows us to obtain deeper and more comprehensive feature information. Four
benchmark datasets were used in our series of experiments: Davis, Kiba, Metz, and DTC. The
outcomes reveal our model’s superior prediction ability, outperforming other state-of-the-art
models by a wide margin. We also performed a cold-start performance test on the Davis

Table 7. Ranking of predicted affinity magnitude of drug candidates.

Rank Drug_name Predict_affinity
1 Erlotinib 14.34046
2 Icotinib 13.77009
3 Lapatinib 13.69808
4 Gefitinib 13.41968
5 Olmutinib 13.10224
6 Ibrutinib 13.02137
7 Hesperetin 12.95064
8 Vandetanib 12.93876
9 Afatinib 12.80249
10 Clavulanic acid 12.79167

https://doi.org/10.1371/journal.pone.0315718.t1007
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L

Fig 9. Molecular docking and hydrogen bonding staining results of 3UG2 with Icotinib.
https://doi.org/10.1371/journal.pone.0315718.9009

dataset, which demonstrated the good stability of our model for drug discovery. To validate
the generalization ability of our model, we also performed DTA prediction on a dataset of
FDA-approved drugs and selected the highest scoring unknown inhibitors for molecular dock-
ing and visualization. Overall, our model MAPGraphDTA shows strong performance in DTA
prediction as well as unknown drug discovery.
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