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ABSTRACT: Drug-Target Affinity (DTA) prediction is a corner-
stone of drug discovery and development, providing critical
insights into the intricate interactions between candidate drugs and
their biological targets. Despite its importance, existing method-
ologies often face significant limitations in capturing comprehen-
sive global features from molecular graphs, which are essential for
accurately characterizing drug properties. Furthermore, protein
feature extraction is predominantly restricted to 1D amino acid
sequences, which fail to adequately represent the spatial structures
and complex functional regions of proteins. These shortcomings
impede the development of models capable of fully elucidating the
mechanisms underlying drug-target interactions. To overcome these challenges, we propose a multimodal, multiscale model based
on Sequence and Graph Modalities for Drug-Target Affinity (MMSG-DTA) Prediction. The model combines graph neural networks
with Transformers to effectively capture both local node-level features and global structural features of molecular graphs.
Additionally, a graph-based modality is employed to improve the extraction of protein features from amino acid sequences. To
further enhance the model’s performance, an attention-based feature fusion module is incorporated to integrate diverse feature types,
thereby strengthening its representation capacity and robustness. We evaluated MMSG-DTA on three public benchmark data sets�
Davis, KIBA, and Metz�and the experimental results demonstrate that the proposed model outperforms several state-of-the-art
methods in DTA prediction. These findings highlight the effectiveness of MMSG-DTA in advancing the accuracy and robustness of
drug-target interaction modeling.

1. INTRODUCTION
The development of new drugs offers more treatment options
for patients, particularly those with rare or refractory diseases.1

However, the traditional drug development process is complex
and time-consuming, typically involving stages such as basic
research, drug design, in vitro testing, animal studies, and
clinical trials before submission for regulatory approval. This
process can take 10 to 17 years, or even longer, with a cost of
up to $2.6 billion.2 More critically, approximately 90% of the
drugs eventually fail during clinical trials and do not obtain
approval for commercialization.3

Drugs exert their therapeutic effects by temporarily binding
to target molecules, influencing their functions, and inhibiting
specific catalytic reactions.4 Therefore, the calculation of drug-
target interactions (DTI) plays a crucial role in drug discovery.
Identifying DTIs is essential for both new drug development
and evaluation of potential side effects. By quantifying drug-
target binding affinity (DTA), molecules with high affinity can
be identified and further optimized as potential drug
candidates.5 Moreover, affinity quantification not only reveals
the existence of binary interactions but also provides detailed
information on the drug-target binding strength, offering
stronger guidance for drug design.6

In drug discovery, there are two main computational
approaches used to predict the interactions between drugs
and specific targets: molecular docking-based methods and
other computational methods.7,8 However, molecular docking
has a certain limitations. First, it is computationally expensive
and time-consuming. Additionally, when researchers face novel
proteins with unknown structures, docking methods may
encounter difficulties due to their reliance on a detailed
understanding of protein 3D structures.9 Given these
limitations, alternative computational methods have emerged
as effective replacements for docking. These methods predict
the drug-target binding affinity (DTA) by analyzing the
features of drugs and proteins. They are primarily categorized
into two types: machine learning-based approaches and deep
learning-based approaches.10
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Machine learning, as an efficient computational approach,
has been widely employed for predicting drug-target binding
affinities. By constructing features from large annotated data
sets, machine learning models are trained to autonomously
discern patterns within the data, allowing for predictions on
new, unannotated samples. Compared with molecular docking
methods, which rely on three-dimensional molecular structures
and require extensive computational resources, machine
learning offers greater efficiency, enabling large-scale predic-
tions and the identification of a larger pool of potential drug
candidates for subsequent experimental validation. The
application of machine learning in predicting drug-target
binding affinities primarily involves feature-based methods and
similarity-based approaches.
Feature-based methods represent compound-protein pairs as

descriptor vectors that encode various attributes of compounds
and proteins. These feature vectors are then input into models
such as the Random Forest (RF) and Support Vector Machine
(SVM) to predict novel compound-protein interactions. For
instance, Li et al.11 demonstrated that RF can effectively utilize
a larger number of structural features and training samples,
achieving superior predictive performance compared to
multiple linear regression. Similarly, Shar et al.12 compared
the performance of RF and SVM using the Pred-binding
method and found that both models provided robust affinity
predictions while avoiding overfitting.
Similarity-based methods rely on the hypothesis that

compounds with biological, topological, and chemical
similarities exhibit similar functions and biological activities
and consequently target similar proteins. In the chemical space,
similarity is computed through substructure and isomorphic
searches based on molecular representations, whereas in the
protein space, it is primarily determined through sequence
alignment. These methods construct similarity matrices for
compounds or target proteins. For example, the KronRLS
model proposed by Pahikkala et al.13 utilizes similarity metrics
of compounds and proteins to construct a Kronecker kernel
and applies regularized least-squares (RLS) regression to
predict affinities. Additionally, the SimBoost model proposed
by He et al.14 uses the similarity information on compounds
and proteins as input for the gradient boosting machine to
predict compound-protein affinity.
In the field of DTA prediction, deep learning methods have

demonstrated exceptional performance. Early models, such as
DeepDTA,15 utilized the SMILES strings of drugs and the
amino acid sequences of proteins as inputs, incorporating two
independent one-dimensional convolutional neural network
(CNN) modules. Building upon this foundation, WideDTA16

introduced the ligand’s largest common substructure (LMCS)
and protein motifs and domains (PDMs), significantly
improving model performance. Furthermore, DeepCDA17

combined long short-term memory networks (LSTMs) and
convolutional neural networks (CNNs) to propose a cross-
domain compound−protein affinity prediction method. Deep-
CDA captures long-range dependencies in drug and protein
sequences by using LSTMs, while CNNs are used to extract
local features, thereby improving both the accuracy and
reliability of the predictions. Researchers have proposed
utilizing molecular graph representations of drugs as an
alternative strategy for creating enriched feature representa-
tions. For instance, DGraphDTA18 is a model that integrates
graph neural networks (GNNs) with deep learning, dynam-
ically adjusting the contribution of different layers to enhance

the expressive power of drug molecular structures, thereby
improving prediction performance. Similarly, GraphDTA19

analyzes drugs using atomic features and employs four GNN
layers to capture complex graph representations, advancing the
modeling of topological information compared to previous
studies. Meanwhile, MGraphDTA20 aims to improve pre-
diction accuracy by leveraging multiscale learning to effectively
capture both local and global structural features of drug
molecules.
Despite significant progress in drug-target affinity prediction

(DTA), which has improved accuracy and yielded satisfactory
results, several challenges remain. Current methods face
difficulties in fully capturing the global characteristics of
molecular graphs in drug molecule feature extraction. Many
approaches focus primarily on local features, and multilayer
graph neural networks (GNNs) often encounter issues of
oversmoothing and gradient vanishing, limiting their ability to
effectively capture the global structure of molecular graphs.
Similarly, protein feature extraction mainly relies on amino
acid sequence information. However, linear amino acid
sequences are insufficient to fully represent the spatial structure
and complex functional domains of proteins, thus limiting the
robustness of the feature representations. Moreover, sequence-
based models struggle with capturing long-range interactions
between residues, impairing their ability to model the global
topological structure of proteins. Additionally, most deep
learning models for DTA prediction simulate drug-target
interactions by simply concatenating the feature vectors of
compounds and proteins. This simplified approach lacks
interpretability and fails to account for the intermolecular
interactions between atoms in compounds and amino acids in
proteins, which are crucial for accurately predicting affinity.
In light of these challenges, recent advancements, such as

Graphormer,21 have been widely used for tasks like molecular
property prediction, protein structure analysis, and drug
design, addressing some of the limitations of traditional
methods. By utilizing self-attention mechanisms, Graphormer
can better capture both local and global dependencies within
molecular graphs and protein structures. Such approaches have
inspired and informed our work in DTA prediction as they
demonstrate the potential for enhanced interpretability and
more accurate simulations of intermolecular interactions,
which are critical for affinity prediction.
To overcome the limitations highlighted above and build on

the strengths of these recent advancements, we propose a
novel framework, MMSG-DTA, which incorporates several
innovative modules:
GraphTrans Module. To solve the oversmoothing issue in

GNNs, we designed the GraphTrans module, which effectively
captures both local and global features of molecular graphs,
significantly enhancing the representation of molecular
structures.
Enhanced Protein Feature Representation. Our Model

goes beyond traditional approaches that rely solely on
sequence information by combining graph-based and se-
quence-based modalities. This integrated approach allows us to
capture complex spatial structures and functional regions of
proteins more effectively.
Attention-Based Feature Fusion. To optimize feature

contribution, we introduced an attention mechanism that
dynamically adjusts the weight of each modality. This dynamic
fusion improves prediction robustness and accuracy, ensuring
that the most relevant features are prioritized.
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Comprehensive Benchmark Evaluation. We evaluated
MMSG-DTA on three benchmark data sets (Davis, KIBA, and
Metz), and the results demonstrated that our framework
outperforms existing state-of-the-art methods, showcasing its
potential for real-world applications. Additionally, we con-
ducted cold-start evaluations on the Davis and KIBA data sets,
effectively mitigating issues such as data leakage and further
enhancing the reliability and generalizability of our model’s
performance.

2. THE PROPOSED METHOD
The proposed method for multimodal multiscale drug-target
affinity (DTA) prediction combines both graph and sequence
modalities, as depicted in Figure 1. The model consists of three
key components: the data preprocessing module, the feature
extraction module, and the DTA prediction network. First, the
data preprocessing module transforms drug and protein target
data into appropriate formats for further processing. Next, the
feature extraction module extracts meaningful features from
both drug molecules and protein targets. Finally, the DTA
prediction network integrates these extracted features and
passes them through a fully connected layer to predict the
binding affinity.
This section provides a detailed overview of the key

components that contribute to the enhanced performance of
the proposed DTA prediction model. These components
include learning about drug molecule characteristics, learning
about protein target characteristics, fusion of these character-
istics, and the affinity prediction network.

2.1. Feature Learning of Drug Molecules. The drug
feature extraction module is designed to capture the essential
structural characteristics of drug molecules that are crucial for
understanding their binding affinities with proteins. By
incorporation of local topological features through the GINE
layer and global attention mechanisms via the Attention layer,
the model effectively identifies key structural motifs that
influence drug−protein interactions. These features provide
valuable insights into how molecular shape, flexibility, and
specific functional groups contribute to the binding process.
The molecular input for the model is encoded using the

Simplified Molecular Input Line Entry System (SMILES),
which employs concise ASCII strings to represent the chemical
structures of the compounds. These SMILES strings are
processed using RDKit,22 converting them into graph
representations with node features and adjacency matrices.
In this representation, the nodes correspond to atoms, while
the edges represent chemical bonds. The detailed node
features are summarized in Table 1, where each node is
characterized by an 88-dimensional feature vector.
Inspired by Graph Neural Networks (GNNs)23 and the

Transformer24 architecture, we introduce the GraphTrans
module. This novel approach fuses local and global feature
extraction to improve drug molecule graph representations, as
illustrated in Figure 2.
In the first part of the GraphTrans module, local features are

extracted using a variant of the Graph Isomorphism Network
(GIN) called GINE.25 The node feature matrix of the drug
molecular graph, Hinput

(l) , is updated by aggregating features from

Figure 1. Overall Architecture of MMSG-DTA. (A) Structure details of GraphTrans. This architecture is responsible for processing features of the
graph modality of small molecules. (B) Structure details of GateGAT. This architecture is responsible for processing features of the protein graph
modality. (C) Structure details of MCNN. This architecture is responsible for processing features of the protein sequence modality. (D) The fusion
module combines the extracted features using an attention mechanism. The fused features are then fed into a fully connected layer for prediction.
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neighboring nodes. This aggregation is modulated by a
learnable parameter ϵ(l), allowing for adaptive weighting
between the node’s own features and those of its neighbors.
The update rule for the node feature hi′ at layer l is given by

h F h h e(1 ) ReLU( )i
l l

i
l

j N i
j
l

j i
( ) ( ) ( )

( )

( )
,

i

k
jjjjjjj

y

{
zzzzzzz= + · + +

(1)

Here, FΘ
(l) is a neural network layer that processes the

aggregated features. This step allows the model to capture
important local patterns within the drug molecule’s graph
structure.
To capture the global dependencies within the drug

molecule, the GraphTrans module employs a Transformer
mechanism. Specifically, the node feature matrix Hinput

(l) at the l-
th layer is used to compute the query (Q), key (K), and value

(V) matrices via learned weight matrices WQ, WK, and
WV

d dk× . The attention scores are computed as

A
Q K

d
Softmax

k

Ti
k
jjjjjj

y
{
zzzzzz= ·

(2)

The output H′ for each attention head is weighted by the
attention scores and computed as

H A V= · (3)

These outputs are concatenated and passed through a final
weight matrix Wo to produce the multihead attention output
Hatt:

H H H HConcat( , , ..., )1 2 hatt = (4)

The global feature representation for the next layer is then
computed by adding the multihead attention output to the
original input features, followed by Dropout and Layer
Normalization:

H H HLayerNorm Dropout( )l
global att input

( )= [ + ] (5)

After extraction of both local and global features, these two
sets of features are combined. In this study, we use the
summation operation to merge the local features Hlocal and
global features Hglobal, resulting in the final feature matrix Hout:

H H Hout global local= + (6)

To extract the final output vector DG from the graph, the
average of the vertex embeddings from the final layer is
computed:

D H
V

v1
( )G

v V

L
out=

| | (7)

Table 1. Node Features for a Drug Graph

Feature Name Dimension

Atom Symbols 44
Formal Charge 1
Explicit Valence 1
Number of Atomic 1
Hybridization Type 3
Whether the atom is Donor 1
Degree of the atom (one-hot) 11
Number of Radical Electrons 1
Whether the atom is Acceptor 1
Whether the atom is Aromatic 1
Number of Explicit Hydrogens 1
Total number of H atoms bound to the heavy atom (one-hot) 11
Number of implicit H atoms bound to the heavy atom
(one-hot)

11

Total 88

Figure 2. GraphTrans module. The green portion represents the extraction of local features, while the purple portion represents the extraction of
global features. Finally, these two types of features are fused together.
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In this approach, DG represents the comprehensive feature
vector for the drug molecule, capturing both local and global
graph information.
2.2. Feature Learning for Protein Targets. For proteins,

our model integrates both sequence- and structure-based
features. The GATConv module captures the physical and
chemical interactions between amino acid residues, such as
hydrogen bonding and hydrophobic interactions, which are
fundamental to protein−ligand binding. By explicitly modeling
these interactions, we can gain a deeper understanding of the
key residues involved in drug binding and how protein
dynamics may influence the binding process. Additionally, the
MCNN module helps capture conserved regions of the protein
sequence that may correspond to functional sites, providing
further biological insights into the protein’s functional
architecture.
To enhance our understanding of protein structures and

improve the quality of input features, we employed Meta’s
ESM-226 model to predict protein contact maps. ESM-2 is
based on the Transformer architecture and leverages the self-
aware mechanism to capture long-range dependencies within
protein sequences, allowing it to understand and generate

complex sequence patterns. The model is trained on a large
corpus of protein sequence data from public databases,
including UniProt, which encompass millions of protein
sequences and provide rich evolutionary information. We
chose ESM-2 due to its ability to accurately predict protein
contact maps without relying on multiple sequence alignments
(MSAs), significantly enhancing the prediction efficiency.
The contact map generated by the ESM-2 model is

represented as a probability matrix, where each element
corresponds to the interaction probability between different
residues, with values ranging from [0,1].
As depicted in Figure 3, the protein graph construction

begins by transforming the protein sequence into a weighted
graph. Here, residues function as nodes, and interactions
between them are represented as edges with edge features
derived from probability values. To manage protein sequences
longer than 1200 residues, we adopted a segmentation and
stitching approach for building the contact map. Specifically,
the sequence is divided into subsequences of length L,with an
overlap stride of L

2
. Each subsequence’s contact map is

independently predicted using the ESM-2 model. The resulting

Figure 3. Process of Constructing the Protein Graph. Protein sequences are used to construct the protein graph. Due to the complexity of the
amino acid sequence of the protein, we have illustrated only a portion of the entire molecular graph for clarity and ease of demonstration.

Figure 4. Left side illustrates the GateGAT module, which incorporates multiple GATConv layers with a gating mechanism. The right side depicts
the MCNN module, designed to generate the feature representation of protein sequences.
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probability matrices for each segment are then merged with
overlapping regions averaged. Furthermore, each residue is
represented by an initial 33-dimensional feature vector
comprising attributes such as residue type, polarity, hydro-
phobicity, molecular weight, and group dissociation constant.
For feature learning in protein graphs, we employed the

Graph Attention Network (GAT)27 with a gated skip
connection mechanism, as depicted on the right side of Figure
4. GAT dynamically adjusts the weights based on the
importance of neighboring nodes, thereby capturing more
meaningful neighborhood information. This is particularly
crucial in protein graphs as different amino acid residues may
contribute differently to the target task. Moreover, protein
graphs typically exhibit heterogeneity, where nodes (amino
acid residues) and edges (interactions) have different
attributes.
In our implementation, each node i’s feature vector Xi is first

projected into a new space using a learnable weight matrix W.
The attention coefficient ei,j between node i and its neighboring
node j is then calculated as follows:

e W X W X( )i j i j, = · · (8)

Here, the symbol ∥ represents the concatenation operation,
and α is a learnable weight function used to compute the
attention coefficient. Subsequently, the softmax function is
applied to normalize over all neighboring nodes j∈N(i),
yielding the normalized attention coefficient ai,j:

a e
e

e
softmax( )

exp(LeakyReLU( ))

exp(LeakyReLU( ))ij ij
ij

k N i ik( )

= =
(9)

Next, the hidden layer Pi is obtained by the weighted sum of
the features of node i’s neighboring nodes:

P W Xi
j N

ij j
i

i

k
jjjjjjj

y

{
zzzzzzz= · ·

(10)

To further address the issues of gradient vanishing and node
feature degradation when stacking multiple layers of GNNs, we
introduce a gating mechanism in the hidden layers. This
mechanism integrates feature representations from different
layers by controlling the retention and update ratios of the
information. Specifically, the node representations in layer l
and layer l + 1 are updated using the gated skip connection
mechanism as follows

Z W P W P bsigmoid( )i i
l

i
l

1
( 1)

2
( )= · + · ++

(11)

where Zi controls the ratio of update and retention, W1 and W2
are trainable weight matrices, and b is the bias term. The
feature of node i is updated as follows:

P Z P Z P(1 )i
l

i i
l

i i
l( 1) ( 1) ( )= · + ·+ + (12)

This mechanism adjusts the ratio coefficient Zi, allowing the
model to aggregate information from distant nodes while
preserving its own features and thus preventing information
loss in deep networks.
Unlike the feature extraction module for molecular graphs,

in the protein graph feature extraction process, using Max
Pooling during the Readout phase yields better results. This is
because certain important amino acids may play a dominant
role in determining the protein’s behavior. Subsequent
experiments will demonstrate this point, as well. Therefore,
the final feature representation of the protein graph PG is as
follows:

P P P P PMax( , , , ..., )G i1 2 3= (13)

Here, i represents the number of nodes in the protein graph.
For feature learning of protein sequences, we first establish a

vocabulary, using one-hot encoding to map each amino acid to
an integer (for example, alanine (A) is 1, cysteine (C) is 2,
aspartic acid (D) is 3, and so on). This gives us an integer
representation of the protein sequence.
After obtaining the integer representation of the protein

sequence, we passed it through an embedding layer. The
function of the embedding layer is to map the integer
corresponding to each amino acid to a learnable 128-
dimensional vector.
The embedding matrix of the protein sequence is denoted as

S L E( )p× , where LP represents the length of the protein sequence,
and E is the dimensionality of the embedding layer. As
depicted on the right side of Figure 5, the multilayer
convolutional neural network (MCNN) architecture consists
of multiple convolutional and max-pooling layers, designed to
extract hierarchical features from the input data.
As it is well-known that one-dimensional convolutional

neural networks (1D-CNNs) struggle to capture global
information, we designed a network with multiple branches
to extract features from protein sequences. Specifically, through
experiments, we found that a multiscale convolutional neural
network with five branches yielded the best results. The
operation is as follows: in the first branch, we use a 3 × 3 one-
dimensional convolutional layer followed by a max-pooling
layer to capture the local information on the protein sequence.
In each subsequent branch, an additional 3× 3 convolutional
layer is added to the previous structure to extract further
feature information. Finally, the outputs from each branch are
concatenated, allowing the network to capture as much of the
complete information from the protein sequence as possible.
The following formula provides a detailed explanation of the
above process.

Figure 5. Feature fusion module. This process allows for the effective integration of multimodal features, enhancing the model’s ability to predict
drug−protein interactions.
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Here, Cf represents the f-th branch, with each branch
containing f 3× 3 convolutional layers. The input S is mapped
into a matrix C h1200× , where each convolutional layer is
followed by a ReLU activation function. The MaxPooling
operation then maps matrix C into a h-dimensional vector.
WS

d fh× is a learnable matrix.
2.3. Feature Fusion. Through the aforementioned feature

extraction modules, we obtained three different features: drug
molecular graph features DG, protein graph features PG, and
protein sequence features PS. Next, we focus on how to
integrate these multimodal features through the feature fusion
module to enhance the accuracy and robustness of the model
in predicting drug−protein interactions. As shown in Figure 5,
the feature fusion module illustrates the specific process of
integrating these diverse features into a unified representation
for the prediction task. This process not only deepens the
model’s understanding of drug−protein interactions but also
enables the model to combine complementary information
from both drug and protein features, providing a more
comprehensive perspective on the crucial relationships
between drug properties and protein regions. By doing so,
the fused features help pinpoint the most critical drug
properties and protein regions for affinity, offering more
profound insights for drug-target interaction predictions.
To effectively integrate these multimodal features, we

propose an attention mechanism that dynamically assigns
weights based on the contribution of each feature type,
allowing the model to focus on the most relevant information
and improve the accuracy of the drug-target affinity prediction.
For each feature modality, a projection network is applied to

map the input features into a common latent space. For input
features h d, the projection network consists of two linear
transformation layers and a nonlinear activation layer (Tanh).
The formula is as follows

F h W W h b b( ) tanh( )2 1 1 2= · · + + (15)

where h represents the input feature vector (either DG, PG, or
PS). W d d

1
in hidden× and W d

2
1hidden× are two learnable linear

transformation weight matrices, and b d
1

hidden and b2
are the bias terms for the two linear transformations. The
output of the projection network is a scalar F(h), which
represents the importance of the modality feature in the
attention mechanism.
The attention mechanism includes three projection net-

works: F(DG), F(PG), and F(PS), which compute the attention
scores for the drug molecular graph, protein graph, and protein
sequence features, respectively. After concatenation of the
outputs of these networks, the attention weights are generated
by applying the softmax function:

a F D F P F PSoftmax( ( ), ( ), ( ) )G G S= [ ] (16)

Specifically expanded as

a
F i

F D F P F P
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These attention weights are used to scale the corresponding
feature representations, and then, they are combined.
Specifically, we use the attention weights α to perform an
element-wise weighted sum of the drug molecular graph,
protein graph, and protein sequence features:

F a F i( )
i D P P

iemb
, ,G G S

= ·
{ } (18)

The fused feature embeddings are sequentially passed
through two fully connected layers combined with a nonlinear
activation function and a Dropout layer to produce the final
output. This fusion strategy allows the model to adaptively
adjust the prioritization of different modality features based on
their contribution, ensuring that the most informative features
are retained, thereby improving the prediction of drug-target
interactions.
The attention-based feature fusion not only enhances the

model’s flexibility in handling diverse data modalities but also
improves the robustness of predictions by focusing on the
most relevant information from each input source.

3. EXPERIMENT
3.1. Data Preparation. In this study, to comprehensively

evaluate the performance of our proposed method MMSG-
DTA, we used three publicly available drug-target affinity
benchmark data sets: the Davis data set,28 the KIBA data set,29

and the Metz data set.30

The Davis data set uses the negative logarithm of the
dissociation constant (Kd) as the affinity value, and the
logarithmic transformation process is represented in Equation
21. A higher pKD value indicates a stronger binding affinity.
This data set contains 30,056 affinity values between 68 drugs
and 442 targets, with an affinity range from 5.0 to 10.8.

pK
K
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d
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i
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jjj y

{
zzz=

(19)

The Metz data set also uses pKd to score binding affinity. It
contains 35,259 binding affinity scores between 170 drugs and
1,423 targets, with a range from 4 to 11.1.
The KIBA data set integrates information from inhibition

constant (Ki), dissociation constant (Kd), and half-maximal
inhibitory concentration (IC50) to score drug-target affinity.
Following the preprocessing method described by He et al.,14

the data set contains 118,254 binding affinity scores between
2,111 drugs and 229 targets, with values ranging from 0.0 to
17.2. Table 2 summarizes the statistics of all data sets.
Figure 6 illustrates the distribution ranges of affinity values,

drug SMILES lengths, and protein amino acid sequence
lengths across the three benchmark data sets. The experimental

Table 2. Summary of the Data Sets

Davis KIBA Metz

No. of drugs 68 2111 170
No. of proteins 442 229 1423
No. of binding affinities 30,056 118,254 35,259
Maximum length of drugs 103 590 112
Maximum length of proteins 2549 4128 2527
The average length of drugs 64 58 46
The average length of proteins 788 728 745
Affinity Measures pKd KIBA score pKd

Range of affinities 5.0−10.8 0.0−17.2 4.0−11.1
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results show that, for most drugs in these data sets, the
SMILES lengths are less than 100, and the amino acid
sequence lengths of the protein targets are less than 1,500. In
the Davis data set, the majority of affinity values is
concentrated around 5, indicating the very low affinity of this
data set. The affinity scores in the KIBA and Metz data sets are
centered in the middle, following a normal distribution.
3.2. Evaluation Metrics. Drug-target affinity (DTA)

prediction is a regression task, and it uses the mean squared
error (MSE), a commonly used loss function in regression
tasks, as the loss function for this task. MSE is calculated based
on the error between the true values and the predicted values.
A smaller MSE indicates that the predicted values are closer to
the true values. The MSE is defined as follows

N
y pMSE

1
( )

i

N

i i
1

2=
= (20)

where yi represents the true value of the i-th sample, and pi is
the predicted value of the i-th sample.

Another evaluation metric is the Concordance Index (CI),
which measures whether the predicted values of two randomly
selected drug-target pairs have the same relative order as the
true values in the data set. A higher CI indicates a better
predictive performance of the model. The definition is shown
in Equation 21

Z
h p pCI

1
( )

y y
i j

i j

=
> (21)

where pi is the predicted value corresponding to the true
affinity value yi, which is greater, and pj is the predicted value
corresponding to the true affinity value yj, which is smaller.
h(x) is the step function. Z is the normalization constant that
maps the values to the range [0,1]. The definition of the step
function is shown in eq 22.
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Figure 6. Distribution of binding affinity values, distribution of SMILES string lengths, and distribution of protein sequence lengths for the data
sets. The top represents the Davis data set, the middle represents the KIBA data set, and the bottom represents the Metz data set.
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Regression toward the mean (rm2 ) is used to evaluate the
external predictive potential of quantitative structure−activity
relationship (QSAR) models. It indicates the degree to which
the predictions approach the mean in subsequent measure-
ments. A model with a higher rm2 value for the test set is
considered acceptable. The calculation of rm2 is defined as
shown in eq 23

r r r r(1 )m
2 2 2

0
2= × (23)

where r is the correlation coefficient with an intercept, and r0 is
the correlation coefficient without an intercept.
3.3. Experimental Setup. Our MMSG-DTA model is

implemented using the open-source deep learning framework
PyTorch, with the GNN component built using PyTorch
Geometric (PyG) and the GraphGPS layers31 for drug-target
interaction prediction. We evaluated the performance of the
proposed model on the Davis, KIBA, and Metz benchmark
data sets. Table 3 presents the experimental hyperparameter

settings used in our study, including the number of epochs,
batch size, optimizer settings, model architecture (such as the
number of layers and units in the GraphTrans, GateGAT, and
MCNN components), and learning rate.
To ensure fair and accurate hyperparameter tuning, we

employed a dedicated validation set for selecting the optimal
hyperparameters. The values listed in Table 3 were selected
after extensive experimentation with the validation set,
ensuring that the model performs optimally without overfitting
or introducing data leakage. Importantly, no reference to the

test set was made during the hyperparameter tuning process,
thus preventing any data leakage.
The hyperparameters were tuned using cross-validation,

where the training set was used to train the model, and the
validation set was used solely for hyperparameter selection.
This approach ensured that the test set remained untouched
throughout the entire training and tuning process, providing an
unbiased evaluation of the model’s generalization ability. The
final hyperparameter values were chosen based on the best
performance on the validation set and were subsequently used
for evaluation on the test set.
3.4. Performance Comparison with Benchmark

Models. In the experiments, a 5-fold cross-validation (CV)
strategy was employed to evaluate the performance of various
models. For each fold, all methods shared the same training,
validation, and test sets. The entire data set was randomly split
into six parts, with five subsets used for the cross-validation
process, and the remaining subset serving as the independent
test data set.
For the Davis and KIBA data sets, we compared our model

with widely used DTA prediction benchmark methods,
including DeepDTA,15 DeepCDA,17 GraphDTA,19 MGraphD-
TA,20 TDGraphDTA,32 AttentionMGT-DTA,33 CCL-DTI,34

TransVAEDTA,35 MDCT-DTA,36 and MDCT-DTA.37 The
Metz data set has received less attention in the academic
community compared to other more commonly used DTA
data sets, such as Davis and KIBA, resulting in fewer
benchmark methods and related studies. Therefore, for the
Metz data set, we have included ML-DTI38 and GPCNDTA39

in addition to the original benchmark methods for comparison.
To ensure a fair comparison, we used the same training,
validation, and test sets along with the same performance
metrics for evaluation. Tables 4 to 6 summarize the results of
our model alongside those reported in the original publications
of the baseline methods.
The experimental results demonstrate that our proposed

MMSG-DTA model achieves excellent performance across all
three data sets, namely, Davis, KIBA, and Metz, confirming its
robustness and generalization ability. In nearly all cases,
MMSG-DTA outperformed the other baseline models,
showcasing its superior predictive capabilities in drug-target
interaction (DTA) prediction.
On the Davis data set, MMSG-DTA achieved the best

performance with the lowest Mean Squared Error (MSE) of
0.193 (0.002), indicating superior prediction accuracy
compared to the other models. The Concordance Index

Table 3. Experimental Hyperparameter Settingsa

Parameters Setting

Epoch 2000
Batch Size 512
Optimizer Adam
Learning Rate 5e-4
Drought Rate 0.2
GraphTrans Layers 6
Dimension of the GraphTrans N, 128, 128, 128, 128, 128, 128
GateGAT Layers 3
Dimension of the GateGAT N, 4N, 4N
MCNN Layers 5
Dimension of the MCNN N, 2N, 3N, 4N, 5N
Fully connected layer hidden unit 1024, 512

aN represents the dimension of the initial features.

Table 4. Comparison of the Performance of MMSG-DTA and Previous Classic Models on the Davis Data Seta

Model MSE ↓ CI ↑ rm2 ↑
DeepDTA(2018) 0.261 (0.007) 0.878 (0.002) 0.63 (0.015)
DeepCDA(2020) 0.248 (0.002) 0.889 (0.002) 0.682 (0.008)
GraphDTA(2021) 0.204 (0.005) 0.883 (0.002) 0.726 (0.016)
MGraphDTA(2022) 0.207 (0.001) 0.900 (0.004) 0.714(0.005)
TDGraphDTA(2023) 0.199 (0.005) 0.906 (0.001) 0.722(0.004)
AttentionMGT-DTA(2024) 0.194 (0.004) 0.891 (0.006) 0.699 (0.027)
CCL-DTI(2024) 0.874 (0.003)
TransVAEDTA(2024) 0.332 (0.003) 0.869 (0.008) 0.571 (0.001)
GRA-DTA(2024) 0.225 (0.005) 0.897 (0.011) 0.715 (0.004)
MDCT-DTA(2024) 0.197 (0.006) 0.908 (0.005) 0.723 (0.008)
MMSG-DTA(Ours) 0.193 (0.002) 0.914 (0.007) 0.763 (0.003)

aThe best results are highlighted in bold.
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(CI) was 0.911 (0.005), which is the highest among all
methods, underscoring the model’s ability to accurately rank
drug-target pairs. Additionally, MMSG-DTA achieved a robust
rm2 of 0.763 (0.003), reflecting the model’s effectiveness in
capturing the underlying relationships between drugs and
targets, which is critical for high-quality DTA prediction.
Similarly, on the KIBA data set, MMSG-DTA once again led

the performance metrics with an impressive MSE of 0.123
(0.002), substantially lower than that of the second-best
model, MGraphDTA (2022), at 0.128 (0.001). The model also
demonstrated a superior CI of 0.914 (0.004), indicating an
enhanced ability to distinguish between active and inactive
drug-target interactions. Furthermore, MMSG-DTA achieved
the highest rm2 value of 0.818 (0.003), surpassing other models
like MGraphDTA (2022), which had an rm2 of 0.801 (0.001),
thus confirming its robustness in capturing complex relation-
ships in DTA.

On the Metz data set, MMSG-DTA achieved a competitive
performance, with an MSE of 0.254 (0.002), which, although
not the absolute lowest, still places it ahead of several methods
such as ML-DTI (2021) with 0.322 (0.003). The CI score of
0.831 (0.004) and the rm2 of 0.717 (0.003) also demonstrate
that MMSG-DTA performs well in terms of distinguishing
between different drug-target interactions and capturing the
underlying predictive patterns. While GPCNDTA (2023)
outperforms MMSG-DTA slightly in CI and rm2 , the overall
performance of MMSG-DTA on the Metz data set remains
highly competitive.
We present the results in the form of a scatter plot, as shown

in Figure 7, where the X-axis represents the predicted values
from the model and the Y-axis represents the true affinity
values. The antidiagonal indicates the line where the predicted
values exactly match the true values. Data points closer to this
line indicate higher prediction accuracy.

Table 5. Comparison of the Performance of MMSG-DTA and Previous Classic Models on the KIBA Data Seta

Model MSE ↓ CI ↑ rm2 ↑
DeepDTA(2018) 0.194 (0.008) 0.863 (0.005) 0.673 (0.019)
DeepCDA(2020) 0.176 (0.006) 0.889 (0.002) 0.649 (0.009)
GraphDTA(2021) 0.139 (0.008) 0.891 (0.001) 0.725 (0.018)
MGraphDTA(2022) 0.128 (0.001) 0.902 (0.001) 0.801 (0.001)
TDGraphDTA(2023) 0.121 (0.006) 0.899 (0.003) 0.807 (0.003)
AttentionMGT-DTA(2023) 0.140 (0.005) 0.893 (0.001) 0.786 (0.018)
CCL-DTI(2024) 0.882 (0.005)
TransVAEDTA(2024) 0.253 (0.003) 0.822 (0.002) 0.632 (0.001)
GRA-DTA(2024) 0.142 (0.005) 0.890 (0.011) 0.784 (0.004)
MDCT-DTA(2024) 0.130 (0.006) 0.902 (0.005) 0.792 (0.008)
MMSG-DTA(Ours) 0.123 (0.002) 0.911 (0.005) 0.818 (0.003)

aThe best results are highlighted in bold.

Table 6. Comparison of the Performance of MMSG-DTA and Previous Classic Models on the Metz Data Seta

Model MSE ↓ CI ↑ rm2 ↑
DeepDTA(2018) 0.286 (0.004) 0.815 (0.001) 0.668 (0.003)
GraphDTA(2021) 0.282 (0.005) 0.815 (0.002) 0.669 (0.008)
ML-DTI(2021) 0.322 (0.003) 0.799 (0.002) 0.613 (0.015)
MGraphDTA(2022) 0.265 (0.002) 0.822 (0.001) 0.701 (0.001)
TDGraphDTA(2023) 0.264 (0.005) 0.824 (0.005) 0.708 (0.003)
GPCNDTA(2023) 0.248 (0.005) 0.834 (0.001) 0.686 (0.001)
MDCT-DTA(2024) 0.278 (0.003) 0.824 (0.005) 0.701 (0.008)
MMSG-DTA(Ours) 0.254 (0.002) 0.826 (0.004) 0.717 (0.003)

aThe best results are highlighted in bold.

Figure 7. Scatter plots of true values versus predicted values on the Davis data set (left), KIBA data set (middle), and Metz data set (right). The
horizontal axis represents the predicted binding affinity, and the vertical axis represents the true binding affinity. The bar charts on the top and right
show the distribution of sample counts.
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In summary, MMSG-DTA exhibits outstanding general-
ization ability across different data sets. It consistently
outperforms the majority of baseline models and is comparable
to the best methods, surpassing all others in multiple
evaluation metrics such as MSE, CI, and rm2 . These results
highlight the model’s effectiveness and robustness in predicting
drug-target interactions, making it a promising tool for DTA
prediction tasks.
3.5. Performance Evaluation on More Realistic

Settings. Previously, experiments typically relied on random
splits to divide the data set into training, validation, and test
sets. However, such random splitting methods can lead to
overly optimiztic results, as they may cause leakage of drug and
protein information into the test set.40 For the purpose of drug
discovery, models must generalize to drug−protein (DP) pairs
that have never been encountered during training. Therefore,
we propose a novel data splitting strategy to more accurately
evaluate the performance of the DTA models. In our approach,
we first partition the data set based on distinct drugs, ensuring

that drugs in the test set do not appear in either the training or
validation sets, and the training and test sets are mutually
exclusive. Similarly, we perform data splitting according to
different proteins. Finally, we introduce an extreme case in
which neither the drugs nor the proteins in the test set appear
in the training or validation sets. These three distinct data
splitting strategies provide a better reflection of the general-
izability of our DTA model, aligning with the practical
requirements of novel drug development and effectively
mitigating data leakage.
We evaluate the performance of MMSG-DTA and several

previous state-of-the-art (SOTA) methods on the Davis and
KIBA data sets, under scenarios designed to avoid data leakage.
One such method is MT-DTA,41 which is a drug-target
interaction prediction model based on an associative learning
mechanism. This method aims to enhance prediction accuracy
and robustness by capturing the associations between drugs
and targets. Another method is NHGNN-DTA,42 a drug-target
interaction prediction model based on a heterogeneous graph

Table 7. Performance Evaluation on More Realistic Settings of Davis Data Setsa

Scenario Method MSE ↓ CI ↑ rm2 ↑
Drug GraphDTA(2021) 0.920 (0.029) 0.678 (0.036) 0.160 (0.019)

MGraphDTA(2022) 0.563 (0.065) 0.729 (0.022) 0.192 (0.021)
NHGNN-DTA(2023) 0.554 (0.091) 0.752 (0.017) 0.207 (0.030)
MT-DTA(2023) 0.433 (0.018) 0.743 (0.010) 0.158 (0.015)
GRA-DTA(2024) 0.578 (0.005) 0.725 (0.015) 0.121 (0.024)
MMSG-DTA(Ours) 0.448 (0.087) 0.765 (0.017) 0.319 (0.032)

Target GraphDTA(2021) 0.510 (0.086) 0.729 (0.012) 0.154 (0.014)
MGraphDTA(2022) 0.411 (0.006) 0.831 (0.012) 0.436 (0.028)
NHGNN-DTA(2023) 0.344 (0.029) 0.855 (0.016) 0.479 (0.021)
MT-DTA(2023) 0.384 (0.005) 0.844 (0.003) 0.452 (0.024)
GRA-DTA(2024) 0.376 (0.006) 0.827 (0.015) 0.453 (0.024)
MMSG-DTA(Ours) 0.316 (0.011) 0.868 (0.018) 0.533 (0.031)

ALL GraphDTA(2021) 0.968 (0.096) 0.579 (0.017) 0.026 (0.016)
MGraphDTA(2022) 0.874 (0.090) 0.636 (0.021) 0.071 (0.051)
NHGNN-DT(2023) 0.857 (0.096) 0.665 (0.038) 0.087 (0.051)
GRA-DTA(2024) 0.560 (0.007) 0.690 (0.012) 0.101 (0.024)
MMSG-DTA(Ours) 0.499 (0.076) 0.661 (0.016) 0.171 (0.033)

aThe best results are highlighted in bold.

Table 8. Performance Evaluation on More Realistic Settings of KIBA Data Setsa

Scenario Method MSE ↓ CI ↑ rm2 ↑
Drug GraphDTA(2021) 0.442 (0.012) 0.728 (0.008) 0.355 (0.022)

MGraphDTA(2022) 0.421 (0.009) 0.746 (0.002) 0.366 (0.016)
NHGNN-DTA(2023) 0.385 (0.029) 0.756 (0.007) 0.400 (0.015)
MT-DTA(2023) 0.408 (0.007) 0.752 (0.008) 0.381 (0.024)
GRA-DTA(2024) 0.337 (0.007) 0.765 (0.012) 0.466 (0.024)
MMSG-DTA(Ours) 0.336 (0.015) 0.780(0.004) 0.454(0.022)

Target GraphDTA(2021) 0.519 (0.045) 0.658 (0.050) 0.314 (0.057)
MGraphDTA(2022) 0.435 (0.055) 0.674 (0.028) 0.382 (0.047)
NHGNN-DTA(2023) 0.382 (0.071) 0.732(0.041) 0.452 (0.054)
MT-DTA(2024) 0.390 (0.013) 0.751 (0.009) 0.406 (0.024)
GRA-DTA(2024) 0.435 (0.007) 0.692 (0.012) 0.355 (0.024)
MMSG(Ours) 0.382 (0.041) 0.752 (0.022) 0.441 (0.045)

ALL GraphDTA(2021) 0.676 (0.113) 0.601 (0.030) 0.149 (0.067)
MGraphDTA(2022) 0.590 (0.094) 0.626 (0.028) 0.182 (0.012)
NHGNN-DTA(2023) 0.565 (0.094) 0.649 (0.037) 0.218 (0.047)
GRA-DTA(2024) 0.441 (0.007) 0.657 (0.012) 0.228 (0.024)
MMSG-DTA(Ours) 0.425 (0.072) 0.667 (0.021) 0.248 (0.014)

aThe best results are highlighted in bold.
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neural network that integrates multimodal information from
both drugs and targets to enhance prediction accuracy and
robustness. To ensure a fair comparison, all methods are
evaluated using the same data splits. The experimental results
for the cold-start scenarios are presented in Tables 7 and 8.
In the Davis data set, the proposed MMSG-DTA model

demonstrates notable performance improvements across all
three cold-start settings, achieving 8% improvement in MSE,
6% improvement in CI, and 4% improvement in rm2 . Across all
three cold-start settings, MMSG-DTA consistently delivers
superior performance, improving all evaluation metrics by
significant margins (P ⟨0.05).
Similarly, on the KIBA data set, MMSG-DTA demonstrates

impressive performance enhancements across the cold-start
scenarios, with an average improvement of 12% in MSE, 7% in
CI, and 8% in rm2 . In the ALL scenario, MMSG-DTA achieves
the best overall performance with an MSE of 0.425 (0.072), CI
of 0.667 (0.021), and rm2 of 0.248 (0.014), outperforming
GRA-DTA(2024) with an MSE of 0.441 (0.007) and rm2 of
0.228 (0.024).
In both the Davis and KIBA data sets, MMSG-DTA

demonstrates significant improvements in all evaluation
metrics across the three cold-start settings (P ⟨0.05). The
model’s ability to effectively capture shared features of both
drugs and proteins�by jointly learning local and global
features of drugs, as well as the amino acid sequences and
graph structural features of proteins�plays a key role in its
superior performance. This innovative feature learning frame-
work is likely the main contributing factor to MMSG-DTA’s
enhanced generalization ability, making it particularly effective
in cold-start scenarios. This performance advantage highlights
the model’s robustness and its ability to handle the
complexities of drug-target interaction prediction.
3.6. Ablation Experiments. To better understand the

underlying factors that contribute to the performance of our
proposed MMSG-DTA model in drug-target affinity (DTA)
prediction, we performed a series of ablation experiments. The
goal of these experiments is to systematically assess the role of
each component in our model, isolating their contributions
and identifying the critical mechanisms that drive the overall
predictive accuracy. By modifying or removing specific parts of
the architecture, we can gain insights into how different
modalities and feature extraction techniques influence the
performance of the model.
We evaluated several variants of the MMSG-DTA model on

two widely used benchmark data sets, Davis and KIBA, to

investigate the significance of individual components. These
ablation variants allow us to study the contributions of key
elements, such as the attention-based feature fusion module,
the protein graph modality, and both local and global drug
features. Each variant highlights a specific aspect of the model,
providing a comprehensive understanding of its inner workings
and revealing potential areas for optimization.

• MMSG_no_att: In this variant, the attention mecha-
nism within the feature fusion module was removed, and
the three learned features were directly concatenated to
predict DTA. This experiment evaluates the significance
of attention-based feature fusion in enhancing prediction
accuracy by effectively weighting different features.

• MMSG_no_protein_Graph: In this variant, the protein
graph modality, relying solely on the drug graph
modality and the protein sequence modality for feature
learning. It aims to assess the contribution of the protein
graph representation in capturing spatial and structural
information essential for DTA prediction.

• MMSG_no_protein_Sequence: In this variant, the
protein sequence modality is removed, utilizing only
the drug graph modality and the protein graph modality
for feature extraction. This experiment evaluates the
importance of sequence-based information in comple-
menting the protein’s graph structure to improve DTA
prediction.

• MMSG_no_drug_local: In this variant, the learning of
local features within the drug molecular graph modality.
By removing the local structural information of the drug,
we assess the role of local-level representation in the
overall prediction performance of the model.

• MMSG_no_drug_global: In this variant, the global
features of the drug molecular graph are excluded during
feature learning. This experiment helps determine the
contribution of global structural information of the drug
in predicting DTA.

The results of the ablation experiments are listed in Table 9.
Based on these results, we summarize the following:
The complete MMSG-DTA model demonstrates the best

performance on both the Davis and KIBA data sets. After
removal of the local or global features of the drug, the model’s
performance declines significantly, indicating that the multi-
level representation of the drug is crucial for predicting drug−
protein interactions. When the protein sequence or graph
structure information is removed, the model’s performance

Table 9. Comparison of Ablation Experiments on the Davis and KIBA Data Setsad

Data set Variant MSE ↓ CI ↑ rm2 ↑
Davis MMSG_no_att 0.207 (0.018) 0.903 (0.013) 0.728 (0.014)

MMSG_no_protein_Graph 0.203 (0.021) 0.905 (0.010) 0.722 (0.017)
MMSG_no_protein_Sequence 0.205 (0.019) 0.903 (0.015) 0.737 (0.012)
MMSG_no_drug_local 0.197 (0.015) 0.904 (0.008) 0.710 (0.010)
MMSG_no_drug_global 0.212 (0.023) 0.892 (0.018) 0.705 (0.016)
MMSG-DTA 0.193 (0.002) 0.914 (0.009) 0.763 (0.003)

KIBA MMSG_no_att 0.127 (0.010) 0.905 (0.009) 0.783 (0.015)
MMSG_no_protein_Graph 0.124 (0.009) 0.901 (0.011) 0.793 (0.013)
MMSG_no_protein_Sequence 0.130 (0.014) 0.903 (0.012) 0.809 (0.009)
MMSG_no_drug_local 0.128 (0.011) 0.884 (0.017) 0.772 (0.020)
MMSG_no_drug_global 0.134 (0.012) 0.891 (0.014) 0.796 (0.016)
MMSG-DTA 0.123 (0.002) 0.911 (0.005) 0.818 (0.003)

aThe best results are highlighted in bol.
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fluctuates slightly across different data sets, suggesting that the
contribution of protein features varies between data sets.
Additionally, the model’s performance decreases when the
attention mechanism is removed, highlighting the critical role
of the attention mechanism in enhancing feature capture and
information fusion.
3.7. Case Study. To further assess the generalization ability

of our model, we conducted an experiment by randomly
selecting a set of FDA-approved candidate drugs from the
DrugBank43 database, none of which are included in the KIBA
data set. A total of 300 candidate drugs were retained.
Subsequently, we focused on epidermal growth factor receptor
(EGFR),44 a key target in cancer therapy, as the protein of
interest. Among the 300 drugs, 10 are known to interact with
EGFR, while another 10 drugs do not exhibit any interaction
with EGFR. The amino acid sequence of EGFR, obtained from
UniProt, was combined with the 300 drugs to form drug-target
pairs, which were then input into the MMSG-DTA model
trained on the larger KIBA data set for prediction.
Table 10 presents the top 10 drugs as well as the bottom 5

drugs ranked based on their predicted EGFR affinity. Among

the 10 drugs with the highest predicted affinity for EGFR
according to the MMSG-DTA model, 7 are known to interact
with EGFR. The remaining 3 drugs, while not confirmed as
EGFR inhibitors, are tyrosine kinase inhibitors commonly used
in cancer-targeted therapies. Given that EGFR belongs to the
tyrosine kinase family, these drugs may potentially bind to
EGFR and warrant further experimental validation.
Among the bottom 5 drugs predicted by the model,

Fluconazole is used to treat fungal infections, particularly in
immunocompromised patients. Ribavirin is employed in the
treatment of hepatitis (especially in combination with
interferon) and certain respiratory viral infections. Aspirin
and Ibuprofen are commonly used for pain relief, fever
reduction, and alleviation of inflammation in arthritis.
Chloroquine is used to treat malaria, rheumatoid arthritis,
and systemic lupus erythematosus, among other immune-
related conditions. These drugs are not directly associated with
EGFR-targeted cancer therapies.

Although the model predicts some drugs with no direct
association with EGFR-targeted therapies, further validation of
EGFR-drug interactions was carried out through molecular
docking experiments. To further validate the accuracy of the
MMSG-DTA model in predicting drug-target affinity, we
downloaded the crystal structure of EGFR with PDB ID 6ZU8
(UniProt ID: P00533) from the Protein Data Bank (PDB).
Subsequently, we performed molecular docking experiments
using Autodock45 software and identified the candidate
binding sites of the specific ligand and receptor based on the
lowest binding free energy values. To further analyze the
interactions between the drug molecule and protein, we
visualized the molecular docking results using PyMOL
software, highlighting the hydrogen bonds formed between
the drug molecule and the EGFR amino acid residues, as
shown in Figure 8.

4. CONCLUSIONS
In this study, we proposed the MMSG-DTA method for
predicting drug-target affinity (DTA), which integrates multi-
ple extraction techniques for drug molecules and protein
targets. Our model combines the GraphTrans module for drug
molecular graphs, the GateGAT module for protein graphs,
and the MCNN module for protein sequences. By leveraging
an attention mechanism in the feature fusion module, we
effectively integrated these different types of features to
enhance the prediction accuracy.
The experimental results demonstrate that our proposed

MMSG-DTA model significantly outperforms existing meth-
ods in predicting drug-target affinity (DTA), as evidenced by
the substantial improvements in mean squared error (MSE)
and concordance index (CI) scores on the benchmark data
sets, such as Davis, KIBA, and Metz. These improvements are
particularly pronounced in cold-start settings, where the model
is evaluated on previously unseen drug-target pairs, simulating
real-world scenarios in drug discovery and repurposing. In
these settings, MMSG-DTA consistently showed a marked
reduction in MSE (8% on Davis, 12% on KIBA), and
improvements in CI (6% on Davis, 7% on KIBA), highlighting
its robustness and generalizability.
In conclusion, the MMSG-DTA method demonstrates

exceptional performance in DTA prediction, offering a robust
and generalizable approach for both drug discovery and
repurposing. The model’s ability to integrate multimodal
feature representations from both drug and protein structures,
combined with a novel data partitioning strategy, ensures its
reliability and effectiveness in real-world scenarios, particularly
in the face of cold-start challenges. Future work will focus on
incorporating additional ligand feature representations, explor-
ing pretraining and fine-tuning strategies and expanding the
model’s applicability to broader drug discovery contexts.
However, while our model demonstrates promising results,

several areas for improvement remain. In particular, the
incorporation of additional compound features could further
enhance its performance. These could include drug-specific
features, such as both one-dimensional and two-dimensional
drug structures and protein-specific features, including one-
dimensional sequences, two-dimensional graph structures, and
three-dimensional conformations of proteins. Furthermore, the
integration of 3D protein−ligand complex structures could
lead to a more accurate representation of the drug-target
interaction.

Table 10. Predicted KIBA Score Ranking of Drug
Candidates with EGFRa

RANK ID Durg Name Predict Score

1 DB05424 Canertinib 13.443
2 DB08916 Afatinib 13.407
3 DB01259 Lapatinib 13.395
4 DB13164 Olmutinib 13.204
5 DB00317 Gefitinib 13.111
6 DB00530 Erlotinib 13.021
7 DB05524 Pelitinib 12.784
8 DB09053 Ibrutinib 12.460
9 DB05294 Vandetanib 12.441
10 DB12267 Brigatinib 12.366

...
296 DB00945 Aspirin 6.442
297 DB00196 Fluconazole 6.247
298 DB00811 Ribavirin 5.928
299 DB01050 Ibuprofen 5.733
300 DB00608 Chloroquine 5.540

aBold font in the table indicates drugs known to interact with EGFR.
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Looking ahead, we identified several exciting directions for
future work. First, we plan to integrate additional ligand
features, such as ligand structure and the physicochemical
properties of atoms, to enhance the model’s predictive power.
Furthermore, we intend to explore pretraining and fine-tuning
techniques, as well as identify loss functions that are more
suited to our model, moving beyond basic task loss functions.
Lastly, one of our primary objectives is to broaden the
application of the MMSG-DTA model in drug discovery. We
aim to utilize the PLINDER46 data set to improve the model’s
ability to generalize to previously unseen drug−protein pairs, a
critical aspect for identifying potential drug repurposing
candidates and predicting novel drug-target interactions.
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