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 a b s t r a c t

Accurate prediction of drug-target binding affinity (DTA) is crucial for accelerating drug discovery and devel-
opment. Although deep learning-based approaches have demonstrated remarkable success in DTA prediction, 
current methods usually suffer from two key limitations: (1) inadequate utilization of multi-scale feature infor-
mation, leading to suboptimal representations of drugs and targets; and (2) challenges in effectively balancing 
features across scales for robust feature fusion. In this study, we propose MFCLDTA, a novel deep learning-based 
framework for DTA prediction through the multi-scale feature contrastive learning mechanism. The proposed 
approach captures drug and target features across three scales: molecular sequence, molecular structure, and 
affinity graph. Through the multi-scale contrastive learning mechanism, MFCLDTA maximizes mutual informa-
tion between different scales while ensuring robust feature alignment. Integration of these multi-scale represen-
tations achieves superior DTA prediction performance. Comprehensive benchmarks on Davis and KIBA datasets 
demonstrate MFCLDTA consistently outperforms state-of-the-art baseline approaches. Ablation studies confirm 
the critical importance of both multi-scale feature integration and contrastive learning in enhancing prediction 
accuracy. The source code of MFCLDTA is available at https://github.com/ssaixiansheng/MFCLDTA.

1.  Introduction

Drug discovery is a highly resource-intensive and time-consuming 
process with a low success rate, focused on identifying therapeutic 
agents that modulate specific protein-protein interactions for disease 
treatment (Takebe et al., 2018). Conventional approaches require sub-
stantial human and financial investment, with the development of a new 
drug costs  $2.6 billion and exceeding 10 years (Prasad et al., 2017; 
Wouters et al., 2020). In this context, computer-aided drug discovery 
(CADD) has emerged as a pivotal approach in modern drug develop-
ment, offering substantial reductions in both development cycles and 
costs (Öztürk et al., 2018). As a critical component of this process, DTA 
prediction has been extensively studied as an essential phase in drug dis-
covery and development (Abbasi et al., 2021; Ezzat et al., 2019; Qian 
et al., 2022).

Recent decades have witnessed remarkable progress in DTA predic-
tion methodologies, driven by rapid advancements in computational 
technologies. Traditional computational approaches, including molecu-
lar docking and molecular dynamics simulations, predict binding affini-
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ties by modeling intermolecular interactions (Hollingsworth & Dror, 
2018; Kukol et al., 2008; Shoichet et al., 1999; Trott & Olson, 2010). 
However, these methods typically require extensive datasets of known 
ligand-protein complexes or complete 3D structural information of tar-
get proteins (Wang et al., 2021a). In addition, early machine learning 
techniques, such as support vector machines and random forests at-
tempt to predict DTA through matrix-based computations, but remain 
constrained by computationally intensive processes and dependence on 
elaborate feature engineering (He et al., 2017; Li et al., 2015; Pahikkala 
et al., 2015).

The advent of artificial intelligence has revolutionized drug discov-
ery through data-driven approaches, particularly deep learning methods 
that have demonstrated remarkable success in this domain (Yu et al., 
2017). These approaches can be broadly classified into structure-based 
and non-structure-based paradigms (Thafar et al., 2019). Structure-
based approaches utilize three-dimensional (3D) structural data of drug-
target complexes. They usually employ advanced architectures, such 
as 3D convolutional neural networks (CNNs) (Wang et al., 2021b) and 
fully connected neural networks (FCNNs) (Zhu et al., 2020), to extract
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hierarchical features and model molecular interactions, thus improv-
ing prediction performance (Stepniewska-Dziubinska et al., 2018; Zhang 
et al., 2024). Nevertheless, the requirement for atomic-resolution 3D 
structures of both drug molecules and target proteins presents a substan-
tial technical challenge. In contrast, non-structure-based deep learning 
methods primarily fall into two categories: sequence-based and graph-
based approaches (Yu et al., 2024).

Sequence-based approaches always adopt the SMILES strings of 
drugs and target sequences as inputs, extracting biological sequence fea-
tures through complex models. For example, DeepDTA employs CNNs 
to capture local sequence patterns from both SMILES strings and target 
sequences, streamlining the feature extraction pipeline (Öztürk et al., 
2018). AttentionDTA enhances this approach by integrating CNNs with 
a bilateral multi-head attention mechanism, effectively fusing drug and 
target features to improve predictive performance (Zhao et al., 2019). 
Further advancing this paradigm, FusionDTA combines bidirectional 
long short-term memory (BiLSTM) networks with multi-head linear at-
tention mechanisms, enabling knowledge distillation through attention-
weighted global information aggregation (Graves & Graves, 2012; Yuan 
et al., 2022). The MFR-DTA framework introduces dual feature extrac-
tors to better characterize sequence specific attributes (Hua et al., 2023). 
Nevertheless, although these methods perform well in processing se-
quence data, their predictive accuracy remains constrained by the in-
ability to incorporate molecular structural information of drugs and tar-
gets (Yang et al., 2022).

Graph-based methods typically convert sequence information into 
molecular graph representations to capture their structure-based fea-
tures. As a pioneering framework, GraphDTA utilizes RDKit to con-
vert drug SMILES strings into molecular graphs, subsequently encod-
ing structural features through graph convolutional network (GCN) lay-
ers (Lovrić et al., 2019; Nguyen et al., 2021). DGraphDTA extends this 
approach by integrating both drug molecular graphs and target struc-
ture graphs, employing Pconsc4 for target graph construction to capture 
richer structural information (Jiang et al., 2020; Michel et al., 2019). 
The MSGNN-DTA model implements the end-to-end contact graph gen-
eration with the ESM model and further enhances feature representation 
through motif graph integration (Li et al., 2023; Wang et al., 2023). 
MgraphDTA combines multi-layer graph neural networks with convolu-
tional neural networks for comprehensive structural feature extraction, 
achieving superior DTA prediction accuracy (Yang et al., 2022). No-
tably, GLGN-DTA incorporates a learnable soft adjacency matrix mod-
ule within the graph architecture, facilitating more efficient refinement 
of molecular graph contextual structures (Qi et al., 2024). While graph-
based methods outperform sequence-based approaches, their exclusive 
reliance on molecular structure confines them to inherently limited 
single-scale data. (Zhang et al., 2023b).

Compared to single-scale feature extraction approaches, multi-scale 
feature fusion methods have demonstrated superior performance by 
effectively capturing cross-scale correlations, thereby enhancing both 
model generalizability and prediction accuracy (Atrey et al., 2010). For 
instance, CrossAttentionDTI employs cross-modal attention mechanisms 
to enable feature interaction between drug molecular graphs and target 
protein sequences, while cross-attention modules align these two modal-
ities (Zeng et al., 2022). HGRL-DTA combines coarse-grained represen-
tations derived from affinity graph with fine-grained representations 
extracted from molecular graphs, enhancing feature discriminability 
(Chu et al., 2022). AttentionMGT-DTA integrates protein sequences with 
3D structural information via cross-attention, constructing a cross-scale 
drug-target interaction model that significantly improves performance 
(Wu et al., 2024). Additionally, PocketDTA utilizes pre-trained mod-
els combined with 3D binding pocket information to improve both pre-
diction accuracy and model interpretability (Zhao et al., 2024). While 
integrating multi-scale features improves performance, these methods 
remain constrained by the deficient integration of richer-scale informa-
tion, limiting robust feature representations and resulting in incomplete 
characterization of complex drug-target systems.

In recent years, contrastive learning has advanced the prediction 
of biological entity associations, demonstrating substantial progress 
(Wei et al., 2023). For example, FMDTA employs contrastive learn-
ing to balance feature information between string and graph modali-
ties, demonstrating superior performance (Zhang et al., 2023a). CSCo-
DTA implements a contrastive learning framework to maximize the mu-
tual information between network-scale and molecular-scale represen-
tations, effectively uncovering their intrinsic relationships (Wang et al., 
2024). Meanwhile, GraphCL-DTA advances the field by adopting con-
trastive learning for embedding space augmentation, surpassing tradi-
tional dropout-based strategies while better preserving molecular graph 
semantics (Yang et al., 2024). As a powerful self-supervised learning 
paradigm, contrastive learning operates by maximizing mutual informa-
tion between positive pairs while distancing negative samples in the la-
tent space (Liu et al., 2022). Despite these advances, contrastive learning 
remains underexplored for multi-scale feature fusion. To bridge this gap, 
we introduce a framework that systematically integrates drug-target fea-
tures across three different scales, yielding their comprehensive and 
highly robust representations.

To address these limitations, here we present MFCLDTA, a novel 
drug-target binding affinity prediction framework that leverages the 
contrastive learning mechanism to integrate multi-scale features: molec-
ular sequences, molecular structures, and affinity graph. The proposed 
model mainly consists of three main components: (1) the multi-scale 
feature extraction module, (2) the multi-scale feature contrastive learn-
ing module, and (3) the prediction module. Specifically, we construct 
molecular graphs from raw sequence inputs, which convert drug SMILES 
strings via RDKit (Lovrić et al., 2019) and transform target protein se-
quences using Pconsc4 (Michel et al., 2019). These molecular entities 
are then represented as nodes in an affinity graph, where experimentally 
verified binding affinities serve as weighted edges. For feature extrac-
tion, graph convolutional networks (GCNs) extract structural features 
from molecular and affinity graph, while bidirectional LSTMs (BiLSTMs) 
model sequential patterns in drug SMILES strings and protein sequences. 
The proposed multi-scale contrastive learning mechanism integrates fea-
tures across modalities of drugs and targets, enabling comprehensive 
representation learning for accurate affinity prediction. Comprehensive 
evaluations demonstrate that MFCLDTA outperforms current state-of-
the-art methods across benchmark datasets (Davis et al., 2011; Tang 
et al., 2014). The main contributions of our work are summarized as 
follows:

• We propose the multi-scale feature fusion framework for Drug-Target 
Affinity (DTA) prediction, integrating molecular sequence, molecu-
lar structure, and affinity graph information simultaneously for both 
molecular entities.

• MFCLDTA incorporates the multi-scale feature contrastive learning 
mechanism that maximizes mutual information among features at 
different scales, facilitating robust alignment and fusion.

• Benchmark evaluations demonstrate that MFCLDTA establishes 
state-of-the-art performance across all evaluation metrics.

2.  Methods

In this section, we will present the detailed architecture of MF-
CLDTA. As illustrated in Fig. 1, the architecture comprises three 
key components: (A) the multi-scale feature extraction module, (B) 
the multi-scale feature contrastive learning module, and (C) the 
DTA prediction module. The multi-scale feature extraction mod-
ule integrates and aligns three distinct scales: molecular sequence, 
molecular structure, and affinity graph. Subsequently, the multi-
scale feature contrastive learning module aligns these representa-
tions through the feature space optimization. Finally, MFCLDTA in-
fers the potential DTA with the learned representations of drugs and
targets.
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Fig. 1. The overall framework of MFCLDTA. The framework is divided into three main components: (A) the multi-scale feature extraction module, (B) the multi-scale 
feature contrastive learning module, and (C) the prediction module. The framework accepts drug molecules represented as SMILES strings and target proteins as 
amino acid sequences. During the initial preprocessing stage, raw inputs are transformed into three complementary representations: molecular sequence, molecular 
structure, and affinity graph. A three-layer bidirectional LSTM (BiLSTM) network processes sequence-based features, while GCNs with three layers extract structural 
patterns from both molecular and affinity graph. The multi-scale feature contrastive learning module then optimizes cross-scale feature alignment by maximizing 
mutual information between different feature modalities. Finally, the integrated representations are fed into a multilayer perceptron (MLP) to predict binding affinity 
values.

Table 1 
The brief summary of experimental datasets.

 Dataset  Drug  Protein  Affinity
 Davis  68  442  30,056
 KIBA  2,111  229  118,254

2.1.  Datasets

To comprehensively evaluate the predictive performance of MF-
CLDTA, we perform comprehensive experiments on two widely used 
benchmark datasets: Davis (Davis et al., 2011) and KIBA (Tang et al., 
2014). The Davis dataset comprises 68 drugs and 442 targets with 
30,056 dissociation constant 𝐾𝑑 measurements. Following standard 
practice, we convert 𝐾𝑑 values to 𝑝𝐾𝑑 = −𝑙𝑜𝑔10(𝐾𝑑∕109) − 5 metrics 
ranging from 0.0 to 5.8, where higher values indicate stronger bind-
ing affinity. The KIBA dataset initially contains 52,498 drug entries 
and 467 target entries. Following standard preprocessing procedures 
(He et al., 2017), we obtain a filtered dataset containing 2,111 drugs, 
229 targets, and 118,254 affinity scores. Table 1 summarizes the de-
tails of the two datasets. We preprocess drug structures using RDKit 
(Lovrić et al., 2019) and target sequences using Pconsc4 (Michel et al., 
2019), converting them into molecular graph representations for model
input.

2.2.  Multi-scale feature extraction module

2.2.1.  Sequence scale feature extraction
Prior to feature extraction, we first preprocess the drug SMILES 

strings and protein sequences. For drug SMILES strings, we utilize the 

molecular pre-trained model chemBERTa-2 to generate corresponding 
features for each drug string (Ahmad et al., 2022). These features are 
then averaged to obtain the overall drug embedding. For protein se-
quences, we employ the classic ProtT5-XL-UniRef50 pre-trained model 
to extract protein sequence features (Elnaggar et al., 2021). Subse-
quently, we compute the average features of all residues for each protein 
to generate the holistic protein sequence representation.

In this study, we adopt a novel sequence-based representation learn-
ing framework for multi-scale feature generation of drug molecules and 
target proteins. To overcome the temporal modeling limitations of con-
ventional recurrent neural networks, the BiLSTM is utilized to capture 
cross-temporal dependencies via dual-path temporal encoding (Graves 
& Graves, 2012). The framework processes both molecular SMILES 
strings and protein sequences as input representations through its inno-
vative bidirectional temporal correlation mechanism. By incorporating 
dynamic gating operations, our architecture simultaneously extracts lo-
cal structural patterns and global contextual features at each sequence 
position. Furthermore, the architecture facilitates knowledge transfer 
among similar molecular substructures through category-specific fea-
ture sharing mechanisms.

For clarity, Equations (1) to (6) below precisely describe the forward 
computation process of the BiLSTM at each time step. These equations 
define the update mechanisms for the input gate, forget gate, output 
gate, and cell state. The core idea is that the BiLSTM employs a series 
of controllable gates to selectively retain or forget long-term and short-
term dependencies within sequences, thereby generating high-quality 
context-aware feature representations for drug and target sequences. 
For drug SMILES string 𝑑, the forward temporal feature extraction is 
formally expressed as:
𝑖𝑡 = 𝜎(𝑊𝑖𝑑𝑑𝑡 +𝑊𝑖ℎℎ(𝑑𝑠,𝑡−1) + 𝑏𝑖) (1)
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𝑓𝑡 = 𝜎(𝑊𝑓𝑑𝑑𝑡 +𝑊𝑓ℎℎ(𝑑𝑠,𝑡−1) + 𝑏𝑓 ) (2)

𝑜𝑡 = 𝜎(𝑊𝑜𝑑𝑑𝑡 +𝑊𝑜ℎℎ(𝑑𝑠,𝑡−1) + 𝑏𝑜) (3)

𝑔𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑔𝑑𝑑𝑡 +𝑊𝑔ℎℎ(𝑑𝑠,𝑡−1) + 𝑏𝑔) (4)

𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ 𝑔𝑡 (5)

ℎ(𝑑𝑠,𝑡) = 𝑜𝑡 ⊙ 𝑡𝑎𝑛ℎ(𝑐𝑡) (6)

where ℎ(𝑑𝑠,𝑡) denotes the hidden state output of the forward LSTM for 
drug 𝑑 at time step 𝑡, and 𝑑𝑡 represents the input token at time step 
𝑡. The gate activations (𝑖𝑡, 𝑓𝑡, 𝑜𝑡) correspond to the input, forget, and 
output gates, respectively, while 𝑔𝑡 indicates the memory cell activa-
tion. The cell state 𝑐𝑡 integrates information from the previous state 𝑐𝑡−1
through gating mechanisms. At each time step 𝑡, the hidden state ℎ(𝑑𝑠,𝑡−1)
interacts with input 𝑑𝑡 to update both the cell state 𝑐𝑡 and the hidden 
state ℎ(𝑑𝑠,𝑡). Here, 𝜎(⋅) denotes the sigmoid activation function, 𝑡𝑎𝑛ℎ(⋅)
denotes the hyperbolic tangent activation function, ⊙ denotes element-
wise multiplication (Hadamard product), and 𝑊 , 𝑏 are trainable weight 
matrices and bias terms. The final output of the BiLSTM is generated 
by concatenating the hidden state of the forward LSTM ℎ(𝑑𝑠,𝑡) and that 
of the backward LSTM ℎ(𝑑𝑠,𝑡′). For each drug SMILES string 𝑑, the final 
sequence-based feature can be expressed as:

ℎ𝑑𝑠 = ℎ(𝑑𝑠,𝑡)||ℎ(𝑑𝑠,𝑡′) (7)

here, || represents the connection operation.
We tokenize all benchmark target sequences using the same feature 

extraction method applied to drug SMILES, then process them with a 
BiLSTM. For each target sequence 𝑡, the model generates a final feature 
representation, denoted as ℎ𝑡𝑠:

ℎ𝑡𝑠 = ℎ(𝑡𝑠,𝑡)||ℎ(𝑡𝑠,𝑡′) (8)

2.2.2.  Molecule structure graph scale feature extraction
Drug molecule structure graph feature extraction. To comprehensively 
represent both chemical properties and topological structures of drug 
molecules, we employ RDKit, an open-source cheminformatics toolkit, 
to transform SMILES strings into molecular structure graphs (Lovrić 
et al., 2019). By mapping each chemical atom to a graph node and 
defining chemical bonds as inter-node edges, we construct an undirected 
molecular graph 𝐺𝑑 = (𝑉𝑑 , 𝐸𝑑 ), where 𝑉𝑑 and 𝐸𝑑 represent the sets of 
atomic nodes and chemical bond edges, respectively. Our GCN architec-
ture hierarchically learns atom-wise feature vectors by aggregating local 
chemical environments and abstracting global topological patterns, thus 
encoding chemically meaningful fingerprints and preserving molecular 
connectivity and spatial topology. For each atom 𝑣 in the molecular 
graph 𝐺𝑑 , the GCN-based feature extraction is formally expressed as:

ℎ𝑙𝑣 = 𝜎(
∑

𝑖∈𝑁(𝑣)

1
√

𝑚𝑣𝑚𝑖
ℎ𝑙−1𝑖 𝑊 𝑙) (9)

where 𝜎(⋅) represents a nonlinear activation function(Glorot et al., 
2011), ℎ𝑙𝑣 is the hidden state of atom 𝑣 at 𝑙-th layer, ℎ𝑙−1𝑖  is the feature 
vector of neighbor node 𝑖 at layer 𝑙 − 1, node 𝑣 ∈ 𝑉𝑑 , 𝐾(𝑣) represents the 
neighborhood of 𝑣, 𝑁(𝑣) = 𝐾(𝑣) ∪ 𝑣 defines the extended neighborhood, 
𝑚𝑣 is equal to |𝑁(𝑣)|, which indicates the degree of node 𝑣 in graph 𝐺𝑑 , 
and 𝑊 𝑙 represents the weight matrix of the 𝑙-th layer.

After applying the GCN operation, we obtain atomic-level feature 
representations for each atom in the molecular graph. These atom fea-
tures are then aggregated into a molecule-level representation using a 
readout function. Formally, let ℎ𝐿𝑣  denote the output of the final GCN 
layer for atom 𝑣. For each drug molecule 𝑑, the readout operation is 
defined as follows:

ℎ𝑑𝑚 = 𝜙({ℎ𝐿𝑣 |𝑣 ∈ 𝑉𝑑}) (10)

where 𝜙(⋅) is a differentiable readout function, ℎ𝑑𝑚 represents the feature 
extraction of drug 𝑑 based on the molecular scale.

Target molecular structure feature extraction. To acquire comprehensive 
target protein representations at the molecular scale, we adopt a graph-
based approach inspired by DGraphDTA to construct 2D molecular 
graphs (Jiang et al., 2020). The target sequences are initially processed 
using Pconsc4 to predict residue contact maps (Michel et al., 2019). 
In these contact maps, amino acid residues serve as graph nodes with 
edges created between residue pairs having Euclidean distances below 
0.5. This graph construction preserves spatial relationships while trans-
forming the sequence into a molecular graph 𝐺𝑡 = (𝑉𝑡, 𝐸𝑡), where 𝑉𝑡 and 
𝐸𝑡 denote the vertex (residue) and edge sets, respectively. Following 
our drug molecular graph processing approach, we implement a GCN 
to perform convolution operations on each residue node 𝑟 in the target 
molecular graph 𝐺𝑡, effectively aggregating its structural information:

ℎ𝑙𝑟 = 𝜎(
∑

𝑗∈𝑁(𝑟)

1
√

𝑚𝑟𝑚𝑗
ℎ𝑙−1𝑗 𝑊 𝑙) (11)

where ℎ𝑙𝑟 is the hidden state of atom 𝑟 at 𝑙-th layer, ℎ𝑙−1𝑗  is the feature 
vector of neighbor node 𝑗 at layer 𝑙 − 1, node 𝑟 ∈ 𝑉𝑡, 𝐾(𝑟) represents the 
neighborhood of 𝑟, 𝑁(𝑟) = 𝐾(𝑟) ∪ 𝑟 defines the extended neighborhood, 
𝑚𝑟 is equal to |𝑁(𝑟)|, which indicates the degree of node 𝑟 in graph 𝐺𝑡, 
and 𝑊 𝑙 represents the weight matrix of the 𝑙-th layer.

The final topological structure features for each target molecule are 
obtained through a readout function operation:
ℎ𝑡𝑚 = 𝜙({ℎ𝐿𝑟 |𝑟 ∈ 𝑉𝑡}) (12)

2.2.3.  Affinity graph scale feature extraction
Known drug-target interactions provide critical prior knowledge for 

binding affinity prediction (Nogales et al., 2022). However, current ap-
proaches that incorporate sequence-based and molecular-based features 
often underutilize available affinity data during network construction. 
We address this by building a drug-target affinity graph 𝐺𝑎 = (𝑀,𝑁, 𝜖), 
where 𝑀 denotes the number of drug molecules, 𝑁 represents the num-
ber of target molecules, and 𝜖 encodes experimentally validated binding 
affinities. A zero value indicates unknown interactions, corresponding 
to absent edges in the affinity graph 𝐺𝑎. This construction yields an adja-
cency matrix 𝐴 ∈ ℝ(|𝑀+𝑁||𝑀+𝑁|) representing the complete drug-target 
interaction network. The network takes an initial features 𝑂 =

[

𝑂𝑑

𝑂𝑡

]

 as 
input, where 𝑂𝑑 ∈ ℝ|𝑀|×𝑏 and 𝑂𝑡 ∈ ℝ|𝑁|×𝑏 represent initial features for 
drugs and targets, respectively, with 𝑏 denoting the feature dimension. 
We employ GCNs to perform feature extraction and aggregation from 
this network:
𝐻𝑛 = 𝜎(𝐴̂ ⋅ 𝜎(𝐴̂𝑂𝑊 1

𝑞 )𝑊
2
𝑞 ) (13)

where 𝐴̂ is obtained by Laplace normalization of the adjacency matrix 
𝐴, 𝐴̂ = 𝐷− 1

2 𝐴𝐷− 1
2 , 𝐷 is a diagonal matrix, 𝑊 1

𝑞  and 𝑊 2
𝑞  are trainable 

weight parameters. The feature matrix 𝐻𝑛 contains the learned repre-
sentations of all entities, with each row vector 𝐻𝑛[𝑖, ∶] ∈ ℝ𝑏 encoding 
the representation of either a drug or a target. Following these process-
ing steps, we obtain the affinity graph representations ℎ𝑑𝑛 and ℎ𝑡𝑛 for 
each drug and target, respectively.

2.3.  Multi-scale feature contrastive learning module

Our study derives multi-scale feature representations of drug-target 
systems across three distinct scales: molecular sequence, molecular 
structure, and affinity graph. Although each scale offers unique and 
valuable information, inherent correlations exist among them. To in-
tegrate features from these scales and enhance representation quality, 
we propose a multi-scale feature contrastive learning framework. This 
framework effectively maximizes mutual information across different 
scales while enabling robust feature alignment and fusion.

As illustrated in Fig. 1(C), MFCLDTA introduces a multi-scale fea-
ture contrastive learning approach where we systematically perform 
pairwise contrastive learning between features from different scales to
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mitigate inter-scale discrepancies. A critical aspect of contrastive learn-
ing involves the definition of positive and negative samples.

In the proposed framework, each drug or target at a given scale 
serves as an anchor point, and its counterparts from other scales are 
designated as positive samples, while unrelated entities are considered 
negative samples. To enhance the effectiveness of positive sample se-
lection, we introduce a novel method based on three similarity met-
rics: (i) molecular-based similarity (𝑆𝑑𝑚) computed using PubChem tools 
(Bolton et al., 2008), reflecting the principle that functionally similar 
drugs exhibit structural similarities; (ii) sequence-based similarity (𝑆𝑡𝑠)
calculated via the Smith-Waterman algorithm (Smith et al., 1981); and 
(iii) network-based similarity is derived from metapath-based structural 
similarity following the drug-target-drug schema, which yields drug sim-
ilarity measures (𝑆𝑑𝑛) and target similarity measures (𝑆𝑡𝑛) (Wang et al., 
2024). Each similarity score is normalized, and the three similarity mea-
sures are equally weighted. The drug similarity scores 𝑆𝑑𝑚 and 𝑆𝑑𝑛 are 
summed, and the target similarity scores 𝑆𝑡𝑠 and 𝑆𝑡𝑛 are summed. Af-
ter summation, the results are sorted in descending order. In a training 
batch, for a given anchor sample, its positive samples are selected as 
the top K samples from the aforementioned descending-order ranking, 
while other samples in the same batch are considered negative samples.

The contrastive learning objective, implemented using InfoNCE loss 
(van den et al., 2018) enhances the consistency between anchor-positive 
pairs while increasing separation from negative samples. For drugs, this 
loss function is expressed as:

𝑑 = − log

∑

𝑑𝑝∈𝑃𝑑𝑖
exp

(

𝑠(ℎ𝑑𝑖𝑠, ℎ𝑑𝑝𝑚)∕𝜏
)

∑𝑀
𝑘=1 exp

(

𝑠(ℎ𝑑𝑖𝑠, ℎ𝑑𝑘𝑚)∕𝜏
)

− log

∑

𝑑𝑝∈𝑃𝑑𝑖
exp

(

𝑠(ℎ𝑑𝑖𝑚, ℎ𝑑𝑝𝑛)∕𝜏
)

∑𝑀
𝑘=1 exp

(

𝑠(ℎ𝑑𝑖𝑚, ℎ𝑑𝑘𝑛)∕𝜏
)

− log

∑

𝑑𝑝∈𝑃𝑑𝑖
exp

(

𝑠(ℎ𝑑𝑖𝑛, ℎ𝑑𝑝𝑠)∕𝜏
)

∑𝑀
𝑘=1 exp

(

𝑠(ℎ𝑑𝑖𝑛, ℎ𝑑𝑘𝑠)∕𝜏
) (14)

where ℎ𝑑𝑖𝑠, ℎ𝑑𝑖𝑚, and ℎ𝑑𝑖𝑛 represent the sequence-scale, molecular 
structure-scale, and affinity graph-scale features of drug 𝑑𝑖, respectively. 
𝑃𝑑𝑖  denotes the positive sample set for drug 𝑑𝑖, 𝑀 is the total number 
of drug molecules, 𝑠(⋅) represents the cosine similarity function, and 𝜏
is the temperature parameter. The target contrastive loss is defined as:

𝑡 = − log

∑

𝑡𝑝∈𝑃𝑡𝑗
exp

(

𝑠(ℎ𝑡𝑗 𝑠, ℎ𝑡𝑝𝑚)∕𝜏
)

∑𝑁
𝑙=1 exp

(

𝑠(ℎ𝑡𝑗 𝑠, ℎ𝑡𝑙𝑚)∕𝜏
)

− log

∑

𝑡𝑝∈𝑃𝑡𝑗
exp

(

𝑠(ℎ𝑡𝑗𝑚, ℎ𝑡𝑝𝑛)∕𝜏
)

∑𝑁
𝑙=1 exp

(

𝑠(ℎ𝑡𝑗𝑚, ℎ𝑡𝑙𝑛)∕𝜏
)

− log

∑

𝑡𝑝∈𝑃𝑡𝑗
exp

(

𝑠(ℎ𝑡𝑗𝑛, ℎ𝑡𝑝𝑠)∕𝜏
)

∑𝑁
𝑙=1 exp

(

𝑠(ℎ𝑡𝑗𝑛, ℎ𝑡𝑙𝑠)∕𝜏
) (15)

where 𝑃𝑡𝑗  represents the positive sample set of target 𝑡𝑗 , and 𝑁 is the 
number of all targets.

2.4.  Prediction module

In MFCLDTA, multi-scale feature fusion is a critical component of 
the framework. After optimizing the representations of features from 
each scale (sequence, molecular structure, and affinity graph) through 
the multi-scale contrastive learning module, we directly perform an 
element-wise summation of the feature vectors from the three scales. 
This weighted fusion operation is an intermediate fusion at the feature 
level (Stahlschmidt et al., 2022). However, by leveraging contrastive 
learning, we effectively minimize inter-modal discrepancies. The multi-

scale contrastive learning module ensures that features from differ-
ent scales are projected into a shared, aligned semantic space, making 
the element-wise fusion operation effective. This approach retains the 
depth of modality-specific information mining while efficiently captur-
ing cross-scale synergistic effects.

Specifically, the final representation of a drug 𝑑 can be expressed as: 
ℎ𝑑 = ℎ𝑑𝑠 + ℎ𝑑𝑚 + ℎ𝑑𝑛 (16)

Similarly, the final representation of a target 𝑡 can be expressed as:
ℎ𝑡 = ℎ𝑡𝑠 + ℎ𝑡𝑚 + ℎ𝑡𝑛 (17)

The resulting drug-target pairs are fed into the MLP to predict bind-
ing affinity scores, which are subsequently used to evaluate model per-
formance:

𝑦̂𝑑,𝑡 = 𝑀𝐿𝑃 (ℎ𝑑 ||ℎ𝑡) (18)

The mean square error (MSE) loss function is used to calculate the 
supervised loss in the prediction process:

𝑚 =
∑

(𝑑,𝑡)∈ℂ

1
|ℂ|

(𝑦̂𝑑,𝑡 − 𝑦𝑑,𝑡)2 (19)

where ℂ denotes the total number of drug-target pairs used for training, 
and 𝑦𝑑,𝑡 represents the experimentally measured affinity value. The final 
total loss can be expressed as:
 = 𝑚 + 𝑑 + 𝑡 (20)

3.  Experiments

3.1.  Evaluation and training setup

This study adopts three established evaluation metrics from prior 
research to comprehensively assess model performance: mean squared 
error (MSE), concordance index (CI), and regression mean (𝑟2𝑚) (Jiang 
et al., 2020; Öztürk et al., 2018). MSE quantifies the average squared 
deviation between predicted and actual values, serving as a standard 
regression benchmark. CI measures the ranking consistency of predic-
tions, where values range from 0 to 1. The 𝑟2𝑚 metric evaluates both 
predictive power and correlation strength, with higher values denoting 
greater reliability of the model.

To ensure a fair comparison, all baseline methods in this study are 
evaluated using identical training and test sets. We randomly split the 
Davis and KIBA datasets into training and test sets in a 5:1 ratio. We 
retrain and reevaluate all baseline models to eliminate potential biases 
arising from differences in data splitting, preprocessing, or evaluation 
criteria, thereby guaranteeing a fair comparison. For hyperparameter 
optimization, we employ 5-fold cross-validation (5-CV) on the training 
set.

Our proposed model is implemented using Python 3.10.15 with Py-
Torch 2.0.0 and PyTorch Geometric 2.3.1. All experimental evaluations 
are performed on a computing system equipped with an Intel Core i7-
14700KF processor (3.40 GHz), 32 GB of RAM, and an NVIDIA GeForce 
RTX 4070 Ti SUPER graphics processing unit (GPU). The key hyperpa-
rameter configurations for our model are detailed in Table 2.

3.2.  Comparison with baselines

We categorize prediction models into three types based on 
their information source: sequence-based, graph-based, or multi-scale. 
Our benchmarking framework compares: (1) sequence-based meth-
ods (Deep-DTA, AttentionDTA); (2) graph-based methods (GraphDTA, 
DGraphDTA, MgraphDTA); and (3) multi-scale methods (HGRL-DTA, 
CSCo-DTA, PocketDTA, AttentionMGT-DTA, MultiKD-DTA, MLC-DTA). 
All baselines are evaluated using optimal hyperparameters from their 
original publications

• DeepDTA (Öztürk et al., 2018): extracts feature representations from 
drug SMILES and target sequences using CNNs for DTA prediction.
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Table 2 
Hyperparameter settings of MF-
CLDTA.

 Hyper-parameters  Setting
 Learning rate  0.0002
 Epoch  3000
 Batch size  512
 Dropedge rate  0.2
 Optimizer  Adam
 GCN layers  3
 BILSTM layers  3
 Temperature 𝜏  0.2
 Biased item 𝜆  0.5
 K  5

• AttentionDTA (Zhao et al., 2019): introduces an attention mecha-
nism to enable cross-modal feature interaction after CNN-based fea-
ture extraction.

• GraphDTA (Nguyen et al., 2021): represents the first molecular 
graph-based approach that employs RDKit for SMILES-to-graph con-
version, with structural features subsequently encoded through GCN 
layers.

• DGraphDTA (Jiang et al., 2020): extends GraphDTA by integrat-
ing drug molecular graphs with protein structure graphs, leverag-
ing Pconsc4 to generate protein molecular graphs and incorporate 
additional structural information.

• MgraphDTA (Yang et al., 2022): combines multi-layer graph neural 
networks with convolutional neural networks to extract structural 
features for high-accuracy DTA predictions.

• HGRL-DTA (Chu et al., 2022): constructs a hierarchical learning 
framework by representing drug-target binding affinity as an affin-
ity graph, integrating features learned from the affinity graph with 
those from molecular graphs to enhance molecular representation.

• CSCo-DTA (Wang et al., 2024): develops a method to learn drug and 
protein features from molecular and network scales, leveraging con-
trastive learning to capture information from both local and global 
perspectives.

• PocketDTA (Zhao et al., 2024): leverages pretrained models to en-
hance generalizability and integrates target binding pocket informa-
tion with three-dimensional drug structural features through a bilin-
ear attention network, thereby improving interpretability.

• AttentionMGT-DTA (Wu et al., 2024): introduces a model that rep-
resents drugs and proteins using molecular graphs and binding 
pocket graphs, integrating and interacting information from differ-
ent modalities through two attention mechanisms.

• MultiKD-DTA (Hu et al., 2025): combines Graph Neural Networks, 
multi-scale convolutional networks, and the pre-trained protein lan-
guage model ESM-2 to enhance the prediction performance of drug-
target binding affinity.

• MLC-DTA (Zheng et al., 2025): integrates Equivariant Graph Neu-
ral Networks and multi-level contrastive learning to extract features 
from both molecular and network perspectives, thereby improving 
the accuracy of drug-target affinity prediction.

Table 3 presents the performance comparison between MFCLDTA 
and other baseline models on the Davis dataset. The boldface results 
indicate the best performance achieved among all models, while the 
underlined results denote the second best. As demonstrated, MFCLDTA 
achieves the best performance across all evaluation metrics on the Davis 
dataset. Specifically, MFCLDTA yields a 15.1% reduction in MSE, a 1% 
increase in CI, and a 2.6% improvement in 𝑟2𝑚 compares to the best-
performing baseline.

Moreover, the analysis reveals the following trends: sequence-based 
models exhibit inferior performance compared to graph-based methods 
due to their inability to incorporate molecular structural information. 
In contrast, graph-based methods perform better due to their ability 

Table 3 
Performance comparison of MFCLDTA and baseline models on the Davis 
dataset.

 Dataset  Model  Category  MSE  CI 𝑟2𝑚

 DeepDTA
Sequence-based method  0.261  0.878  0.630

 AttentionDTA  0.223  0.893  0.657
 GraphDTA

Graph-based method
 0.229  0.893  0.649

Davis

 DGraphDTA  0.216  0.891  0.686
 MgraphDTA  0.207  0.900  0.710
 HGRL-DTA

Multi-scale based method

 0.166 0.909  0.751
 CSCo-DTA  0.166  0.904  0.776
 PocketDTA 0.165  0.903  0.743
 AttentionMGT-DTA  0.193  0.891  0.699
 MultiKD-DTA  0.201  0.903  0.764
 MLC-DTA  0.169  0.907 0.785
 MFCLDTA(ours)  0.140  0.918  0.808

Table 4 
Performance comparison of MFCLDTA and baseline models on the KIBA 
dataset.

 Dataset  Model  Category  MSE  CI 𝑟2𝑚

 DeepDTA
Sequence-based method  0.194  0.863  0.673

 AttentionDTA  0.214  0.852  0.633
 GraphDTA

Graph-based method
 0.167  0.890  0.699

KIBA

 DGraphDTA  0.141  0.895  0.767
 MgraphDTA  0.132  0.900  0.800
 HGRL-DTA

Multi-scale based method

 0.129 0.904  0.789
 CSCo-DTA 0.127  0.901  0.804
 PocketDTA  0.136  0.895  0.782
 AttentionMGT-DTA  0.140  0.893  0.786
 MultiKD-DTA  0.141  0.899  0.793
 MLC-DTA  0.132  0.896 0.805
 MFCLDTA(ours)  0.120  0.909  0.810

to capture the structural characteristics of drugs and targets. However, 
graph-based methods often experience over-smoothing artifacts during 
the embedding process. Finally, multi-scale based methods outperform 
graph-based methods, as integrating features across multiple scales not 
only mitigates over-smoothing but also enables the model to capture 
more comprehensive representations of drug-target features.

To further validate the performance of MFCLDTA, we conduct addi-
tional comparative experiments on the KIBA dataset. As shown in Ta-
ble 4, MFCLDTA consistently achieves the best performance across all 
evaluation metrics, demonstrating its high accuracy and excellent gen-
eralization ability.

To visually evaluate the predictive performance of our model, we 
present scatter plots in Fig. 2 that illustrate the relationship between 
predicted values and experimental measurements for MFCLDTA on both 
the Davis and KIBA datasets. The x-axis corresponds to the experimen-
tal measurements, while the y-axis corresponds to the model’s predicted 
values. Data points closer to the red dashed line indicate higher pre-
dictive accuracy. Notably, most samples are symmetrically distributed 
around the central line, demonstrating strong agreement between the 
predicted and experimental affinity values. Furthermore, the predicted 
points for the KIBA dataset are more densely clustered along the central 
axis, suggesting that MFCLDTA achieves superior predictive accuracy 
on this dataset.

3.3.  The performance under different cold-start scenarios

In previous studies, we validate the performance of our model on 
two benchmark datasets using 5-fold cross-validation. However, practi-
cal applications frequently involve cold-start scenarios where both the 
drug and the target are unknown. Hence, the generalization ability of 
the model is particularly important in DTA prediction tasks. Building 
upon prior work (Wang et al., 2022), we evaluate the generalization 
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Fig. 2. Scatter plot of the predicted affinity values against the experimental measurements for MFCLDTA on Davis and KIBA datasets.

Table 5 
Statistics of drug and target quantities under different cold-start sce-
narios.

Scenarios
 Drug quantity  Target quantity
 Training set  Test set  Training set  Test set

 Drug Cold-start  57  11  442  442
 Target Cold-start  68  68  301  60
 All cold-start  57  11  301  60

performance of our model using three different cold-start scenarios. Ta-
ble 5 details the specific counts of drugs and targets in the training and 
test sets under these different cold-start scenarios:

• Drug cold-start: each drug in the test set does not appear in the train-
ing set.

• Target cold-start: each target in the test set does not appear in the 
training set.

• All cold-start: neither drugs nor targets in the test set appear in the 
training set.

In more realistic and complex cold-start scenarios, we comprehen-
sively evaluate MFCLDTA alongside nine baseline models on Davis 
dataset and the results are presented in Table 6. As expected, the per-
formance of all models shows a significant decrease, demonstrating the 
substantial challenge that models face in unknown circumstances and 
further emphasizing the importance of model generalization. Compared 
to the other baseline models, the MFCLDTA model exhibits superior per-
formance across all three cold-start scenarios. Specifically, in the Drug 
cold-start scenario, the MFCLDTA model achieves the best performance 
in terms of MSE and 𝑟2𝑚, with a 1.7% decrease in MSE and a 3% increase 
in 𝑟2𝑚. In the Target cold-start scenario, the MFCLDTA model improves 
by 0.6% and 1.9% in terms of CI and 𝑟2𝑚, respectively. In the All cold-
start scenario, the MFCLDTA model demonstrates the best performance 
across all three metrics, with a 2.3% decrease in MSE, and 2.6% and 
5.4% increases in CI and 𝑟2𝑚, respectively. These findings indicate that 
MFCLDTA, by leveraging known information to integrate features across 
multiple scales, demonstrates robust generalization and resilience under 
complex experimental conditions.

3.4.  Ablation study

In this section, we perform ablation studies to investigate the con-
tributions of individual components within our model and validate the 
underlying design assumptions. Under consistent experimental settings, 
we evaluate MFCLDTA and its variants on the Davis dataset.

MFCLDTA (w/o M&N): only learns sequence-based features of drugs 
and targets, without using molecular structure and affinity graph fea-
tures.

MFCLDTA (w/o S&N): only learns molecular structure features of 
drugs and targets, without using sequence-based and affinity graph fea-
tures.

MFCLDTA (w/o S&M): only learns affinity graph features of drugs 
and targets, without using sequence-based and molecular structure fea-
tures.

MFCLDTA (w/o N): learns sequence-based and molecular structure 
features of drugs and targets, but does not use affinity graph features.

MFCLDTA (w/o M): learns sequence-based and affinity graph fea-
tures of drugs and targets, but does not use molecular structure features.

MFCLDTA (w/o S): learns molecular structure and affinity graph fea-
tures of drugs and targets, but does not use sequence-based features.

MFCLDTA (w/o CL): learns features from three scales: sequence-
based, molecular structure, and affinity graph, but does not employ con-
trastive learning, instead relying solely on simple feature concatenation.

Fig. 3 depicts the performance comparison of MFCLDTA and its seven 
variants on the Davis dataset. It is evident that MFCLDTA outperforms 
all other variants, thereby validating the correctness of the research 
methodology. Notably, variants such as MFCLDTA (w/o M&N), MF-
CLDTA (w/o S&N), and MFCLDTA (w/o S&M), which utilize only single-
scale feature information, demonstrate inferior performance compared 
to variants like MFCLDTA (w/o N), MFCLDTA (w/o M), and MFCLDTA 
(w/o S), which incorporate feature fusion from multiple scales. This re-
sult highlights the advantage of multi-scale information integration, as 
it enables the model to capture a more comprehensive set of drug-target 
features and compensates for the limitations of single-scale represen-
tations. Consequently, it demonstrates that the predictive performance 
of the model improves as information from more scales is integrated, 
with the combination of all three scales outperforming those that uti-
lize only two. Additionally, compared to the variant MFCLDTA (w/o 
CL) that excludes the contrastive learning module, MFCLDTA achieves
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Fig. 3. The ablation study results of MFCLDTA with MSE, CI, and 𝑟2𝑚 metrics on the Davis dataset.

Table 6 
Performance of MFCLDTA and the baselines on the Davis dataset un-
der different cold start scenarios.
 Scenarios  Model  MSE  CI 𝑟2𝑚

 DeepDTA  0.871  0.593  0.047
 AttentionDTA  0.816  0.670  0.101
 GraphDTA  0.784  0.673  0.129
 DGraphDTA  0.806  0.652  0.119

Drug cold-start
 MgraphDTA  0.834  0.621  0.104
 HGRL-DTA  0.757  0.684 0.163
 CSCo-DTA  0.765  0.678  0.151
 PocketDTA  0.753  0.704  0.158
 AttentionMGT-DTA 0.749  0.676  0.162
 MultiKD-DTA  0.762  0.668  0.160
 MLC-DTA  0.756  0.673  0.155
 MFCLDTA(ours)  0.736 0.693  0.168
 DeepDTA  0.512  0.735  0.278
 AttentionDTA  0.431  0.787  0.304
 GraphDTA  0.763  0.689  0.158
 DGraphDTA  0.426  0.795  0.310

Target cold-start
 MgraphDTA  0.377  0.813  0.415
 HGRL-DTA  0.393  0.813  0.394
 CSCo-DTA  0.395  0.809  0.364
 PocketDTA  0.389  0.771  0.424
 AttentionMGT-DTA  0.406 0.824  0.327
 MultiKD-DTA  0.409  0.807  0.378
 MLC-DTA  0.392  0.813 0.427
 MFCLDTA(ours) 0.383  0.829  0.435
 DeepDTA  0.697  0.508  0.012
 AttentionDTA  0.679  0.554  0.009
 GraphDTA  0.796  0.569  0.016
 DGraphDTA  0.658  0.572  0.026

All cold-start
 MgraphDTA  0.744  0.528  0.002
 HGRL-DTA  0.632  0.611  0.038
 CSCo-DTA  0.629  0.616  0.044
 PocketDTA 0.598 0.637  0.053
 AttentionMGT-DTA  0.601  0.631 0.055 
 MultiKD-DTA  0.617  0.598  0.035
 MLC-DTA  0.605  0.622  0.038
 MFCLDTA(ours)  0.585  0.654  0.058

superior results across various predictive metrics, further confirming the 
effectiveness of the contrastive learning component.

Furthermore, to comprehensively evaluate the role of contrastive 
loss functions within the MFCLDTA framework and validate the ro-
bustness of our method, we introduce two additional classic contrastive 
learning loss functions: Max-Margin Loss (Shah et al., 2022) and Triplet 
Loss (Ge, 2018), and conduct detailed comparative experiments on the 
Davis dataset.

In our MFCLDTA framework, we replace the original InfoNCE loss 
with these two loss functions respectively, while keeping all other model 
components and hyperparameters, such as learning rate, batch size, and 
temperature parameter, entirely unchanged to ensure a fair comparison. 
The evaluation results on the Davis dataset are presented in Table 7.

Table 7 
Results of running different loss functions on 
the Davis dataset.
 Loss function  MSE  CI 𝑟2𝑚

 Max-Margin Loss  0.152  0.905  0.781
 Triplet Loss  0.147  0.911  0.792
 InfoNCE (ours)  0.140  0.918  0.808

As shown in Table 7, the InfoNCE loss adopted in our original model 
achieves the best performance across all three evaluation metrics. This 
indicates that InfoNCE more effectively utilizes all negative samples 
within a batch, guiding the model to learn more discriminative multi-
scale feature representations. Both Max-Margin and Triplet losses also 
yield competitive results but exhibit a slight performance gap com-
pared to InfoNCE. We speculate that this may be because these two loss 
functions focus more on learning the relative ordering of sample pairs, 
whereas InfoNCE more precisely models the distribution of the entire 
feature space, thereby enabling the learning of more robust features.

3.5.  Parameter optimization and analysis

This section examines two critical hyperparameters governing model 
performance: (1) the number of positive samples 𝐾 per anchor in the 
multi-scale contrastive learning framework, and (2) the temperature pa-
rameter 𝜏 controlling contrastive loss computation.

In the contrastive learning framework, the selection of positive sam-
ples directly influences the model’s ability to capture intrinsic data fea-
tures, serving as a crucial hyperparameter affecting the effectiveness 
of contrastive learning. While increasing the number of positive sam-
ples generally enhances feature robustness and reduces sampling bias, 
it may simultaneously diminish discriminative contrast. The tempera-
ture parameter 𝜏 plays a pivotal role in controlling the sensitivity of the 
loss function, directly affecting the model’s distinction between positive 
and negative samples.

We also conduct experiments on the Davis dataset, systematically 
varying 𝐾 from 1 to 10 and testing the temperature parameter 𝜏 in in-
crements of 0.2 over the range 0.2 to 1.0, to evaluate their impact on 
model performance. As illustrated in Fig. 4, the axes represent the num-
ber of positive samples 𝐾 and the temperature parameter 𝜏. It can be 
observed that our model achieves optimal performance when 𝐾 is set 
to 5 and 𝜏 is set to 0.2.

3.6.  Interpretability and visualisation analysis

To elucidate the mechanisms of interaction between drug molecules 
and target proteins, we conduct visualization experiments and related 
analyses. These studies help analyze and predict potential protein bind-
ing sites while enhancing the interpretability of our model. Specifically, 
we select two well-characterized target proteins from the Davis dataset 
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Fig. 4. Parameter sensitivity analysis of parameter 𝐾 and 𝜏 with the Davis dataset.

Fig. 5. Visualization of Ligand-Protein Residue Interactions. (a) The ligand-protein interaction diagram displays the two-dimensional structure of the ligand at the 
center, surrounded by various protein residues. Different colors indicate residues with distinct properties, and blue regions highlight ligand areas that closely interact 
with protein residues. (b) The 3D binding visualization depicts the ligand in yellow and protein residues in cyan. Dashed lines illustrate the interactions between the 
ligand and protein residues.

(PDB ID: 1M17 and 3NW6) and visualize ligand-protein interactions us-
ing the Molecular Operating Environment (MOE) software (Vilar et al., 
2008). As shown in Fig. 5, key atoms and structural features are specially 
highlighted in the visualization results.

For the PDB structure 1M17 (receptor tyrosine kinase complexed 
with the 4-anilinoquinazoline inhibitor erlotinib), our model accurately 
identifies and predicts the essential role of the amide carbonyl func-
tional group in ligand-protein binding. This functional group, serving 
as a carboxamide linker between the phenyl and pyridine rings, pro-
vides a carbonyl oxygen atom that acts as a hydrogen bond acceptor to 
the backbone amine of Phe699. Moreover, the terminal amide carbonyl 
forms a hydrogen bond with the side chain amine donor of Lys721, fur-
ther underscoring the interpretability of our model. Additionally, the 
nitrogen atom on the pyridine ring serves as a hydrogen bond acceptor, 
interacting with the hydrogen atom donor of the backbone amine of 
Val702. Notably, important ligand regions that are closely packed with 

protein residues are highlighted in blue. These regions do not partici-
pate in observable chemical reactions such as hydrogen bonding but in-
stead make significant hydrophobic contacts with the protein’s binding 
pocket. Through the hydrophobic effect, these regions facilitate the dis-
placement of water molecules, thereby promoting a more stable ligand 
binding conformation. Furthermore, Glu738 and Asp831, highlighted in 
red, do not directly form hydrogen bonds or salt bridges with the ligand 
but may play key roles in ligand recognition and stabilizing the binding 
site environment.

In the PDB structure 3NW6 (a crystal structure of the insulin-like 
growth factor receptor complexed with a carbon-linked proline isostere 
inhibitor), the interpretability of MFCLDTA once again elucidates the 
specific sites and modes of ligand-protein interactions in detail. The 
main skeleton of the ligand targets the imino group adjacent to the 
hydroxyl group, which acts as a hydrogen bond acceptor and forms a 
hydrogen bond with the phenolic hydroxyl group of the Tyr1135 side 
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Table 8 
Performance on the Davis dataset with different 
amounts of affinity used.
 Affinity  MSE  CI 𝑟2𝑚

 MFCLDTA (w/o N)  0.155  0.905  0.784
 20% affinity  0.154  0.905  0.787
 50% affinity  0.149  0.911  0.796
 80% affinity  0.143  0.916  0.804
 MFCLDTA  0.140  0.918  0.808

chain. Additionally, the 𝜋-system of the ligand’s aromatic six-membered 
ring engages in a 𝜋-H interaction with the C𝛼-hydrogen of the Gly1125 
backbone, further helping to define the binding position of the ligand.

Based on the above visualization analyses, the proposed model ex-
hibits strong interpretability, successfully elucidating receptor-protein 
interaction mechanisms and predicting potential binding sites. This ca-
pability may facilitate the identification of cryptic interactions and ex-
pedite drug discovery.

3.7.  Performance at different amounts of affinity

To more intuitively demonstrate the effect of varying the number 
of target pairs on model performance, we conduct experiments on the 
Davis dataset using only 20%, 50%, and 80% of the known affinity val-
ues, respectively. Here, MFCLDTA (w/o N) refers to the variant from 
our ablation study that completely omits the affinity graph. The exper-
imental results are shown in Table 8.

The results indicate that as the number of drug-target pairs used 
to construct the affinity graph increases, the model’s performance im-
proves progressively. This demonstrates that the affinity graph provides 
complementary information and enhances the model’s performance. In 
other words, a greater number of known interactions helps in learning 
richer node representations, thereby improving the model’s generaliza-
tion capability for unseen drug-target pairs.

4.  Conclusion

Based on a systematic review and analysis of existing research, this 
study introduces MFCLDTA. This novel deep learning model integrates 
multi-scale feature information and a contrastive learning mechanism 
to predict drug-target binding affinity more accurately. Our model si-
multaneously employs BiLSTM to capture contextual information from 
drug SMILES and target sequences at the sequence scale, utilizes GCN 
to extract topological relationships in drug molecular structure graphs 
and target protein interaction networks at the molecular structure scale, 
and further applies GCN to capture interactions between drugs and 
targets at the affinity graph scale, thereby achieving a comprehensive 
representation of drugs and targets. Through a multi-scale contrastive 
learning module, MFCLDTA maximizes the mutual information between 
features at different scales, ensuring robust feature alignment and ef-
fective fusion. Systematic evaluations on the Davis and KIBA bench-
mark datasets demonstrate that MFCLDTA, incorporating three differ-
ent scales of information, outperforms current state-of-the-art methods 
across all key evaluation metrics. Furthermore, ablation experiments 
validate the critical role of both the multi-scale feature fusion strategy 
and the contrastive learning mechanism in enhancing prediction per-
formance. Additionally, cold-start experiment results indicate that MF-
CLDTA exhibits excellent generalization ability and predictive robust-
ness for novel drugs and targets, highlighting its significant potential in 
the field of drug discovery. Notably, visualization analysis indicates that 
MFCLDTA not only makes accurate predictions but also identifies atoms 
and residues that contribute critically to binding affinity, providing valu-
able insights into understanding drug-target interaction mechanisms.

In summary, MFCLDTA, through its innovative multi-scale feature 
integration and contrastive learning architecture, provides a powerful 

and versatile solution for accurate DTA prediction. We believe that 
this framework holds significant application potential in advancing 
computer-aided drug discovery. Future work will explore incorporating 
information from more scales (such as 3D structures) into this frame-
work and further optimizing contrastive learning strategies.
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