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Introduction
The determination of drug-target binding affinity is a crucial step in modern drug dis-
covery [1, 2]. However, traditional drug development pipelines are notoriously time-
consuming and costly; developing a new drug typically requires over a decade and 
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Abstract
Background  Predicting the binding affinity between drugs and proteins is crucial 
for accelerating drug discovery. However, traditional research methods typically treat 
binding site detection and affinity prediction as two separate tasks, lacking solutions 
that integrate both into a unified deep learning framework. Furthermore, existing 
approaches exhibit limitations in two aspects: (1) for binding site detection, fine-
grained features within drug target binding pockets need to be encoded; and (2) for 
drug-target affinity (DTA) prediction, the fusion of drug and targets needs to consider 
a multidimensional fusion guided by binding sites, rather than via concatenation or 
simple attention mechanisms.

 Results  To address the aforementioned challenges, we propose a drug-target affinity 
prediction based on binding sites detection and site-aware dual cross-interaction 
block(DCI-SiteDTA). Specifically, a multi-scale feature fusion is employed to extract both 
local and global contextual information from protein residues to get the binding site 
vector. Then, with a binding site-guided strategy, we introduce a dual cross-interaction 
fusion block. Designed to model drug-target interactions, this module constructs 
multilevel representations based on drug, target, and binding site information to 
capture their fundamental biological patterns of interaction and integration. Finally, our 
proposed DCI-SiteDTA model is evaluated on Davis and KIBA benchmark datasets. The 
experimental results reveal that our proposed model yields better accuracy on both 
binding site detection and DTA prediction.

 Conclusions  Our proposed model with the binding sites-guided strategy and dual 
cross-interaction block improves the binding site detection and affinity prediction of 
drug-target pairs.

Keywords  Drug-target affinity, Deep learning, Binding site detection, Multi-scale 
feature fusion
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billions of dollars in investment, accompanied by a high risk of clinical failure [3]. Con-
sequently, there is an urgent need within the pharmaceutical field to leverage computa-
tional methods to accelerate virtual screening [4] and reduce Research and Development 
costs. Against this background, binding pocket detection and drug-target affinity (DTA) 
prediction have emerged as two critical downstream tasks, offering valuable insights for 
drug discovery.

Binding pocket detection plays an important role in the early stages of drug discov-
ery. Traditional template-based and energy-based methods rely on high-quality tem-
plates or complex energy simulations, yet their effectiveness is often limited by data 
availability and a trade-off between accuracy and efficiency. With the advancement of 
computational power and the maturity of deep learning frameworks, machine learning 
algorithms based on geometric features have made marked progress in recent years [5, 
6]. For instance, Fpocket [7] employs a pure geometry strategy, rapidly characterizing the 
morphological features of binding pockets by aggregating alpha-spheres on the protein 
surface. P2Rank [8] further introduces a supervised learning framework; by extracting 
local geometric features of Connolly points and applying a Random Forest classifier, it 
efficiently predicts druggable regions on the protein surface. However, it is worth noting 
that these methods are generally used as isolated preprocessing steps in the drug-devel-
opment pipeline, with little synergistic interaction downstream affinity-prediction tasks. 
As a task of equal importance to binding pocket detection, drug-target affinity predic-
tion initially relied on traditional machine learning models, such as Random Forest (RF)
[9], Support Vector Machine (SVM)[10], SimBoost[11] and Kronecker Regularized Least 
Squares (KronRLS)[12]. Although these traditional methods achieved certain successes 
in early drug-target interaction studies, they face marked limitations. First, their perfor-
mance heavily depends on hand-crafted features or predefined molecular fingerprints, 
a process that requires substantial domain expertise [13]. Second, their shallow archi-
tectures struggle to capture deep underlying patterns and long-range dependencies in 
large-scale biological data [14]. Therefore, deep learning methods have been widely used 
in DTA prediction according to their strong feature extraction ability. Approaches for 
predicting drug-target affinity can generally be categorized into sequence-based CNN 
models(e.g., DeepDTA [15], DeepCDA[16] and WideDTA[17]), molecular graph-based 
GNN models (e.g., GraphDTA[18], DGraphDTA[19]), and the recently emerging Trans-
former models, such as TransformerCPI[20], which leverage the powerful attention 
mechanism of Transformers to directly model global interaction relationships between 
protein sequences and drug molecule sequences. Specifically, TransformerCPI dynami-
cally focuses on key substructures within drug and target sequences by introducing a 
sequence interaction module, thereby modeling intermolecular interactions with greater 
precision. TAG-DTA[21]) further explores the integration of molecular graph topology 
with protein sequence semantic information, enabling synergistic feature encoding for 
proteins and drugs to enhance prediction accuracy.

Despite these efforts, the existing methods have several areas for improvement:

 	• Although the importance of binding site detection for DTA prediction is clear, many 
studies still address these two tasks separately.

 	• The binding sites detection requires finer-grained features.
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 	• The binding site-guided drug-target fusion should involve an emphasis, like the 
patterns in the binding area, rather than concatenation and simple attention-based 
interaction.

To overcome these limitations, we propose Drug-Target Affinity Prediction Based on 
Binding Sites Detection and Site-Aware Dual Cross-Interaction Block(DCI-SiteDTA), an 
end-to-end deep learning framework that unifies binding site detection and affinity pre-
diction. Firstly, the model takes protein sequences and drug SMILES strings as input and 
employs parallel Transformer encoders to generate initial embeddings [22]. Secondly, a 
multi-scale feature fusion block is introduced to integrate the finer-grained features with 
the global context for binding site detection. Next, based on the binding site informa-
tion, a binding site-guided strategy is proposed based on accurate binding site informa-
tion and other top-K (with the highest probability of binding site parts) context. Finally, a 
dual cross-interaction fusion block is introduced to predict the drug-target affinity score. 
We evaluate our framework on several benchmark datasets and compare it with other 
recent methods. The results demonstrate that our proposed DCI-SiteDTA has superior 
predictive performance on both binding-site detection and affinity-prediction tasks. 
Furthermore, our DCI-SiteDTA differs technically from some recent models based on 
binding site prediction, such as TAG-DTA. First, unlike TAG-DTA, which directly inte-
grates binding site prediction into the standard Transformer attention layer, our model 
employs a Top-K context strategy. Second, we introduce a Dual Cross-Interaction (DCI) 
module, distinguishing it from TAG-DTA, which relies on unidirectional cross-attention 
or simple concatenation followed by self-attention. Finally, while TAG-DTA uses average 
pooling or [CLS] tag reading, we devise a unique gated weighted pooling strategy.

The contributions of this work are threefold:

 	• We proposed an end-to-end deep model to predict the binding sites and affinity 
score of drug-protein pairs, named Drug-Target Affinity Prediction Based on Binding 
Sites Detection and Site-Aware Dual Cross-Interaction Block(DCI-SiteDTA).

 	• A multi-scale feature fusion is designed for not only finer-grained features but also 
the global context of drug-protein pairs for binding site detection.

 	• A binding-site aware dual cross-interaction block is proposed to fuse deep 
representations of drugs and proteins for DTA prediction.

Methods
We propose a novel end-to-end deep learning framework that unifies binding site detec-
tion and affinity prediction.

The model first takes as input the one-dimensional SMILES string of the drug and the 
sequence string of the target. These sequences are then tokenized via Token Embed-
ding to capture physicochemical semantic representations. Subsequently, a Transformer 
encoder is employed to model long-range dependencies among the tokens [23]. Notably, 
for protein encoding, we introduce a multi-scale feature fusion with an adjustable sliding 
window (Fig. 1b) to enhance both local and global contextual information among protein 
residue segments. Following this, a one-dimensional binding site classifier–comprising a 
Transformer encoder and a Position-Aware Multi-Layer Perceptron (PWMLP)–learns 
to identify binding and non-binding residues from the outputs of the contextual condi-
tioning and positional encoding modules.
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Once the one-dimensional binding site vector is obtained, a binding sites-guided 
strategy with the other Top-K contexts is applied to dynamically filter high-confidence 
binding residues while preserving crucial contextual information, thereby laying the 
foundation for subsequent affinity prediction. The masked representations are then fed 
into a dual cross-interaction block (Fig.  1c). This module captures the deep connection 
between the drug and the target from multiple perspectives, enabling fine-grained and 
physiologically plausible feature interaction. Finally, the fused representations are con-
catenated and passed into a Fully Connected Neural Network (FCNN) to regress the 
binding affinity score.

Multi-scale feature fusion

Existing methods struggle to capture the critical spatial interactions between non-
adjacent residues within drug-target binding pockets [24]. Therefore, this study aims 
to develop a feature encoding mechanism that simultaneously integrates local struc-
ture and long-range spatial dependencies to more comprehensively characterize bind-
ing sites. To overcome the limitations in feature extraction, we constructed a multi-scale 
feature fusion with an adjustable sliding window (Fig.  2). This encoder adopts a sequen-
tial hybrid architecture, with its core being a module that progressively fuses local per-
ception with global interaction. Specifically, this branch first performs local perception 
through a one-dimensional convolutional layer (Conv1D)[25]: a convolutional kernel 
of size k acts as a sliding window, forcing the model to focus on contiguous adjacent 
segments of the amino acid sequence. This captures local contextual information repre-
sented by secondary structures (such as α-helix and β-sheet) or locally conserved motifs 
[26].

Fig. 1  a Overall architecture of Drug-Target Affinity Prediction Based on Binding Sites Detection and Site-Aware 
Dual Cross-Interaction Block(DCI-SiteDTA). The model takes protein sequences and drug SMILES strings as input. 
The parallel Transformer-Encoders and b the multi-scale feature fusion are used to extract and fuse features of 
drugs and proteins. Then, the binding site-guided strategy is designed to select the fused context of drug-protein 
pairs. Finally, c the dual cross-interaction block is proposed to predict affinity scores
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The input sequence is X ∈ RL×d, where L is the sequence length and d is the feature 
dimension.

Hlocal = Conv1D(X, Wc, k)� (1)

Wc: Convolution kernel weights. k: Convolution kernel size (Patch Kernel Size). The 
paper mentions using k ∈ {9, 7, 5, 3} in experiments. Hlocal: Feature patches cap-
turing local contextual information. Subsequently, these local features Hlocal are fed 
into a Transformer layer for global interaction. Through its self-attention mechanism, 
the Transformer can model long-range dependencies between different local patches, 
thereby inferring potential spatial interactions formed by distantly separated residues in 
the sequence [27].

Hattn = Attention(Q, K, V) = softmax
(

QKT

√
dk

)
V

Q = HlocalWQ, K = HlocalWK , V = HlocalWV

� (2)

• WQ, WK , WV : Projection matrices for queries, keys, and values, respectively. • dk : 
Scaling factor. To capture latent associations between the target and the ligand, we fuse 
the contextual representation of the protein with the global representation of the drug. 
Simultaneously, we preserve the temporal information and specific constraints of the 
sequences by superimposing positional embeddings and conditional encoding, thereby 
optimizing the input distribution for subsequent modules.

Hattn = SelfAttention(Hlocal)
Hmix = LayerNorm(Concat(Hattn, Project(X)))

Z = Dropout(Activation(Hmix)) + Epos + Econd

� (3)

This design enables the model to understand protein sequences collaboratively at both 
the micro-scale (individual residues and their immediate neighbors) and the meso-
scale (local structural fragments and their long-range associations). This enhances the 
expressiveness of the generated residue-level features, laying the foundation for the sub-
sequent accurate prediction of drug-target binding sites. To investigate the relationship 

Fig. 2  Structure of the multi-scale feature fusion. This module operates in a single sequential branch to capture 
diverse feature granularities. The 1D Convolutional Layer extracts local sequential patterns, while the Self-Attention 
mechanism captures global long-range dependencies. The outputs are concatenated and normalized via Layer 
Normalization. Additionally, Conditional Embedding and Position Embedding are incorporated to preserve spatial 
and contextual information before the final Dropout layer
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between convolution kernel size and multi-feature extraction, we performed experi-
ments with k ∈ {9, 7, 5, 3}. This study experimentally determined k = 5 to be the opti-
mal local scale for binding site detection. This aligns with the physical scale of protein 
local structural units, effectively balancing the capture of local motifs with the suppres-
sion of background noise. This result strongly validates the effectiveness and necessity of 
the proposed local perception and global interaction mechanism for extracting the most 
relevant biophysical features.

Binding site-guided strategy

To address the issue of overly stringent thresholds in traditional hard masks that can 
lead to critical information loss, this study proposes a binding sites-guided strategy with 
the other Top-K contexts (Fig.  3). This approach not only preserves high-probability 
candidate regions but also incorporates contextual information to enhance the charac-
terization of pocket physicochemical environments. Even in weak-signal scenarios, it 
adaptively focuses on key areas while effectively filtering noise.

Specifically, the mechanism employs a conditionally dual-path masking strategy. Let 
P = {p1, p2, ..., pL} denote the predicted binding site probability sequence, τ  be the 
decision threshold, and K be the retention count selected based on sequence length L 
(K = ⌊γ · L⌋). The construction of the masking index set Ωselect follows this logic: 

1.	 Fidelity & correction mode: When explicit binding signals are detected (i.e., pi ≥ τ  
exists), the model retains all predicted positive sites (fidelity) while additionally 
incorporating the Top-K single sites with the highest probabilities from non-binding 
regions. This operation aims to supplement structural context and reduce the risk of 
overlooking potential candidate sites.

2.	 Denoising focus mode: When no binding signals are detected, the model automatically 
switches modes, forcing retention only of the top K% of regions with the highest 
relative probabilities across the entire sequence. This prevents attention dispersion in 
the absence of precise localization and maximally suppresses background noise.

The selection process and final feature weighting formula are formalized as follows:

Ωpos = {i | pi ≥ τ}

Ωselect =
{

Ωpos ∪ TopK ({pj | j /∈ Ωpos}, K) , if |Ωpos| > 0
TopK (P, K) , otherwise

H′
i = Hi · pi · I(i ∈ Ωselect)

� (4)

Here, Hi denotes the original feature, I(·) is the indicator function, and H′
i represents the 

feature after soft masking filtering. To investigate parameter sensitivity, we conducted 

Fig. 3  Schematic diagram of the binding sites-guided strategy with the other Top-K contexts
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comparative experiments on the Davis [28] and Kiba [29] datasets with selected K val-
ues: K ∈ {30%, 50%, 70%, 100%} to determine the optimal balance between focused 
representation and denoising.

Building upon this, the model deeply integrates the extracted protein contextual fea-
tures H′ with the global features of the drug. This module effectively reduces the risk 
of overlooking potential candidate sites by dynamically filtering high-confidence residue 
combinations while preserving critical contextual information, thereby providing a reli-
able basis for subsequent drug-target affinity screening.

Dual cross-interaction block

To address the limitation of traditional models in feature fusion, where multi-scale 
interaction is often insufficient [30], this study proposes a dual cross-interaction 
block (Fig.   4). First, we employ the upstream predicted binding site vector Vbind as 
prior knowledge to perform a soft-weighting process on the protein features. Let 
Hprot ∈ RLp×d denote the encoded protein sequence and Hsmi ∈ RLs×d denote the 
encoded drug molecule sequence. The predicted binding site logits are transformed via 
a sigmoid function to obtain the gating coefficients G, which are then applied to the pro-
tein features:

G = σ(Vbind) ∈ RLp×1

H̃prot = Hprot ⊙ G
� (5)

where ⊙ denotes element-wise multiplication. The resulting H̃prot retains only fea-
tures highly relevant to potential binding sites, effectively suppressing noise from non-
binding regions and providing high signal-to-noise ratio inputs for subsequent feature 

Fig. 4  The architecture of the Dual Cross-Interaction Block. This component facilitates information exchange be-
tween protein tokens (Ptokens) and SMILES tokens (Stokens). The Dual Cross-Interaction Block employs a sym-
metric query-key-value (Q, K, V) structure to update the representation of each modality based on the other. The 
binding_vector modulates the input Ptokens via a gating mechanism (σ). Finally, the Fusion Block integrates the 
features using both standard and Weighted Pooling followed by concatenation to form the final comprehensive 
representation
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interaction. Second, we design a dual cross-interaction pathway consisting of two com-
plementary views:

1.	 Ligand-view pathway (LVP): Using drug features Hsmi as queries, and the gated 
protein features H̃prot as both keys and values. This pathway simulates how a drug 
perceives and focuses on specific binding sites within the protein:

Hinter
smi = LayerNorm(Hsmi + MHA(Q = Hsmi, K = H̃prot, V = H̃prot))� (6)

2.	 Protein-view pathway (PVP): Using the gated protein features H̃prot as queries, and 
drug features Hsmi as both keys and values. This pathway models how binding sites 
adjust their feature representations according to the physicochemical properties of 
the drug:

Hinter
prot = LayerNorm(H̃prot + MHA(Q = H̃prot, K = Hsmi, V = Hsmi))� (7)

	 Finally, to generate a global representation for affinity prediction, sequence-level 
information needs to be aggregated. Since simple average pooling tends to dilute 
critical binding site information, we adopt a gated weighted pooling strategy for the 
interacted protein features Hinter

prot :

hpool
prot =

∑Lp

i=1(Hinter
prot,i · Gi)∑Lp

i=1 Gi + ϵ
� (8)

	 This ensures that the final protein vector hpool
prot remains highly focused on binding 

pocket regions. Ultimately, we concatenate the original global features ([CLS] tokens) 
with the interaction-enhanced local pooled features to form a fused vector Vfinal, 
which integrates multi-scale and multi-view information. This vector is then fed into 
a fully connected neural network (FCNN) for affinity regression:

Vfinal = Concat([hcls
prot, hcls

smi, h
inter[0]
smi , hpool

prot])� (9)

Experiments and results
Dataset

Consistent with current mainstream competitive approaches [31], we utilized two 
widely used benchmark datasets Davis and KIBA to train, validate, and test our model. 
The Davis dataset contains selectivity analysis data specific to the human catalytic pro-
tein kinase group. This dataset covers interactions between 442 kinases and 72 kinase 
inhibitors, originally comprising 31,824 drug-target interaction (DTI) pairs. Affinity val-
ues are measured by dissociation constants (Kd). To adapt to regression tasks and reduce 
variance in the data distribution, we transformed Kd values into logarithmic space (pKd) 
using the formula pKd = − log10(Kd/109). To standardize feature counts and avoid loss 
of relevant sequence information, we performed length preprocessing on the data fol-
lowing the TAG-DTA strategy. We fixed the length of target protein sequences between 
264 and 1400 amino acid residues and restricted SMILES string lengths to 38–72 charac-
ters. After preprocessing and deduplication, the final Davis dataset used for experiments 
comprised 29,187 samples. To further evaluate model generalization, we incorporated 
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the KIBA dataset. Derived from Tang et al.’s research, this dataset addresses inconsis-
tencies in bioactivity metrics (Ki, Kd, IC50) across diverse sources. KIBA scores inte-
grate these varied bioactivity types into a comprehensive drug-target bioactivity matrix. 
The original KIBA dataset comprises 467 target proteins and 52,498 ligands. Following 
similar data cleaning criteria, we treated the KIBA score as the prediction target and 
excluded samples with excessively short or long sequences (target sequences capped at 
1000 characters, SMILES strings capped at 100 characters). The final constructed exper-
imental KIBA dataset comprises 229 target proteins and 2,111 drug molecules, totaling 
118,254 validated interaction pairs. For both datasets, we employed either random split-
ting or chemogenomic representative splitting to partition data into training and test-
ing sets, ensuring robustness in experimental evaluation. To train the 1D binding site 
classifier, ground-truth binding site labels were required. In this study, we adopted the 
comprehensive 1D binding pocket dataset curated by the TAG-DTA baseline. These 
labels were originally derived by extracting authentic 3D protein-ligand complexes from 
PDB-based databases (scPDB, PDBBind, and BioLiP) and mapping the spatial interact-
ing residues onto 1D UniProt sequences to form binary vectors. By cross-referencing 
our affinity datasets with this binding pocket database via protein sequence alignment, 
we determined the exact annotation coverage. Specifically, in our constructed KIBA 
dataset, 163 out of the 228 unique target proteins possess explicit ground-truth binding 
site labels, corresponding to a coverage rate of 71.49.The relevant information is shown 
in Table 1.

Evaluation metrics

To evaluate the performance of various models, our study employed regression metrics 
for drug-target affinity (DTA) prediction, namely the Root Mean Squared Error (RMSE) 
loss, the Concordance Index (CI), and the coefficient of determination (r2m). RMSE 
measures the error between measured and predicted values, while CI calculates the 
probability of concordance between pairs of predictions and measurements. For bind-
ing site prediction, which is a binary classification task, performance was assessed using 
five key metrics: Accuracy (ACC), Matthews Correlation Coefficient (MCC), Precision, 
Recall, and the F1-Score.

Accuracy represents the proportion of correctly predicted samples among the total 
samples. A higher accuracy indicates a greater overall correct prediction rate by the 
model. However, in datasets with class imbalance, relying solely on accuracy may not 
fully reflect the model’s true performance. The Matthews Correlation Coefficient (MCC) 
is a comprehensive measure for binary classification models. MCC values range from 
-1 to +1, where +1 indicates perfect prediction, -1 indicates total disagreement, and 0 
signifies prediction no better than random. A value closer to +1 denotes stronger over-
all discriminative power of the model on both positive and negative samples, and it is 
insensitive to class imbalance.

Precision reflects the proportion of true positive predictions among all positive pre-
dictions made by the model. In the context of binding site detection, a higher precision 

Table 1  Statistics of the proteins and binding site label coverage in the benchmark datasets
Dataset Total unique proteins Proteins with 1D binding labels Coverage rate
KIBA 228 163 71.49%

Davis 423 153 36.17%



Page 10 of 21Zhang et al. BMC Bioinformatics          (2026) 27:122 

indicates a lower rate of false positives, meaning the model is highly reliable when it pre-
dicts a residue as a binding site. The F1-Score is the harmonic mean of Precision and 
Recall, serving as a balanced composite metric. A higher F1-Score indicates a more 
robust model.The calculation formulas for the aforementioned evaluation metrics are 
provided below

1.	 Root mean squared error (RMSE)

	
RMSE(t, p) =

√√√√ 1
n

n∑
i=1

(ti − pi)2� (10)

	 where ti is the measured binding affinity, and where pi is the predicted binding affinity.
2.	 Concordance index (CI)

	
CI = 1

Z

∑
i,j: ti ̸=tj

σ(ti, tj) · h(pi − pj)� (11)

	 where ti and pi denote the measured binding affinity and model prediction of the i
-th sample, respectively, and Z is a normalization constant. σ(ti, tj) is an indicator 
function that equals 1 if ti > tj , and 0 otherwise. h(x) is the Heaviside step function 
defined as:

h(x) =

{
1, if x > 0
0.5, if x = 0
0, if x < 0

� (12)

3.	 Coefficient of determination (r2 m)

	
r2m = 1 −

∑n
i=1(ti − pi)2

∑n
i=1(ti − t̄)2 � (13)

	 where t̄ is the mean of the measured binding affinities.
4.	 Accuracy (ACC)

	
ACC = TP + TN

TP + TN + FP + FN
� (14)

	 where TP , TN , FP , and FN  are the numbers of true positives, true negatives, false 
positives, and false negatives, respectively.

5.	 Matthews correlation coefficient (MCC)

	
MCC = TP × TN − FP × FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN) � (15)

	 where TP , TN , FP , and FN  are defined as above.
6.	 Precision

	
Precision = TP

TP + FP
� (16)
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	 where TP  and FP  are the numbers of true positives and false positives, respectively.
7.	 Recall (Sensitivity)

	
Recall = TP

TP + FN
� (17)

	 where TP  and FN  are the numbers of true positives and false negatives, respectively.
8.	 F1-Score

	
F1 = 2 × Precision × Recall

Precision + Recall � (18)

Settings of hyperparameters and experimental environment

All experiments in this study were conducted on a hardware platform equipped with 
four NVIDIA RTX 3090 (24GB) GPUs. The implementation was carried out using 
Python 3.9.6 and TensorFlow 2.8.0, with the training process facilitated by the Adam 
optimizer. The specific parameter configurations are detailed in Table 2.

Experiment 1: Multi-scale feature fusion for binding site detection and DTA prediction

To investigate the influence of local contextual encoding on both binding site detec-
tion and affinity prediction, we conducted a series of experiments with varying patch 
sizes (k-mer windows) within the multi-scale feature fusion module. The baseline model 
employs a standard sequential encoder without explicit local feature aggregation. We 
compared its performance against four improved variants, which integrate local convo-
lutional blocks with kernel sizes of 9, 7, 5, and 3 residues, respectively.

As summarized in Table  3, the incorporation of local receptive fields consistently 
enhances performance across both binding prediction and affinity regression tasks on 
the Davis and KIBA datasets. Specifically, all k-mer improved models outperform the 
baseline in terms of binding vector metrics (ACC, Recall, Precision, F1, MCC) and affin-
ity metrics (RMSE, CI). Among them, the 5-mer configuration achieves the best overall 
performance, attaining the highest scores in ACC, Recall, Precision, MCC, and CI on 
both datasets, while also yielding the lowest RMSE.We present the visualized perfor-
mance results on the Davis and KIBA datasets in Figs.  5 and 6.

For binding site detection, the 5-mer model achieves ACC values of 0.8877 and 0.8878 
on Davis and KIBA, respectively, along with balanced improvements in Recall and Preci-
sion. This suggests that a local window of five residues effectively captures meaningful 
structural motifs relevant to pocket formation, without introducing excessive noise from 
distal regions. Smaller windows (e.g., 3-mer) exhibit a slight decline in precision, likely 

Table 2  DCI-SiteDTA Hyperparameter Settings
Parameter Value
Batch size 32

1D binding pocket pre-train epochs 30

Binding affinity train epochs 3

1D binding pocket train epochs 1

Epochsa 500

Dropout rate 0.1
a  Initial number of epochs to allow convergence of the model, where early stopping and model checkpoint over the 
training cycles were applied to avoid overfitting
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Table 3  Performance comparison of different patch sizes on Davis and Kiba datasets (Best results 
are in bold).
Dataset Method Binding vector metrics Affinity metrics

ACC Recall Precision F1 MCC RMSE CI
Davis Baseline 0.8628 0.7957 0.6868 0.7364 0.6836 0.4443 0.8990

+ 9mer 0.8807 0.8152 0.7444 0.7764 0.7328 0.4271 0.9081

+ 7mer 0.8840 0.8196 0.7557 0.7852 0.7407 0.4225 0.9062

+ 5mer 0.8877 0.8309 0.7562 0.7840 0.7412 0.4211 0.9096
+ 3mer 0.8774 0.8132 0.7322 0.7689 0.7231 0.4235 0.9087

Kiba Baseline 0.8650 0.8016 0.6839 0.7366 0.6846 0.5179 0.8300

+ 9mer 0.8841 0.8247 0.7381 0.7776 0.7339 0.5157 0.8327

+ 7mer 0.8852 0.8301 0.7284 0.7745 0.7303 0.5155 0.8320

+ 5mer 0.8878 0.8391 0.7572 0.7855 0.7430 0.5148 0.8329
+ 3mer 0.8836 0.8251 0.7350 0.7763 0.7319 0.5193 0.8319

Fig. 6  Affinity prediction performance on Davis and KIBA datasets

 

Fig. 5  Performance with binding site information on Davis and KIBA datasets
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due to insufficient context, while larger windows (9-mer) show marginally lower recall, 
possibly attributable to over-smoothing or inclusion of irrelevant residues.we find that 
a single turn of α-helix spans approximately 3.6 residues [32] and β-turns is typically 4 
residues [33]. Therefore, a 3-mer may be too short to capture the structural semantics, 
and a 7-mer could risk on introducing background noise from adjacent non-interacting 
regions, thereby diluting the highly localized signals of binding pockets.

In affinity prediction, the 5-mer model yields RMSE values of 0.4211 (Davis) and 
0.5148 (KIBA), alongside CI scores of 0.9096 and 0.8329, respectively. The consistent 
superiority of the 5-mer setting indicates that local structural patterns centered on bind-
ing residues provide discriminative features that enhance the model’s ability to estimate 
binding strength. This observation aligns with biophysical intuition, as many functional 
protein–ligand interactions are mediated by local clusters of 4–6 residues forming key 
contact surfaces.

These results underscore the importance of local sequence context in joint binding–
affinity modeling and demonstrate that an intermediate receptive field (5-mer) offers an 
optimal trade-off between locality and contextual breadth for the tasks studied. Future 
extensions could explore adaptive or multi-kernel architectures to dynamically adjust 
the receptive field based on sequence characteristics.

Experiment 2: Effects of the binding site-guided strategy

To balance the need for focused feature representation against the risk of losing criti-
cal binding context, we introduced a binding site-guided strategy with other Top-K con-
texts. This strategy dynamically selects subsets of residue positions based on predicted 
binding probabilities, integrating contextual regions while preserving high-confidence 
binding sites to mitigate the risk of overlooking potential candidate sites. We evalu-
ated four Top-K retention ratios K ∈ {0.3, 0.5, 0.7, 1.0} under the optimal 5-mer local 
encoding setting.

As shown in Table 4, the choice of K markedly influences affinity prediction perfor-
mance on both the Davis and KIBA datasets. On Davis, setting K = 0.5 achieves the 
best trade-off, yielding the lowest MSE (0.171) and RMSE (0.414), along with the high-
est CI (0.919). This represents a clear improvement over the baseline 5-mer model 
(RMSE = 0.421, CI = 0.910) and demonstrates the effectiveness of the masking 

Table 4  Impact of different Top-K ratios on model performance under 5mer patch size setting (Best 
results are in bold).
Dataset Method Affinity metrics

MSE RMSE CI
Davis Baseline 0.186 0.431 0.899

5mer Improved 0.177 0.421 0.910

+ K = 0.3 0.174 0.417 0.916

+ K = 0.5 (Ours) 0.171 0.414 0.919
+ K = 0.7 0.172 0.414 0.917

+ K = 1.0 0.173 0.416 0.913

Kiba Baseline 0.268 0.518 0.830

5mer Improved 0.265 0.515 0.833

+ K = 0.3 0.276 0.526 0.831

+ K = 0.5 (Ours) 0.263 0.513 0.833
+ K = 0.7 0.266 0.516 0.832

+ K = 1.0 0.273 0.522 0.830
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mechanism. Higher retention ratios (K = 0.7, 1.0) lead to slight performance degrada-
tion, likely due to increased noise from non-binding regions. Conversely, a stricter selec-
tion (K = 0.3) also underperforms, suggesting that over-aggressive filtering may discard 
structurally relevant context.

On the KIBA dataset, a similar trend is observed: K = 0.5 again delivers the stron-
gest results, with RMSE = 0.513 and CI = 0.833, outperforming both more restrictive 
(K = 0.3) and more inclusive (K = 1.0) settings. The visualization of this pattern across 
both datasets is presented in Fig.  7.

The consistent superiority of K = 0.5 across both datasets indicates that retain-
ing approximately half of the most relevant residue positions optimally balances signal 
preservation against noise suppression. This ratio allows the model to maintain high-
confidence binding sites while incorporating sufficient flanking residues to capture 
local physicochemical and structural context—an important factor for accurate affinity 
estimation.

In summary, the binding sites-guided strategy with the other Top-K contexts provides 
a robust and tunable strategy to guide the model’s attention toward binding-relevant 
regions. The empirical results confirm that an intermediate retention ratio (K = 0.5) 
generalizes well across different datasets and contributes to improved prediction stabil-
ity and accuracy.To evaluate the impact of cascade errors caused by upstream site detec-
tion bias, we simulated extreme errors by completely disabling the one-dimensional 
classifier. Results on the Davis dataset show that completely removing site guidance 
increases the RMSE from 0.421 to 0.449 (Table 5.) These findings indicate that even in 
the worst-case scenario of severe detection bias or complete failure, the baseline global 
interaction path in the DCI module effectively prevents catastrophic downstream degra-
dation. Our architecture has a certain degree of tolerance to upstream errors.

Table 5  Performance comparison with and without the 1D binding site classifier (Best results are in 
bold).
Dataset 1D binding classifier Affinity prediction

MSE (↓) RMSE (↓) CI (↑)
Davis On (ours) 0.177 0.4211 0.9096

Off 0.202 0.4490 0.9010

Kiba On (ours) 0.265 0.5148 0.8329
Off 0.265 0.5150 0.8310

 "On" indicates the complete model with the 1D binding site classification block enabled, while "Off" represents the model 
where this guidance module is disabled, forcing the model to rely solely on global features without targeted pocket priors

Fig. 7  Comparative visualization of different top-K ratios on model performance across the Davis and KIBA Data-
sets (with 5mer Patches)
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Experiment 3: The dual cross-interaction for DTA prediction

To effectively integrate protein and ligand representations for affinity prediction, we 
compared four feature-fusion strategies: (1) simple concatenation, (2) gated fusion, 
(3) single-directional cross-attention [34], and (4) the proposed dual cross-interaction 
block. The latter employs a binding-guided gating module followed by dual cross-inter-
action pathways (protein-to-ligand and ligand-to-protein), simulating the induced-fit 
process between the target pocket and the drug molecule.

As summarized in Table 6, the dual cross-interaction strategy consistently achieves the 
best performance on both the Davis and KIBA datasets. On Davis, it attains the lowest 
MSE (0.170) and RMSE (0.412) while maintaining a high CI (0.919), outperforming all 
other fusion approaches. Similarly, on KIBA, it yields the lowest MSE (0.262) and RMSE 
(0.512) along with the highest CI (0.835). In contrast, single-directional cross-attention 
shows a noticeable drop in performance (e.g., RMSE increases to 0.437 on Davis and 
0.525 on KIBA), indicating that unidirectional feature alignment is insufficient to cap-
ture the mutual adaptation between the two binding partners.

The superiority of the dual cross-interaction block can be attributed to its ability to 
model bidirectional context-aware interactions. By using the predicted binding vector 
as a soft gating signal, the model first suppresses noise from non-binding regions of the 
protein sequence. It then performs two complementary attention passes: (1) Ligand-to-
protein attention allows the drug representation to focus on the most relevant binding 
residues. (2) Protein-to-ligand attention enables the protein to adjust its feature expres-
sion based on the chemical properties of the drug.

This dual cross flow mimics the real-world induced-fit dynamics, where both the 
ligand and the binding pocket undergo conformational adjustments. The final pooled 
representation, obtained through binding-gated weighted pooling, retains high signal-
to-noise ratio and multi-scale information, which is then fed into a fully connected 
network for affinity regression.To rigorously isolate the intrinsic contribution of the 
interaction mechanisms, independent of our proposed upstream modules, we con-
ducted a granular ablation study on a "pure baseline." In this setting, the multi-scale 
feature fusion (5-mer) and the binding site-guided strategy (K=0.5) were completely 
removed. As shown in Table  7, even when operating on basic sequential features, the 
Dual Cross-Interaction block consistently outperforms simple Concatenation, Gated 
Fusion, and standard Cross-Attention. This demonstrates that the bidirectional cross-
attention pathways (LVP and PVP) are fundamentally superior at capturing the mutual 
structural adaptations between drugs and targets, confirming that the DCI module 

Table 6  Performance comparison with different fusion strategies on Davis and Kiba datasets (Best 
results are in bold).
Dataset Fusion strategy Affinity prediction

MSE (↓) RMSE (↓) CI (↑)
Davis Concatenation 0.171 0.414 0.919

Gated fusion 0.195 0.442 0.913

Cross-attention 0.191 0.437 0.911

Dual cross-interaction 0.170 0.412 0.919
Kiba Concatenation 0.263 0.513 0.833

Gated fusion 0.267 0.517 0.828

Cross-attention 0.276 0.525 0.832

Dual cross-interaction 0.262 0.512 0.835
 "Concatenation" represents the base model using simple feature concatenation (5-mer + K = 0.5)
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provides substantial performance gains completely independent of the other architec-
tural enhancements.

These results confirm that explicitly modeling mutual attention between drug and tar-
get is crucial for accurate affinity prediction. The dual cross-interaction block not only 
improves quantitative metrics but also enhances the interpretability of the model, as 
the attention weights can be visualized to identify key interacting residues and atoms–a 
valuable feature for guiding further drug optimization.

Furthermore, it is crucial to highlight the technical distinctions between our DCI 
block and the attention mechanisms employed in recent binding-guided models like 
TAG-DTA. While previous methods predominantly rely on unidirectional cross-atten-
tion or simple concatenation followed by self-attention, they often fail to capture the 
bidirectional structural adaptations during drug-target binding. Our DCI block fun-
damentally overcomes this by introducing two symmetrical pathways (LVP and PVP) 
to computationally mimic the biophysical "induced-fit" paradigm, allowing localized 
protein features and drug features to iteratively refine each other. Additionally, unlike 
standard models that use average pooling or a [CLS] token readout–which can severely 
dilute localized binding signals–we engineered a unique gated weighted pooling strategy 
(Eq.  8). This ensures that the final aggregated vector maintains a high signal-to-noise 
ratio strictly focused on the binding interface. As evidenced in Table  7,this specific dual-
attention and weighted pooling architecture substantially outperforms conventional 
cross-attention strategies.

Experiment 4: Performance comparison to recent works

To comprehensively evaluate the predictive capability of our proposed framework, we 
compared it with ten state-of-the-art methods on the Davis dataset, a widely recognized 
benchmark for drug–target affinity prediction. The competing methods span a range 
of architectures, including convolutional networks (DeepDTA, Sim-CNN-DTA[35]), 
graph neural networks (GraphDTA-GCNNet[18]), Transformers (TransformerCPI, 
DTITR[36], TAG-DTA), and hybrid designs (DeepCDA, HyperAttentionDTI[37], MFR-
DTA[38], PMMR[39]).

As shown in Table 8, our model achieves the best performance across all four evalu-
ation metrics: MSE (0.180), RMSE (0.424), CI (0.916), and R2 (0.790). These results 
represent a consistent improvement over the strongest recent baselines. For instance, 
compared to the recent TAG-DTA (2024) and PMMR (2025) models, our method 

Table 7  Performance comparison of fusion strategies under the pure baseline setting (Best results 
are in bold).
Dataset Fusion strategy Affinity prediction

MSE (↓) RMSE (↓) CI (↑)
Davis Concatenation 0.197 0.444 0.899

Gated fusion 0.203 0.451 0.892

Cross-attention 0.193 0.439 0.910

Dual cross-interaction 0.179 0.423 0.912
Kiba Concatenation 0.268 0.5179 0.830

Gated fusion 0.271 0.521 0.827

Cross-attention 0.278 0.527 0.829

Dual cross-interaction 0.263 0.513 0.835
 All fusion strategies in this table are evaluated under the pure baseline setting (without 5-mer multi-scale feature fusion 
and K = 0.5 binding site guidance)
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reduces RMSE by approximately 5% and 1.6%, respectively, while also raising CI and 
R2 to new highs. Notably, the progressive improvement from earlier models (e.g., Deep-
DTA, RMSE = 0.485) to our approach illustrates the cumulative impact of architectural 
advances—especially the integration of multi-scale feature fusion, a binding sites-guided 
strategy with the other Top-K contexts, and dual cross-interaction block.Furthermore, 
to statistically evaluate the predictive performance differences between the proposed 
model (DCI-SiteDTA) and key benchmark models, we conducted pairwise comparisons 
of CI scores using paired t-tests (95% confidence intervals). The results indicate that the 
proposed DCI-SiteDTA framework outperforms all benchmark models in terms of CI 
scores, with all pairwise comparison p-values falling below 0.05 and 0.01. Notably, the 
two-tailed p-value from the paired comparison between DCI-SiteDTA and TAG-DTA 
was 6.956 × 10−4.

Furthermore, to assess the generalizability of the model on unseen data, we con-
ducted experiments on the KIBA data set under the cold start setting (Table 9). In this 
challenging scenario, our model still maintains robust performance, performing com-
petitively against existing methods with comparatively lower error rates (MSE = 0.276, 
RMSE = 0.525) and a higher concordance index (CI = 0.833).

While GramSeq-DTA (2025)[40] and TAG-DTA (2024) achieve competitive results 
with MSE of 0.277 and 0.278, respectively, our model shows further improvement in 
accuracy. Specifically, the CI of our model reaches 0.833, which is moderately better 
than the 0.831 of TAG-DTA and 0.823 of GramSeq-DTA. These results suggest that the 
learned representations may generally generalize to novel compounds and proteins–a 
potentially useful property in practical drug-discovery applications. Recognizing the 
critical importance of model generalizability in practical drug discovery, we further eval-
uated DCI-SiteDTA on the Davis dataset under a stringent cold-start setting (evaluating 

Table 8  Performance comparison of different models on the Davis dataset (Best results are in bold).
Method MSE (↓) RMSE (↓) CI (↑) r2 (↑)
DeepDTA (2018) 0.235 0.485 0.871 0.707

GraphDTA-GCNNet (2020) 0.322 0.566 0.850 0.598

TransformerCPI (2020) 0.285 0.533 0.839 0.493

DeepCDA (2020) 0.232 0.482 0.879 0.710

Sim-CNN-DTA (2021) 0.276 0.525 0.869 0.656

HyperAttentionDTI (2022) 0.241 0.491 0.879 0.699

DTITR (2022) 0.216 0.465 0.880 0.730

MFR-DTA (2023) 0.221 0.470 0.905 0.705

TAG-DTA (2024) 0.199 0.446 0.898 0.752

PMMR (2025) 0.186 0.431 0.910 0.781

Ours 0.180 0.424 0.916 0.790

Table 9  Performance comparison under the Cold-Start setting on the Kiba dataset. The best results 
are highlighted in bold (Best results are in bold).
Method MSE (↓) RMSE (↓) CI (↑)
DeepDTA (2018) 0.350 0.592 0.771

GraphDTA (2021) 0.360 0.600 0.755

MolTrans (2021) 0.330 0.574 0.780

TAG-DTA (2024) 0.278 0.527 0.831

GramSeq-DTA (2025) 0.277 0.526 0.823

Ours 0.276 0.525 0.833
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on unseen targets). As shown in Table 10, this scenario is considerably more challenging 
than random splitting. However, DCI-SiteDTA continues to exhibit superior robustness 
compared to generalization-focused baselines such as TAG-DTA and LKE-DTA[41]. By 
achieving an RMSE of 0.506 and a CI of 0.835, our framework demonstrates that the 
localized structural priors provided by the binding site detection module, combined 
with the bidirectional feature adjustment in the DCI block, effectively prevent overfit-
ting and capture universally applicable drug-target interaction patterns.

Case study: Attention visualization and induced-fit mechanism

A core motivation behind the Dual Cross-Interaction (DCI) block is to computation-
ally simulate the biophysical adaptive fitting process, where the binding pocket dynami-
cally adjusts its conformation and physicochemical properties to accommodate a 
specific ligand. To validate whether our model successfully captures this phenomenon, 
we extracted and visualized the cross-attention weights from the Protein-View Pathway 
(PVP) of the DCI block. In the PVP, the gated protein features act as queries, while the 
drug SMILES features serve as keys and values. Thus, a high attention weight mathe-
matically indicates that a specific protein residue is significantly altering its feature rep-
resentation in response to a specific functional group of the drug. Figure  8 illustrates 
the PVP cross-attention heatmap for the well-known complex of the ABL1(E255K) 
mutant kinase and the inhibitor SKI-606 (Bosutinib). Rather than uniformly attending 
to the entire drug molecule, the protein residues exhibit highly specific, localized atten-
tion “hotspots” corresponding to established biophysical interactions: Halogen Group 
Recognition: The critical gatekeeper residue, T315, assigns an exceptionally high atten-
tion weight to the C l (chlorine atom) token of the drug. This mathematically mirrors 
the well-documented induced-fit pocket adaptation required to accommodate the bulky, 
hydrophobic halogen group of Bosutinib. Core Scaffold Anchoring: Residues in the 
hinge region, specifically F317 and M318, heavily concentrate their attention on the n c c 
c substructure, which corresponds to the quinoline core of the drug. This aligns perfectly 
with the biological formation of essential hydrogen bonds at the kinase hinge region. 
Mutant Site Interaction: The mutated residue K255 exhibits a strong attention focus 
on the C#N  (nitrile group), capturing the specific steric and electrostatic interactions 
introduced by the E255K mutation. These localized attention patterns provide concrete 
visual evidence that the PVP successfully models the adaptive fitting mechanism, allow-
ing the target protein’s representations to be structurally modulated by specific moieties 
of the drug molecule.

Table 10  Performance comparison under the Cold-Start setting on the Davis dataset (Best results 
are in bold).
Method MSE (↓) RMSE (↓) CI (↑)
DeepDTA (2018) 0.424 0.651 0.783

Transformer CPI (2020) 0.343 0.586 0.706

DTITR (2022) 0.292 0.540 0.752

MFR-DTA (2023) 0.277 0.526 0.771

TAG-DTA (2024) 0.261 0.511 0.785

LKE-DTA (2025) 0.324 0.569 0.833

Ours 0.256 0.506 0.835
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Conclusions
In this study, we propose DCI-SiteDTA, a novel end-to-end deep learning framework 
that unifies binding site detection and affinity prediction. By integrating dual Trans-
former encoders for protein and ligand representation, a multi-scale feature fusion, a 
binding sites-guided strategy with the other Top-K contexts and the dual cross-inter-
action block, our model provides a unified approach to jointly infer binding sites and 
affinity values. The binding sites-guided strategy with the other Top-K contexts reduces 
the risk of overlooking potential candidate sites while preserving contextual informa-
tion, whereas the dual cross-interaction fusion module simulates the induced-fit process 
to capture the fine-grained interaction mechanisms between drugs and targets.

Experimental evaluation on the well-established Davis and KIBA benchmarks dem-
onstrates that our framework achieves competitive performance in both binding site 
classification and affinity prediction tasks. Notably, the model shows robustness under 
cold-start settings, indicating its practical potential in early-stage drug discovery where 
labeled data are scarce. Compared with various state-of-the-art methods, our approach 
improves key evaluation metrics, including mean squared error, root mean squared 
error, and concordance index.

Despite these encouraging results, the framework has certain limitations: (1) The cur-
rent architecture primarily relies on sequential inputs. Although it leverages predicted 
binding pockets to guide affinity learning, it does not explicitly incorporate three-dimen-
sional structural information. Future work will focus on extending the model to exploit 
geometric and surface features of proteins. (2) Recognizing the impact of surface pock-
ets on DTA–particularly drug molecular profiles and the tertiary structure of targets–we 
note that leveraging advanced structural data, for instance, using graph neural networks 
(GNNs) to extract high-level structural features, represents a prominent and promising 
research direction for future work. (3) Our evaluation is based on the Davis and KIBA 
datasets, which are mostly kinases. From a biological perspective, data from non-kinase 
families may be further considered.

Fig. 8  PVP cross-attention heatmap for the ABL1(E255K) and SKI-606 (Bosutinib) complex. The y-axis represents 
the key pocket residues of the protein (Queries), and the x-axis represents the SMILES tokens of the drug (Keys/
Values). Darker colors indicate higher attention weights, demonstrating that specific protein residues dynamically 
update their features in response to precise functional groups of the drug (e.g., T315 attending to the Chlorine 
atom), thereby computationally simulating the induced-fit process
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In summary, the integration of binding site detection and affinity prediction within 
an end-to-end framework offers a promising direction for improving the accuracy and 
interpretability of drug–target interaction modeling. With the increasing availabil-
ity of protein structural data and advances in geometric deep learning, we anticipate 
that deeper fusion of sequence, structure, and dynamic information will substantially 
enhance the utility of such models in accelerating rational drug design.
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