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Accurate protein-ligand binding affinity prediction is important for 

structure-based anticancer drug discovery. This study presents 3D-ReSE-

VN, a three-dimensional residual attention network that combines 

voxelized docking-derived complexes with residual learning, squeeze-and-

excitation channel attention, and spatial attention. The model was 

evaluated on 4,620 protein-ligand complexes using random five-fold cross-

validation and a predefined train/validation/test split. In cross-validation, 

3D-ReSE-VN achieved an RMSE of 1.9679 ± 0.8242, an MAE of 0.6952 ± 

0.1079, a Pearson correlation of 0.8169 ± 0.1095, and an R2 of 0.6724 ± 

0.1755. On the fixed hold-out test set of 693 complexes, the model achieved 

an RMSE of 1.3251, an MAE of 0.6420, a Pearson correlation of 0.9098, 

and an R2 of 0.8271. The model showed competitive performance against 

the reported architectures, although performance varied across data 

partitions and affinity ranges. These findings support further evaluation on 

larger, chemically diverse, and disjoint protein-ligand datasets. 
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1. INTRODUCTION 

Cancer remains a major global health challenge with 

substantial clinical, economic, and societal 

consequences (Adeshakin et al., 2021; Smith et al., 

2022; Zhang et al., 2024). Its development involves 

molecular alterations that affect signaling, 

proliferation, apoptosis, metabolism, immune 

regulation, and the tumor microenvironment 

(Adeshakin et al., 2021; Wang et al., 2024a; Zhang 

et al., 2024). Because many of these processes 

involve dysregulated proteins, identifying small 

molecules that effectively bind disease-associated 

targets is central to targeted drug discovery and 

precision therapeutics (Kim et al., 2024; Wang et al., 

2024a). Accurate protein-ligand binding affinity 

prediction supports virtual screening, compound 

prioritization, and lead optimization before 

experimental validation (Rezaei et al., 2022; 

Abdelkader & Kim, 2024; Liu et al., 2024b). 

Molecular docking is widely used to generate 

plausible binding poses and estimate protein-ligand 

interactions, with tools such as AutoDock Vina 

enabling efficient exploration of ligand 

conformations (Eberhardt et al., 2021; Mursal et al., 

2024). However, conventional scoring functions use 

simplified energy approximations and may 
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inadequately represent protein flexibility, solvent 

and entropic effects, and complex intermolecular 

interactions (Liu et al., 2024c; Mursal et al., 2024). 

These limitations have encouraged artificial 

intelligence approaches that learn interaction 

patterns directly from molecular and structural data 

(Rezaei et al., 2022; Jiang et al., 2023; Abdelkader 

& Kim, 2024). Deep learning methods employ 

diverse representations for affinity prediction. 

GraphDTA uses molecular graphs and graph neural 

networks (Nguyen et al., 2021), whereas MolTrans 

learns interactions between molecular substructures 

and protein sequences (Huang et al., 2021). Graph-

based interaction modeling and active-site sequence 

representations have further demonstrated the value 

of interaction-aware features (Jiang et al., 2021; 

Born et al., 2022), while recent sequence- and 

attention-based methods have extended these 

representations (Wang et al., 2022; Liu et al., 

2024d). Nevertheless, sequence and two-

dimensional graph representations do not explicitly 

encode complete three-dimensional binding 

geometry. Structure-based deep learning addresses 

this limitation by incorporating the spatial 

organization of protein-ligand complexes. Spatial 

attention, structural deep learning, and structure-

aware graph models have demonstrated the value of 

learning binding geometry and atomic interactions 

(Wang et al., 2021; Wang et al., 2022; Guo, 2024). 

HAC-Net further combines three-dimensional 

convolution, channel-wise attention, and graph 

convolution, illustrating the complementary value 

of voxel, attention, and graph representations (Kyro 

et al., 2023). More recent approaches have explored 

electron-density representations, structure-based 

graph ensembles, interaction-aware models, and 

learned protein-ligand scoring functions (Guo, 

2024; Isert et al., 2024; Lai et al., 2024; Liang et al., 

2024a). These developments reflect a broader shift 

toward geometry-aware and interaction-aware 

affinity prediction. Model reliability and 

generalizability remain important challenges. 

Performance can depend strongly on dataset 

construction, molecular representation, 

preprocessing, and evaluation strategy (Abdelkader 

& Kim, 2024; Wang et al., 2024b; Zhou & DiMaio, 

2025). Chemical or structural similarity between 

training and evaluation samples can make random 

partitions less stringent than evaluations involving 

unseen ligands or targets (Kyro et al., 2023; 

Mastropietro et al., 2023). Uncertainty-aware 

approaches have therefore been investigated to 

identify potentially unreliable affinity predictions 

(Rayka & Naghavi, 2025). Recent developments in 

2025 and 2026 further emphasize structure-aware 

learning. Integrated structure prediction, docking, 

and affinity frameworks have connected multiple 

stages of molecular recognition (Wu et al., 2025), 

while evaluations of deep learning docking methods 

continue to identify challenges involving novel 

structural contexts (Morehead et al., 2026). Vision 

transformers have been applied to three-

dimensional affinity prediction to capture long-

range spatial dependencies (Poziemski & Siedlecki, 

2026). E-CloudBind combines electron-density 

point clouds with molecular graphs to address 

structural uncertainty and out-of-distribution 

structures (Liu et al., 2026), whereas PBCNet2.0 

uses atomic-level geometric representations to learn 

protein-ligand recognition and relative affinity 

relationships (Yu et al., 2026). Despite these 

advances, three-dimensional affinity prediction 

remains sensitive to structural quality, 

representation choice, dataset composition, and 

chemical diversity, while voxel representations can 

impose substantial computational requirements 

(Abdelkader & Kim, 2024; Isert et al., 2024; Wang 

et al., 2024b; Rayka & Naghavi, 2025; Liu et al., 

2026). These limitations motivate efficient 

architectures that capture local physicochemical 

interactions and broader spatial dependencies while 

emphasizing informative feature channels and 

interaction-rich regions. 

Accordingly, this study proposes 3D-ReSE-VN, a 

three-dimensional residual attention network for 

protein-ligand binding affinity prediction in cancer-

associated targets. AutoDock Vina (Eberhardt et al., 

2021) generates binding poses that are transformed 

into voxelized three-dimensional representations. 

3D-ReSE-VN combines residual learning, squeeze-

and-excitation channel attention, and spatial 

attention and is evaluated using a fixed hold-out test 

set and separate random five-fold cross-validation. 

Given the restricted chemical diversity of the 

dataset, performance is interpreted within the 

represented chemical space rather than as evidence 

of unrestricted generalization to unseen 

chemotypes. 

2. MATERIALS AND METHODS 

2.1. Data Collection 

The dataset comprised 21 cancer-associated protein 

targets obtained from the Protein Data Bank (PDB) 

(Burley et al., 2025): BCR-ABL1, BRCA1, CDK2, 

EGFR, HER2, MET, PARP1, ROS1, AKT1, 

androgen receptor, BRAF, CDK4, CDK6, DNMT1, 

EZH2, KRAS, mTOR, PIK3CA, STAT3, TP53, and 
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VEGFR2. Structurally suitable entries with 

biologically relevant binding conformations were 

prioritized. Fourteen anticancer ligands were 

obtained from ChEMBL (Zdrazil et al., 2024) and 

were standardized, protonated, optimized, and 

prepared for docking. After affinity-label matching 

and preprocessing, 4,620 complexes were 

partitioned into 3,234 training, 693 validation, and 

693 test samples, corresponding to a 70:15:15 split. 

Protein and ligand identifiers and associated 

structural information are provided in the 

supplementary material. Table 1 summarizes the 

dataset. 

Table 1. Composition and partitioning of the protein-ligand dataset 

Targets Ligands Complexes Train Validation Test 

21 14 4,620 3,234 693 693 

2.2. Structure-Based Docking Simulations 

Protein structures were prepared by removing water 

molecules, buffer ions, unrelated heteroatoms, and 

co-crystallized ligands after their coordinates had 

been recorded for binding-site definition. Polar 

hydrogen atoms and partial charges were added, and 

the prepared protein structures were converted to 

PDBQT format. Ligands were standardized, 

protonated, geometrically optimized, assigned 

Gasteiger charges, configured with rotatable bonds, 

and converted to PDBQT format. AutoDock Vina 

(Eberhardt et al., 2021) was used to dock each 

protein-ligand pair. The search grid was centered on 

the co-crystallized ligand when available; 

otherwise, it was defined using experimentally 

reported active-site residues. Multiple binding poses 

were generated for each protein-ligand pair, and the 

lowest-energy pose was retained for subsequent 

analysis. Docking scores and three-dimensional 

atomic coordinates were recorded, and the selected 

complexes were converted into fixed-size voxel 

grids encoding atomic, spatial, and physicochemical 

information for input to 3D-ReSE-VN. 

2.3. Three-Dimensional Residual Squeeze-and-

Excitation Voxel Network 

The proposed 3D-ReSE-VN predicts protein-ligand 

binding affinity from voxelized three-dimensional 

complexes. As shown in Figure 1, the model 

combines 3D convolution, residual learning, 

squeeze-and-excitation (SE) channel attention, 

spatial attention, global average pooling, and 

regression. 

 

Figure 1. Architecture of 3D-ReSE-VN  

(Note: Voxelized protein-ligand complexes are processed 

by 3D convolutional residual-attention blocks, followed 

by global average pooling and affinity regression) 

2.3.1. Voxelized Input and Feature Extraction 

Each complex was represented as a fixed-size tensor 

𝐗 ∈ ℝ𝐷×𝐻×𝑊×𝐶in , 

where 𝐷, 𝐻, and 𝑊 are the voxel-grid dimensions 

and 𝐶in is the number of feature channels encoding 

structural and physicochemical information. Initial 

features were extracted using 32 3 × 3 × 3 

convolutional filters followed by batch 

normalization and ReLU activation. 
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2.3.2. Residual and Channel-Attention Learning 

Residual SE blocks progressively extracted features 

with channel dimensions of 32, 64, and 128, while 

max-pooling reduced spatial resolution. Residual 

learning was defined as 

𝐅𝑙+1 = 𝐅𝑙 + 𝒯𝑙(𝐅𝑙), 

where 𝒯𝑙(⋅) denotes the learned residual 

transformation. Within each block, global average 

pooling generated channel descriptors that were 

transformed through two fully connected layers and 

a sigmoid function. The resulting SE weights 

recalibrated the feature channels, emphasizing 

informative structural and physicochemical 

features. 

2.3.3. Spatial Attention and Affinity Regression 

Spatial attention further emphasized informative 

binding regions. Channel-wise average and 

maximum descriptors were concatenated and 

processed by a 3D convolution and sigmoid 

function: 

𝐌spatial = 𝜎(Conv3D[AvgPool𝑐(𝐅);MaxPool𝑐(𝐅)]). 

The resulting mask reweighed the feature tensor. 

Global average pooling then produced a compact 

feature vector, which was passed through a fully 

connected layer, ReLU activation, dropout, and a 

final linear layer: 

𝑦̂ = FCout (Dropout (ReLU(FC(𝐯)))). 

Together, residual learning, SE channel attention, 

and spatial attention enable hierarchical learning of 

structural and physicochemical features for protein-

ligand affinity prediction. 

2.4. Performance Evaluation Metrics 

The predictive performance of 3D-ReSE-VN was 

evaluated using root mean square error (RMSE), 

mean absolute error (MAE), the coefficient of 

determination (𝑅2), and the Pearson correlation 

coefficient (𝑟). Let 𝑛 denote the number of samples, 

𝑦𝑖 the reference affinity, 𝑦̂𝑖 the predicted affinity, 𝑦‾ 

the mean reference value, and 𝑦̂‾ the mean predicted 

value. 

RMSE = √
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)

2

𝑛

𝑖=1
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Lower RMSE and MAE values indicate smaller 

prediction errors, while higher 𝑅2 and 𝑟 values 

indicate stronger predictive agreement. 

3. RESULTS AND DISCUSSION 

3.1. Cross-Validated Performance Comparison 

with Baseline Architectures 

To evaluate performance across different random 

partitions, 3D-ReSE-VN was assessed using five-

fold cross-validation on all 4,620 protein-ligand 

complexes and compared with Simple3DCNN, 

Re3DNet, and VoxFormer. Table 2 summarizes the 

mean and standard deviation of RMSE, MAE, 

Pearson correlation, and 𝑅2 across the five folds. 

3D-ReSE-VN achieved the best mean values among 

the reported architectures, with an RMSE of 

1.9679 ± 0.8242, an MAE of 0.6952 ± 0.1079, a 

Pearson correlation of 0.8169 ± 0.1095, and an 𝑅2 

of 0.6724 ± 0.1755. These results indicate 

improved average predictive performance compared 

with the selected baselines. However, the relatively 

large variability in RMSE and 𝑅2 shows that 

performance depends on the composition of the 

random folds. Therefore, the results should be 

interpreted as robustness across random data 

partitions rather than evidence of ligand- or target-

disjoint generalization. 

Table 2. Five-fold cross-validation performance (mean ± standard deviation)  

Model RMSE MAE Pearson 𝑟 𝑅2 

Simple3DCNN 2.4938 ± 0.5749 1.3295 ± 0.1095 0.6983 ± 0.0797 0.4850 ± 0.1139 

Re3DNet 2.1684 ± 0.5725 0.8566 ± 0.0356 0.7856 ± 0.0749 0.6109 ± 0.1094 

VoxFormer 2.6675 ± 0.5469 1.2632 ± 0.0818 0.6482 ± 0.0818 0.4095 ± 0.1068 

3D-ReSE-VN 𝟏. 𝟗𝟔𝟕𝟗 ± 𝟎. 𝟖𝟐𝟒𝟐 𝟎. 𝟔𝟗𝟓𝟐 ± 𝟎. 𝟏𝟎𝟕𝟗 𝟎. 𝟖𝟏𝟔𝟗 ± 𝟎. 𝟏𝟎𝟗𝟓 𝟎. 𝟔𝟕𝟐𝟒 ± 𝟎. 𝟏𝟕𝟓𝟓 

(Notes: Best values are shown in bold) 
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3.2. Performance on the Fixed Hold-Out Test 

Set 

The architectures were also evaluated on the 

predefined fixed hold-out test set containing 693 

complexes. This test partition was not used for 

training, early stopping, or checkpoint selection and 

was evaluated separately from the cross-validation 

experiment. Table 3 reports the resulting 

performance. 

Table 3. Performance on the fixed hold-out test set (𝑵 = 𝟔𝟗𝟑) 

Model RMSE MAE Pearson 𝑟 𝑅2 

Simple3DCNN 1.3648 0.6601 0.9043 0.8166 

Re3DNet 1.3289 0.5990 0.9104 0.8261 

VoxFormer 2.2448 1.3509 0.7105 0.5039 

3D-ReSE-VN 1.3251 0.6420 0.9098 0.8271 

(Notes: Best values are shown in bold) 

On the fixed hold-out test set, 3D-ReSE-VN 

achieved an RMSE of 1.3251, an MAE of 0.6420, a 

Pearson correlation of 0.9098, and an 𝑅2 of 0.8271. 

The model obtained the lowest RMSE and highest 

𝑅2 among the reported architectures, whereas 

Re3DNet achieved the lowest MAE (0.5990) and a 

marginally higher Pearson correlation (0.9104). The 

results therefore demonstrate competitive rather 

than uniformly superior performance. Cross-

validation and fixed hold-out results are reported 

separately because they represent different 

evaluation protocols and provide complementary 

information about predictive accuracy and partition 

sensitivity. 

3.3. Prediction Accuracy and Residual Error 

Analysis 

Prediction behavior on the fixed hold-out test set 

was examined using reference-versus-predicted 

affinity values. As shown in Figure 2, most 

observations were concentrated near the identity 

line, consistent with the strong overall test-set 

performance. However, one sparsely represented 

high-affinity observation was substantially 

underpredicted. Such large individual errors have a 

greater effect on RMSE than on MAE and can 

therefore influence the overall squared-error 

estimate. 

Signed residuals were calculated as predicted minus 

reference affinity. Figure 3 shows a statistically 

significant moderate negative relationship between 

reference affinity and signed error, with 𝑟 =
−0.4146 and 𝑝 = 3.6 × 10−30. Thus, predictions 

tended to become more negative relative to the 

reference values as affinity increased. The moderate 

magnitude of the correlation, however, indicates 

that this behavior was not uniform across the entire 

test set and was partly influenced by sparsely 

represented high-affinity observations. 

 

Figure 2. Reference versus predicted affinity 

values for 3D-ReSE-VN on the fixed hold-out 

test set  

(Notes: The dashed diagonal line represents ideal 

agreement.) 

 

Figure 3. Signed prediction error across the 

reference-affinity range 

(Notes: The dashed horizontal line represents zero error, 

and the solid line represents the fitted residual trend.) 
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3.4. Affinity-Range Error Distribution and 

Prediction Bias 

To examine whether prediction accuracy was 

consistent across the affinity range, the fixed hold-

out set was divided into five quantile bins according 

to reference affinity. Figure 4 shows a non-

monotonic error pattern: prediction error was 

appreciable in the lower-affinity region, decreased 

across parts of the intermediate range, and increased 

again for RMSE in the highest-affinity quantile. 

 

Figure 4. MAE and RMSE across five quantiles 

of the reference-affinity distribution on the fixed 

hold-out test set 

In the highest-affinity quantile, MAE remained 

comparatively modest, whereas RMSE increased to 

approximately 2.0. This difference suggests that a 

limited number of large prediction errors, rather 

than uniformly poor predictions, dominated the 

squared error in this region. The lower-affinity bins 

also showed noticeable error, indicating that 

reduced accuracy was not restricted only to high-

affinity samples. Overall, prediction reliability 

varied across the affinity distribution. 

3.5. Agreement Between Reference and 

Predicted Affinity Values 

Agreement between reference and predicted affinity 

values was further examined using Bland-Altman 

analysis. The mean signed difference was −0.081, 

while the approximate 95% limits of agreement 

ranged from −2.675 to 2.513, as shown in Figure 5. 

 

Figure 5. Bland-Altman analysis on the fixed 

hold-out test set  

(Notes: The solid line shows the mean signed difference 

(−𝟎. 𝟎𝟖𝟏), and the dashed lines show the approximate 

95% limits of agreement (−𝟐. 𝟔𝟕𝟓, 𝟐. 𝟓𝟏𝟑)) 

Most observations were located within the limits of 

agreement, indicating a small average bias for most 

samples. However, one extreme observation fell 

substantially below the lower limit and corresponds 

to the large underprediction identified in the 

preceding analyses. Therefore, the small mean 

difference reflects good average agreement but does 

not imply uniform accuracy across all samples. 

3.6. Component Ablation and Statistical 

Analysis 

A component-removal analysis was performed on 

the same fixed hold-out test set to assess the 

contributions of SE channel attention, spatial 

attention, and residual connections. Four variants 

removed SE, spatial attention, both attention 

mechanisms, or residual connections. Table 4 

summarizes the results. 

Table 4. Component-removal ablation results on the fixed hold-out test set (𝑵 = 𝟔𝟗𝟑) 

Configuration RMSE MAE Pearson 𝑟 𝑅2 

Full 3D-ReSE-VN 1.3251 0.6420 0.9098 0.8271 

No SE 1.3526 0.6651 0.9105 0.8199 

No Spatial 1.3400 0.6436 0.9107 0.8232 

No SE/Spatial 1.2857 0.6310 0.9162 0.8373 

No Residual 1.3121 0.6445 0.9126 0.8305 

(Notes: Best values are shown in bold) 
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Removing SE alone increased RMSE and MAE, 

while removing spatial attention produced 

performance close to that of the full model. In 

contrast, removing both attention mechanisms 

yielded the numerically best aggregate performance, 

with an RMSE of 1.2857, MAE of 0.6310, Pearson 

𝑟 = 0.9162, and 𝑅2 = 0.8373. The No-Residual 

variant also slightly improved RMSE and 𝑅2 but 

produced a marginally higher MAE. These findings 

indicate that the architectural components do not 

provide uniformly additive improvements under the 

present evaluation setting. Paired Wilcoxon signed-

rank tests on absolute prediction errors were 

therefore performed, followed by Holm correction 

for multiple comparisons. Table 5 reports statistical 

results. A positive 𝛥MAE indicates a higher mean 

absolute error for the full model relative to the 

corresponding ablated model. 

Table 5. Paired Wilcoxon analysis of the full model and ablated variants (𝑵 = 𝟔𝟗𝟑), with Holm 

correction 

Comparison 𝛥MAE 𝑊 Raw 𝑝 Holm 𝑝 

Full vs. No SE 0.0230 100317 0.000158 0.000632 

Full vs. No Spatial 0.0016 114187 0.251267 0.502533 

Full vs. No SE/Spatial -0.0111 115781 0.398151 0.502533 

Full vs. No Residual 0.0024 103429 0.001433 0.004300 

After Holm correction at 𝛼 = 0.05, significant 

differences were observed between the full model 

and the No-SE variant (𝑝 = 0.000632) and between 

the full model and the No-Residual variant (𝑝 =
0.004300). No significant differences were 

observed for No Spatial or No SE/Spatial (both 𝑝 =
0.502533). Importantly, although No SE/Spatial 

produced the best aggregate metrics, its paired 

absolute-error distribution was not significantly 

different from that of the full model. The ablation 

results therefore suggest interactions among 

residual learning, channel attention, and spatial 

attention rather than independent benefits from 

every component. 

3.7. Limitations 

The dataset contains 4,620 protein-ligand 

complexes across 21 cancer-associated targets but 

only 14 unique ligands, which limit chemical 

diversity and broader conclusions about unseen 

chemotypes. In addition, random partitioning is less 

stringent than ligand- or target-disjoint evaluation 

because related samples may appear across different 

partitions. The cross-validation results should 

therefore be interpreted as robustness across random 

partitions rather than direct evidence of 

generalization to unseen ligand or target identities. 

Prediction accuracy was also non-uniform across 

the affinity distribution, as indicated by the residual 

trend, elevated RMSE in the highest-affinity 

quantile, and the extreme Bland-Altman 

observation. Furthermore, the ablation study 

showed that the full architecture did not outperform 

every simplified variant, and the numerically 

strongest No SE/Spatial configuration was not 

significantly different from the full model after 

Holm correction. 

3.8. Future Work 

Future work should evaluate 3D-ReSE-VN on 

larger and more chemically diverse datasets using 

explicit ligand- and target-disjoint protocols. 

Increasing representation at affinity extremes would 

also help determine whether the observed residual 

trend and large prediction errors persist. Sampling 

strategies, weight loss, and related approaches may 

be explored to improve learning in underrepresented 

affinity regions. Further studies should also examine 

interactions among residual learning, SE channel 

attention, and spatial attention through repeated 

ablation across multiple datasets and chemically 

distinct evaluation settings. Such analysis would 

clarify whether the complete architecture provides 

reproducible advantages or whether simpler 

configurations are preferable under data regimes. 

4. CONCLUSION 

This study presented 3D-ReSE-VN, a three-

dimensional residual attention network that 

combines voxelized docking-derived protein-ligand 

complexes with residual learning, squeeze-and-

excitation channel attention, and spatial attention. 

On the fixed hold-out test set, the model achieved an 

RMSE of 1.3251, an MAE of 0.6420, a Pearson 

correlation of 0.9098, and an 𝑅2 of 0.8271, 

demonstrating competitive performance among the 

reported architectures. Random five-fold cross-

validation produced an RMSE of 1.9679 ± 0.8242, 

an MAE of 0.6952 ± 0.1079, a Pearson correlation 

of 0.8169 ± 0.1095, and an 𝑅2 of 0.6724 ±
0.1755, indicating sensitivity to data partitioning. 
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The limited diversity of 14 ligands further 

constrains conclusions about generalization to 

unseen chemical space. Future work should 

therefore evaluate the framework on larger, 

chemically diverse datasets using ligand- and target-

disjoint validation. 
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