Data Preprocessing 
The dataset dimensions, pre- and post-preprocessing, illustrate the effect of feature selection on the dimensionality of the bioassay data and are presented in Table 1.
Table 1 Summary of datasets before and after preprocessing
	Dataset
	Balanced data shape in rows and columns before preprocessing
	Final data shape in rows and columns after preprocessing

	AID932
	4000 * 23530
	4000 *12686

	AID1239
	4000 * 24283
	4000 * 12531

	AID1578
	4000 * 16384
	4000 *12773

	AID1259354
	3648 * 12826
	3648 * 12785



Scaffold-based Performance Evaluation of models
The performance of all models evaluated under Murcko scaffold-based splitting across the datasets is summarized in Tables 2 to 5.
Table 2 Scaffold-based split performance evaluation on dataset AID932
	Model
	Accuracy
	ROC-AUC
	PR-AUC
	Precision
	Recall
	F1-score
	Kappa

	FFNN
	0.7950 ± 0.0135
	0.8732 ± 0.0122
	0.8715 ± 0.0125
	0.7864 ± 0.0218
	0.8204 ± 0.0238
	0.8027 ± 0.0142
	0.5893 ± 0.0272

	CNN
	0.7043 ± 0.0486
	0.7844 ± 0.0209
	0.7790 ± 0.0313
	0.7122 ± 0.0744
	0.7382 ± 0.1165
	0.7165 ± 0.0376
	0.4067 ± 0.1005

	Vanilla
GNN
	0.7228 ± 0.0268
	0.7910 ± 0.0231
	0.7768 ± 0.0371
	0.7239 ± 0.0463
	0.7399 ± 0.0526
	0.7303 ± 0.0313
	0.4453 ± 0.0539

	GCN
	0.7228 ± 0.0268
	0.7910 ± 0.0231
	0.7768 ± 0.0371
	0.7239 ± 0.0463
	0.7399 ± 0.0526
	0.7303 ± 0.0313
	0.4453 ± 0.0539

	AFP
	0.7780 ± 0.0107
	0.8553 ± 0.0122
	0.8478 ± 0.0096
	0.7811 ± 0.0216
	0.7853 ± 0.0433
	0.7822 ± 0.0142
	0.5561 ± 0.0211



Table 3 Scaffold-based split performance evaluation on dataset AID1239
	Model
	Accuracy
	ROC-AUC
	PR-AUC
	Precision
	Recall
	F1-score
	Kappa

	FFNN
	0.7775 ± 0.0160
	0.8516 ± 0.0080
	0.8418 ± 0.0167
	0.7772 ± 0.0461
	0.7782 ± 0.0355
	0.7760 ± 0.0085
	0.5554 ± 0.0317

	CNN
	0.7195 ± 0.0115
	0.7873 ± 0.0098
	0.7943 ± 0.0101
	0.7381 ± 0.0291
	0.6744 ± 0.0412
	0.7037 ± 0.0191
	0.4381 ± 0.0233

	Vanilla
GNN
	0.7772 ± 0.0129
	0.8528 ± 0.0191
	0.8420 ± 0.0238
	0.7662 ± 0.0191
	0.7929 ± 0.0239
	0.7790 ± 0.0103
	0.5543 ± 0.0260

	GCN
	0.7380 ± 0.0195
	0.8002 ± 0.0306
	0.7799 ± 0.0377
	0.7202 ± 0.0291
	0.7731 ± 0.0223
	0.7451 ± 0.0128
	0.4765 ± 0.0391

	AFP
	0.7968 ± 0.0182
	0.8676 ± 0.0209
	0.8683 ± 0.0192
	0.8017 ± 0.0282
	0.7857 ± 0.0384
	0.7928 ± 0.0169
	0.5934 ± 0.0363



Table 4 Scaffold-based split performance evaluation on dataset AID1578
	Model
	Accuracy
	ROC-AUC
	PR-AUC
	Precision
	Recall
	F1-score
	Kappa

	FFNN
	0.6832 ± 0.0140
	0.7439 ± 0.0139
	0.7441 ± 0.0203
	0.6871 ± 0.0299
	0.6796 ± 0.0828
	0.6797 ± 0.0287
	0.3657 ± 0.0261

	CNN
	0.5308 ± 0.0150
	0.5416 ± 0.0208
	0.5327 ± 0.0213
	0.5389 ± 0.0244
	0.3660 ± 0.1827
	0.4143 ± 0.1475
	0.0549 ± 0.0373

	Vanilla
GNN
	0.6737 ± 0.0137
	0.7476 ± 0.0183
	0.7469 ± 0.0229
	0.6632 ± 0.0310
	0.7165 ± 0.1130
	0.6834 ± 0.0395
	0.3460 ± 0.0284

	GCN
	0.6497 ± 0.0203
	0.7078 ± 0.0215
	0.7039 ± 0.0247
	0.6612 ± 0.0188
	0.6167 ± 0.1080
	0.6334 ± 0.0501
	0.2989 ± 0.0402

	AFP
	0.6952 ± 0.0062
	0.7625 ± 0.0071
	0.7537 ± 0.0129
	0.7135 ± 0.0318
	0.6578 ± 0.0811
	0.6807 ± 0.0320
	0.3901 ± 0.0114



Table 5 Scaffold-based split performance evaluation on dataset AID1259354
	Model
	Accuracy
	ROC-AUC
	PR-AUC
	Precision
	Recall
	F1-score
	Kappa

	FFNN
	0.7444 ± 0.0272
	0.8280 ± 0.0234
	0.8353 ± 0.0271
	0.7756 ± 0.0703
	0.7103 ± 0.1036
	0.7342 ± 0.0451
	0.4899 ± 0.0510

	CNN
	0.5904 ± 0.0113
	0.6261 ± 0.0114
	0.6255 ± 0.0434
	0.6160 ± 0.0408
	0.5008 ± 0.1172
	0.5446 ± 0.0715
	0.1739 ± 0.0192

	Vanilla
GNN
	0.7614 ± 0.0066
	0.8284 ± 0.0106
	0.8383 ± 0.0312
	0.7719 ± 0.0187
	0.7430 ± 0.0294
	0.7570 ± 0.0215
	0.5202 ± 0.0134

	GCN
	0.7820 ± 0.0259
	0.8608 ± 0.0093  
	0.8510 ± 0.0077 
	0.8034 ± 0.0267    
	0.7615 ± 0.0891  
	0.7783 ± 0.0411      
	0.5649 ± 0.0494 

	AFP
	0.7578 ± 0.0116
	0.8277 ± 0.0040
	0.9171 ± 0.0057
	0.7961 ± 0.0420
	0.6988 ± 0.0435
	0.7428 ± 0.0209
	0.5140 ± 0.0203















Model Selection and Robustness Evaluation
The results of the model evaluation under strict validation conditions are presented in Table 6. 
Table 6  Stability performance evaluation
	Dataset
	Accuracy
	ROC-AUC
	PR-AUC
	F1
	κ

	AID1239
	0.8298 ± 0.0147
	0.8602 ± 0.0208
	0.9337 ± 0.0096
	0.8881 ± 0.0065
	0.5316 ± 0.0727

	AID1259354
	0.8090 ± 0.0140
	0.8471 ± 0.0301
	0.9028 ± 0.0241
	0.8657 ± 0.0082
	0.5352 ± 0.0457

	AID932
	0.8327 ± 0.0099
	0.8629 ± 0.0080
	0.9161 ± 0.0050
	0.8852 ± 0.0071
	0.5788 ± 0.0276

	AID1578
	0.7705 ± 0.0066
	0.7965 ± 0.0071
	0.9017 ± 0.0055
	0.8414 ± 0.0050
	0.4265 ± 0.0193



To strengthen statistical robustness and generalization assessment, we re-evaluated the best-performing architecture (AttentiveFP) under scaffold-based splitting with multi-seed averaging (n = 5), Y-randomization, and controlled class-imbalance experiments. Across datasets, scaffold-disjoint evaluation yielded stable performance (ROC-AUC 0.85–0.86; PR-AUC 0.91–0.93), while Y-randomization resulted in near-random discrimination (ROC-AUC ≈ 0.48–0.56; κ ≈ 0), confirming the absence of leakage. Under a controlled 1:5 imbalance configuration, predictive performance remained consistent (ROC-AUC 0.80–0.86), demonstrating robustness to negative-dominant conditions. 

Scaffold based Generalization
Under scaffold-based separation, AttentiveFP + Concept Whitening maintained strong predictive discrimination across all four immune-related bioassays:
[bookmark: _t5flq9mdq179]ROC-AUC: 0.79–0.86
PR-AUC: consistently > 0.90
Cohen’s κ: 0.40–0.54
Y-randomization
[bookmark: _u7frdmjuzrwk]Under label randomization, ROC-AUC collapsed to near-random levels across all datasets (0.48–0.57), and Cohen’s κ approached zero. Although threshold-dependent metrics such as accuracy, recall, and F1-score remained numerically elevated in some cases due to majority-class prediction behavior under scaffold-separated splits, discrimination-based metrics (ROC-AUC and κ) consistently indicated loss of ranking ability.The absence of discriminatory signal under label shuffling provides strong empirical evidence that the model does not exploit scaffold leakage, structural redundancy, or hyperparameter artifacts. Predictive performance observed under real labels is therefore consistent with learned structure–activity relationships rather than dataset artifacts.
Robustness Under Class Imbalance
Under this negative-dominant regime, the model maintained:
· ROC-AUC: 0.80–0.86

· PR-AUC: 0.90–0.93

· Cohen’s κ: 0.43–0.58

The expected PR-AUC under random ranking equals the positive class prevalence (≈0.17 under 1:5 imbalance). The observed PR-AUC values substantially exceed this baseline, indicating strong early retrieval of active compounds even when negatives dominate.
These results suggest that predictive discrimination does not depend on artificially balanced datasets and remains stable under screening-relevant imbalance conditions

Comparison between SVM and Improved AttentiveFP 
A comparison between the classical descriptor-based SVM and the improved AttentiveFP model reveals distinct evaluation characteristics. The SVM achieved very high performance under the original random-split configuration, particularly for AID932 (ROC-AUC 0.9988). However, when evaluated under strict scaffold-disjoint splitting with multi-seed averaging, the AttentiveFP model maintained stable and competitive performance across all datasets (ROC-AUC 0.79–0.86), despite the substantially more challenging generalization scenario.
Notably, for AID1259354, AttentiveFP achieved nearly identical ROC-AUC to SVM (0.8615 vs. 0.8638), while being evaluated under scaffold separation. These findings suggest that descriptor-based models may perform strongly under random splits, whereas graph-based models demonstrate greater robustness to chemotype-level generalization. Detailed comparative results are provided in Table 7. 







In Table 7, I-AFP stands for Improved AttentiveFP; R stands for Random, and S stands for Scaffold. Here, the number of seeds=5.

	Dataset
	Model
	Split Type
	Test Accuracy
	ROC-AUC
	PR-AUC
	Precision
	Recall
	F1
	Kappa

	AID
932
	SVM
	R
	99.75
	0.9988
	-
	1
	0.995
	0.9975
	0.995

	
	I-AFP
	S
	0.8182 ± 0.0314
	0.8484± 0.0430
	0.9112 ± 0.0237
	0.8267 ± 0.0297
	0.9365± 0.0278
	0.8777± 0.0201
	0.5277± 0.0906

	AID
1239
	SVM
	R
	83.25
	0.9136
	-
	0.8079
	0.8725
	0.8389
	0.665

	
	I-AFP
	S
	0.8230 ± 0.0320
	0.8517 ± 0.0271
	0.9267 ± 0.0149
	0.8571 ± 0.0544
	0.9204 ± 0.0465
	0.8854 ± 0.0148
	0.4890 ± 0.1675

	AID
1578
	SVM
	R
	71.88
	0.806
	-
	0.7297
	0.695
	0.7119
	0.4375

	
	I-AFP
	S
	0.7684 ± 0.0151
	0.7909 ± 0.0192
	0.9017 ± 0.0120
	0.8314 ± 0.0116
	0.8561 ± 0.0200
	0.8435 ± 0.0117
	0.3977 ± 0.0330

	AID
1259354
	SVM
	R
	78.22
	0.8638
	-
	0.7994
	0.7534
	0.7757
	0.5644

	
	I-AFP
	S
	0.8090 ± 0.0118
	0.8615 ± 0.0110
	0.9171 ± 0.0057
	0.8627 ± 0.0112
	0.8652 ± 0.0216
	0.8638 ± 0.0100
	0.5442 ± 0.0222




 



