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27  Supplementary Note 1 

Supplementary Table 1 Information of datasets used in the DTI prediction 28 

Datasets  Protein  Drug  Interaction  Positive  Negative 

DrugBank 4085 6148 33 062 16 531 16 531 

Davis 379  68  25 772  7320  18 452 

KIBA 225  2068  116 350  22 154  94 196 

 29 

30   Supplementary Results 

Supplementary Table 2 Comparison results of EviDTI and baselines on the cold start dataset.  31 

Note: The best results are highlighted in bold, while the second-best results are underlined. 32 

 33 

Cold start Accuracy Recall Precision MCC F1 score AUC AUPR 

DeepConv-DTI 78.56 78.32 76.32 57.75 77.31 86.43 82.12 

GraphDTA 76.23 74.76 75.34 52.54 75.05 84.23 82.54 

MolTrans 78.70 78.59 86.64 57.37 78.05 85.87 86.64 

HyperAttention 73.66 79.61 70.10 48.06 72.14 82.40 82.93 

TransformerCPI 78.94 76.05 79.40 57.82 77.67 86.93 87.78 

GraphormerDTI 76.16 68.88 80.87 53.19 74.14 83.15 85.27 

AIGO-DTI 73.17 61.60 78.57 47.21 68.64 80.16 79.05 

DLM-DTI 79.16 76.56 81.26 59.33 78.80 86.43 86.10 

EVIDTI 79.96 81.20 78.09 59.97 79.61 86.69 85.43 
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 34 

Supplementary Figure 1 The flowchart of EviDTI w/o drug 2D. Given a drug-target pair as 35 

input, the protein feature encoder utilizes the pre-trained model ProtTrans for initial target 36 

representation, further refined by a light attention (LA) module. The drug feature encoder learns 37 

the drug's 2D topology representations. For the 2D graph, the initial representation is derived from 38 

the pre-trained model MG-BERT and processed by a 1DCNN neural network. The target and drug 39 

representations are concatenated and fed into the evidence layer, which outputs parameter α to 40 

calculate prediction probability and corresponding uncertainty. 41 

 42 

 43 

Supplementary Figure 2 The flowchart of EviDTI w/o drug 3D. Given a drug-target pair as 44 

input, the protein feature encoder utilizes the pre-trained model ProtTrans for initial target 45 

representation, further refined by a light attention (LA) module. The drug feature encoder learns 46 

the 3D structure representations. For the 3D structure, the representations were obtained via the 47 

GeoGNN module. The target and drug representations are concatenated and fed into the evidence 48 

layer, which outputs parameter α to calculate prediction probability and corresponding 49 

uncertainty. 50 
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 52 

Supplementary Figure 3 The flowchart of EviDTI-Protein Integer. Given a drug-target pair as 53 

input, the protein feature encoder utilizes the integer coding and a CNN for feature extraction. The 54 

drug feature encoder learns the drug's 2D topology and 3D structure representations. For the 2D 55 

graph, the initial representation is derived from the pre-trained model MG-BERT and processed by 56 

a 1DCNN neural network. For the 3D structure, the representations were obtained via the 57 

GeoGNN module. The target and drug representations are concatenated and fed into the evidence 58 

layer, which outputs parameter α to calculate prediction probability and corresponding uncertainty. 59 

 60 

Supplementary Figure 4 The flowchart of EviDTI-Drug 2D GCN. Given a drug-target pair as 61 

input, the protein feature encoder utilizes the integer coding and a CNN for feature extraction. The 62 

drug feature encoder learns the drug's 2D topology and 3D structure representations. For the 2D 63 

graph, the molecule representation is learned via a two-layer GCN. For the 3D structure, the 64 

representations were obtained via the GeoGNN module. The target and drug representations are 65 

concatenated and fed into the evidence layer, which outputs parameter α to calculate prediction 66 

probability and corresponding uncertainty. 67 
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 68 

Supplementary Table 3 Performance on the DrugBank, KIBA, Davis datasets with single-69 

dimensional features and multidimensional feature fusion strategies 70 

Dataset Strategies Accuracy Recall Precision MCC F1 AUC AUPR 

DrugBank 

EviDTI 
82.02 

(0.43) 

82.28 

(1.03) 

81.90 

(0.58) 

64.29 

(1.05) 

82.09 

(0.74) 

88.87 

(0.73) 

88.45 

(1.51) 

EviDTI w/o 

drug 3D 

81.67 

(0.54) 

80.90 

(0.68) 

81.53 

(0.83) 

63.42 

(0.75) 

81.20 

(0.73) 

88.04 

(0.94) 

88.39 

(0.97) 

EviDTI w/o 

drug 2D 

80.40 

(0.94) 

81.27 

(0.65) 

80.22 

(0.65) 

60.75 

(0.47) 

80.74 

(0.65) 

86.95 

(0.56) 

85.69 

(0.45) 

KIBA 

EviDTI 
91.27 

(0.07) 

70.77 

(1.69) 

80.90 

(1.32) 

70.44 

(0.78) 

75.48 

(0.83) 

93.57 

(0.35) 

83.03 

(0.98) 

EviDTI w/o 

drug 3D 

90.99 

(0.16) 

70.75 

(0.76) 

78.53 

(0.53) 

69.12 

(0.57) 

74.43 

(0.63) 

91.30 

(0.32) 

81.73 

(0.97) 

EviDTI w/o 

drug 2D 

90.35 

(0.22) 

67.47 

(0.90) 

78.02 

(0.94) 

66.81 

(1.00) 

72.36 

(0.91) 

92.16 

(0.46) 

80.40 

(1.06) 

Davis 

EviDTI 
87.40 

(1.08) 

72.93 

(1.93) 

81.17 

(2.94) 

68.40 

(2.78) 

76.81 

(2.03) 

92.10 

(0.78) 

85.07 

(2.12) 

EviDTI w/o 

drug 3D 

87.15 

(0.86) 

75.80 

(1.13) 

78.13 

(2.71) 

67.85 

(2.16) 

76.93 

(1.63) 

91.68 

(0.36) 

84.11 

(1.20) 

EviDTI w/o 

drug 2D 

87.02 

(0.46) 

73.67 

(1.55) 

79.10 

(2.16) 

67.49 

(1.25) 

76.26 

(1.01) 

91.89 

(0.63) 

84.33 

(1.48) 

Note: The best results are highlighted in bold, while the second-best results are underlined. Five 71 

independent replications of each method were performed (n=5). Data are expressed as means 72 

(std). 73 

  74 
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Supplementary Table 4 Performance on the DrugBank, KIBA, Davis datasets with the 75 

architectures that use pre-trained models for feature extraction and architectures that do not use 76 

pre-trained models 77 

Note: The best results are highlighted in bold, while the second-best results are underlined. Five 78 

independent replications of each method were performed (n=5). Data are expressed as means 79 

(std). 80 

  81 

Dataset Architecture Accuracy Recall Precision MCC F1 AUC AUPR 

DrugBank 

EviDTI 
82.02 

(0.43) 

82.28 

(1.03) 

81.90 

(0.58) 

64.29 

(1.05) 

82.09 

(0.74) 

88.87 

(0.73) 

88.45 

(1.51) 

EviDTI-Protein 

Integer 

80.90 

(0.30) 

79.86 

(1.23) 

81.79 

(1.25) 

61.86 

(0.45) 

80.80 

(0.48) 

88.16 

(0.21) 

88.03 

(0.42) 

EviDTI-Drug 

2D GCN 

73.27 

(0.81) 

68.32 

(3.72) 

75.87 

(0.60) 

46.81 

(1.40) 

71.84 

(1.78) 

79.41 

(1.45) 

79.29 

(2.69) 

KIBA 

EviDTI 
91.27 

(0.07) 

70.77 

(1.69) 

80.90 

(1.32) 

70.44 

(0.78) 

75.48 

(0.83) 

93.57 

(0.35) 

83.03 

(0.98) 

EviDTI-Protein 

Integer 

90.95 

(0.40) 

69.86 

(1.36) 

78.91 

(2.60) 

68.81 

(1.14) 

74.07 

(0.83) 

90.85 

(0.46) 

81.62 

(0.73) 

EviDTI-Drug 

2D GCN 

90.42 

(0.21) 

67.53 

(1.44) 

78.65 

(1.16) 

67.16 

(0.33) 

72.65 

(0.63) 

92.05 

(0.33) 

80.54 

(0.15) 

Davis 

EviDTI 
87.40 

(1.08) 

72.93 

(1.93) 

81.17 

(2.94) 

68.40 

(2.78) 

76.81 

(2.03) 

92.10 

(0.78) 

85.07 

(2.12) 

EviDTI-Protein 

Integer 

85.54 

(0.71) 

72.06 

(1.37) 

75.70 

(2.02) 

63.83 

(1.90) 

73.83 

(1.54) 

91.10 

(0.51) 

83.01 

(1.62) 

EviDTI-Drug 

2D GCN 

87.01 

(0.97) 

72.46 

(1.34) 

79.84 

(2.48) 

67.21 

(2.31) 

75.96 

(1.79) 

91.83 

(0.45) 

84.58 

(1.78) 
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Supplementary Table 5 Comparison of OFR between evidential-based framework and 82 

probability-based framework on DrugBank, KIBA and Davis dataset at different thresholds 83 

Dataset framework 
OFR 

0.1 0.09 0.08 0.07 0.06 0.05 0.04 0.03 0.02 0.01 

DrugBank 

uncertainty 
15.01 

(0.6) 

14.72 

(0.6) 

14.38 

(0.7) 

14.05 

(0.7) 

13.54 

(0.5) 

12.72 

(0.1) 

11.20 

(0.3) 

9.28 

(0.3) 

7.64 

(0.2) 

4.78 

(0.6) 

probability 
11.20 

(3.5) 

11.07 

(3.4) 

10.83 

(3.5) 

10.64 

(3.5) 

10.19 

(3.1) 

10.09 

(2.7) 

9.92 

(2.7) 

9.26 

(2.7) 

8.88 

(2.4) 

7.59 

(2.5) 

KIBA 

uncertainty 
5.02 

(0.5) 

4.72 

(0.5) 

4.37 

(0.5) 

4.08 

(0.5) 

3.71 

(0.4) 

3.36 

(0.4) 

2.95 

(0.5) 

2.33 

(0.4) 

1.58 

(0.2) 

0.78 

(0.2) 

probability 
3.28 

(0.7) 

3.16 

(0.6) 

2.98 

(0.5) 

2.81 

(0.5) 

2.66 

(0.5) 

2.49 

(0.4) 

2.26 

(0.4) 

1.96 

(0.4) 

1.72 

(0.3) 

1.42 

(0.2) 

Davis 

uncertainty 
7.35 

(0.4) 

7.03 

(0.5) 

6.59 

(0.4) 

6.16 

(0.4) 

5.53 

(0.4) 

4.78 

(0.6) 

3.74 

(0.5) 

2.75 

(0.8) 

1.95 

(0.9) 

0.80 

(0.6) 

probability 
5.58 

(0.1) 

5.28 

(0.1) 

5.07 

(0.2) 

4.78 

(0.3) 

4.46 

(0.4) 

3.97 

(0.3) 

3.50 

(0.3) 

3.17 

(0.2) 

2.60 

(0.4) 

2.15 

(0.3) 

Note: Five independent replications of each method were performed (n=5). Data are expressed as 84 

means (std). 85 

  86 
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 87 

Supplementary Figure 5 The Mann-Whitney test was performed on the cold-start dataset 88 

(n=3173) on the distribution of uncertainty errors for samples categorized as TP, FP, FN, TN. The 89 

central line indicates the median, the box bounds indicate the 25th and 75th percentiles, whiskers 90 

extend to the minimum and maximum values (within 1.5× interquartile range), and outliers are 91 

shown as individual points. All tests were two-sided, with no adjustments made for multiple 92 

comparisons. Asterisks indicate statistically significant differences based on Mann-Whitney U test 93 

p-values: ****p ≤ 0.0001. Significance is indicated as follows: For cold-start dataset, TP vs. FN 94 

has a p-value of 1.694e-44, FP vs. TN has a p-value of 1.585e-15, TP vs. FP has a p-value of 95 

3.180e-36, FN vs. TN has a p-value of 1.046e-25. Source data are provided as a Source Data file. 96 
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 97 

Supplementary Figure 6 Performance comparison on the DrugBank, KIBA and Davis datasets 98 

using uncertainty quantification and using non-uncertainty quantification strategies. Five 99 

independent replications of each method were performed (n=5). Data are expressed as means ± 100 

std. Source data are provided as a Source Data file. 101 
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Supplementary Table 6 Prediction of two levatinib analogues from open patents on 11 102 

potential targets using EviDTI 103 

Drug patent ID Target name Uniport id Rank PRED TRUE 

LYD-2-45 

FGFR2 P21802 1 1 1 

FGFR1 P11362 2 1 1 

FLT4 P35916 3 1 1 

KIT P10721 4 1 1 

MET P08581 5 1 0 

REY P07949 6 1 1 

EGFR P00533 7 1 0 

PDGFβ P01127 8 0 1 

FLT1 P17948 9 1 1 

FGFR3 P22607 10 1 1 

PDGFα P16234 11 1 1 

LYD-2-49 

KIT P10721 1 1 1 

FLT4 P35916 2 1 1 

FLT1 P17948 3 1 1 

EGFR P00533 4 1 0 

RET P07949 5 1 1 

FGFR1 P11362 6 1 1 

FGFR2 P21802 7 1 1 

MET P08581 8 1 0 

FGFR3 P22607 9 1 1 

PDGFβ P01127 10 0 1 

PDGFα P16234 11 1 1 

 104 

  105 
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Supplementary Table 7 Top 10 predicted interactions with the lowest uncertainty between 106 

tyrosine kinase modulators and tyrosine kinase targets 107 

Compound Target Rank Probability (Uncertainty) 
Consistency 

with literature 

RG 14620 SRC 1 98.37 (0.0327) - 

Tyrphostin 9 KIT/ SCFR 2 98.14 (0.0373) - 

GSK180736A KIT/ SCFR 3 98.08 (0.0384) - 

NS309 SRC 4 98.03 (0.0393) - 

Tolimidone SRC 5 97.94 (0.0412) - 

Flumatinib 

mesylate 
c-Kit 6 97.91 (0.0419) Zhao, J. et al.1 

BIX02188 KIT/ SCFR 7 97.90 (0.0421) - 

Tyrphostin 9 VEGFR3 8 97.89 (0.0421) - 

GSK180736A FLT3 9 97.85 (0.0429) - 

Flumatinib 

mesylate 
Bcr-Abl 10 97.85 (0.0429) Zhao, J. et al.1 

 108 

  109 
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Supplementary Table 8 Predicted probabilities and uncertainties of literature-reported DTIs 110 

between tyrosine kinase modulators and tyrosine kinase targets 111 

Compound Target Probability Uncertainty 
Predicted 

results 
Reference 

Flumatinib mesylate c-Kit 97.91 0.0419 1 Zhao, J. et al.1 

Flumatinib mesylate Bcr-Abl 97.85 0.0429 1 Zhao, J. et al.1 

5'-Fluoroindirubinoxime FLT3 97.70  0.0461  1 Choi, S. J. et al.2 

MNS Src 97.46  0.0508  1 Wang et al.3 

SB1317 hydrochloride FLT3 97.39  0.0523  1 William, A. D. et al.4 

Tyrphostin 9 PDGFR 96.29  0.0742  1 Kandandapani, S. et al.5 

Edicotinib CSF-1R 96.16  0.0769  1 Mancuso, R. et al.6 

Edicotinib FLT3 95.74  0.0852  1 Genovese, M. C. et al.7 

XL228 Lyn 95.37  0.0926  1 Clary, D. O. et al. 8 

Ilginatinib maleate JAK2 95.25  0.0949  1 Nakaya, Y. et al.9 

MNS Syk  94.12  0.1176  1 Wang et al.3 

SB1317 hydrochloride  JAK2 94.11  0.1178  1 William, A. D. et al.4 

SSR128129E FGFR 93.71  0.1258  1 Bono, F. et al.10 

MCB613 SRC 93.66  0.1268  1 Wang, L. et al.11 

Su1498 VEGFR2  93.14  0.1372  1 Boguslawski, G. et al.12 

(E/Z)-Zotiraciclib JAK2 93.12  0.1375  1 Khalid Pasha et al.13 

Flumatinib mesylate PDGFRβ 92.29  0.1541  1 Zhao, J. et al. 1 

FLLL32 JAK2 89.75  0.2049  1 Bill, M. A. et al.14 

(E/Z)-Zotiraciclib FLT3 89.10  0.2181  1 Khalid Pasha. et al.13 

MNS FAK 83.61  0.3278  1 Wang et al.3 

Degrasyn JAK2 74.90  0.5019  1 Bartholomeusz. et al.15 

Tyrphostin AG 879 TrKA 7.29  0.1457  0 Levitzki, A. et al.16 

Tolimidone Lyn 5.73  0.1145  0 Saporito, M. S. et al.17 

AG1024 IGF-1R 3.13  0.0627  0 Párrizas, M. et al.18 

Tanshinone IIA VEGFR2 2.93  0.0585  0 Xie, J. et al.19 

ZM 39923 HCl JAK3 2.64  0.0528  0 Zhang, Z. et al.20 

Pralsetinib RET 1.17  0.0233  0 Subbiah, V. et al.21 

Note: A predicted result of 1 indicates that the model considers the drug and target to interact, while 112 

a predicted result of 0 indicates that the model considers the drug and target to have no interaction. 113 

 114 

  115 

https://www.medchemexpress.cn/Targets/FLT3.html
https://www.medchemexpress.cn/Targets/FAK.html
https://www.medchemexpress.cn/Targets/PDGFR.html
https://www.medchemexpress.cn/Targets/FAK.html
https://www.medchemexpress.cn/Targets/FGFR.html
https://www.medchemexpress.cn/Targets/Src.html
https://www.medchemexpress.cn/Targets/FAK.html
https://www.medchemexpress.cn/proteins/trka.html
https://www.medchemexpress.cn/Targets/IGF-1R.html
https://www.medchemexpress.cn/Targets/JAK/jak3.html
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Supplementary Table 9 Predicted probabilities and uncertainties of interactions between drugs in 116 

the top 10 DTIs and their literature-reported targets 117 

Compound 
Targets reported in 

the literature 

Probability 

(Uncertainty) 
Predicted results 

RG 14620 EGFR22 96.52 (0.0696) 1 

Tyrphostin 9 PDGFR5 96.29 (0.0741) 1 

GSK180736A 

GRK23 2.08 (0.0415) 0 

ROCK124 89.19 (0.2163) 1 

NS309 Potassium Channel25 93.89(0.1222) 1 

Tolimidone LYN26 5.73 (0.1145) 0 

Flumatinib mesylate 

c-Kit1 97.91 (0.0419) 1 

Bcr-Abl1 97.85 (0.0429) 1 

PDGFR1 92.29 (0.1541) 1 

BIX02188 MEK527 12.26 (0.0245) 0 

Note: A predicted result of 1 indicates that the model considers the drug and target to interact, while 118 

a predicted result of 0 indicates that the model considers the drug and target to have no interaction. 119 

 120 

  121 
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Supplementary Table 10a The 50% effective concentration of compounds with the lowest 122 

uncertainty against FAK 123 

Compound 

FAK  

Rank 
Probability 

(Uncertainty) 

The 50% effective 

concentration (nM)a 

The molecule’s 

effect on FAK 

Tyrphostin 9 1 97.69 (0.0461) 35.7±3.4 inhibitor 

GSK180736A 2 97.65 (0.0469) >10000 - 

Vodobatinib 7 97.04 (0.0591) 85.7 ± 8.2 inhibitor 

BIX02188 3 97.58 (0.0484) >10000 - 

PKG drug G1 5 97.22 (0.0555) >10000 - 

ST 271 4 97.31 (0.0537) >10000 - 

Flumatinib 6 97.18 (0.0564) 14.9 ± 2.1 inhibitor 

a Values are the means of three replicates 124 

 125 

Supplementary Table 10b The 50% effective concentration of compounds with the lowest 126 

uncertainty against FLT3  127 

Compound 

FLT3  

Rank 
Probability 

(Uncertainty) 

The 50% effective 

concentration (nM)a 

The molecule’s 

effect on FLT3 

Tyrphostin 9 1 97.90 (0.0419) 1265.9±244.6 activator 

GSK180736A 2 97.85 (0.0429) >10000 - 

Vodobatinib 3 97.69 (0.0461) 406.8±74.5 activator 

BIX02188 4 97.60 (0.0480) >10000 - 

PKG drug G1 5 97.60 (0.0481) >10000 - 

ST 271 6 97.53 (0.0494) >10000 - 

Flumatinib 9 97.13 (0.0573) >10000 - 

a Values are the means of three replicates 128 

 129 
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 130 

Supplementary Figure 7 a-d Concentration-activity curves of Tyrphostin 9, Vodobatinib, 131 

Flumatinib and PF-562271 in the FAK kinase ADP-Glo assays, respectively. PF-562271 as 132 

positive control. Mean ± SEM of three independent experiments is shown (n=3). e-g 133 

Concentration-activity curves of Vodobatinib, Tyrphostin 9 and sorafenib in the FLT3 kinase ADP-134 

Glo assays, respectively. Sorafenib as positive control. Mean ± SEM of three independent 135 

experiments is shown (n=3). 136 

 137 

 138 

Supplementary Fig 8 Binding sites hit ratio of residues with higher attention to the binding site at 139 

different thresholds 140 



16 

 

141  Supplementary Methods 

a) Evaluation metrics 142 

First, a few relevant definitions are introduced:  143 

TP (True-Positive) represents the number of samples that are actually positive cases and are 144 

determined as positive cases by the classifier.  145 

FP (False-Positive) represents the number of samples that are actually negative cases but are 146 

determined as positive cases by the classifier.  147 

FN (False-Negative) represents the number of samples that are actually positive cases but are 148 

determined as negative cases by the classifier.  149 

TN (True-Negative) represents the number of samples that are actually negative cases and are 150 

determined as negative cases by the classifier. 151 

Accuracy  152 

Accuracy represents the ratio between the correctly predicted samples and the total samples: 153 

Accuracy =
TP + TN

TP + FP + TN + FN
 (1) 

 154 

Precision 155 

Precision is an important evaluation metric, especially in binary classification problems, that 156 

measures the accuracy of positive predictions made by a model. It's a measure of how many of the 157 

instances predicted as positive are actually positive. 158 

Precision =
TP

TP + FP
 (2) 

 159 

Recall 160 

Recall, also known as sensitivity or true positive rate, is an important evaluation metric in 161 

classification that measures the ability of a model to correctly identify all positive instances. 162 

Recall =
TP

TP + FN
 (3) 

 163 

F1 score 164 

The macro algorithm calculates Precision and Recall by first calculating Precision and Recall 165 

for each category and then taking the average. 166 

F1 = 2 ⋅
precision⋅ recall

precision + recall
 (4) 

 167 

AUC 168 

The evaluation indicator AUC stands for Area Under the Curve. The curve refers to the 169 

Receiver Operating Characteristic (ROC) curve, which plots the true positive rate (sensitivity) 170 

against the false positive rate (1 - specificity) for various classification thresholds. 171 

Sensitivity (also known as recall or true positive rate): Sensitivity measures the proportion of 172 

actual positive instances correctly identified by the model.  173 
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Sensitivity =
TP

TP + FN
 (5) 

 174 

Specificity: Specificity measures the proportion of actual negative instances correctly 175 

identified by the model.  176 

Specificity =
TN

TN + FP
 (6) 

 177 

The AUC value ranges from 0 to 1, where a higher value indicates better performance. A perfect 178 

classifier would have an AUC of 1, while a random or ineffective classifier would have an AUC 179 

close to 0.5. 180 

AUPR 181 

The evaluation indicator AUPR stands for Area Under the Precision-Recall Curve. It is an 182 

evaluation metric used to assess the performance of classification models, particularly in scenarios 183 

where imbalanced class distribution is present or when the focus is on the positive class. 184 

Unlike AUC, which is based on the Receiver Operating Characteristic (ROC) curve, AUPR is 185 

based on the Precision-Recall curve. The Precision-Recall curve plots the precision (positive 186 

predictive value) against the recall (sensitivity) for different classification thresholds. 187 

The AUPR value ranges from 0 to 1, with a higher value indicating better performance. A 188 

perfect classifier would have an AUPR of 1, while a random or ineffective classifier would have an 189 

AUPR close to the proportion of positive instances in the dataset. 190 

OFR 191 

To examine whether Evidential DTI can reduce the percentage of false high-confidence 192 

predictions relative to traditional classification models, we defined "high confidence predictions" as 193 

samples with 𝑝𝑖 > 1 − 𝑇 or 𝑝𝑖 < 𝑇, where T is a threshold between 0-0.1. The "overconfidence 194 

false sample rate" (OFR) was further defined as the percentage of samples with high confidence 195 

forecasts for which 𝑝𝑖 > 1 − 𝑇 and 𝑦𝑖 = 0 or 𝑝𝑖 < 𝑇 and 𝑦𝑖 = 1: 196 

OFR =
∑ 1((𝑝𝑖 > 1 − 𝑇 and 𝑦𝑖 = 0) 𝑜𝑟 (𝑝𝑖 < 𝑇 and 𝑦𝑖 = 1))𝑖

∑ 1((𝑝𝑖 > 1 − 𝑇) 𝑜𝑟 (𝑝𝑖 < 𝑇))𝑖
 (7) 

 197 

  198 
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b) Training details 199 

Hyperparameter optimization  200 

Supplementary Table 11 Hyperparameter of Evidential DTI 201 

 202 

  203 

Parameter Range 

Epoch 500 

batch 32 

optim adam 

learning rate 5e-4 

weight_decay 1.0e-5 

dropout 0.3 

Target feature convolution kernel size 9 

Target attention convolution kernel size 9 

Target readout MLP layers 1 

Target readout MLP hidden dimension 256 

Drug 2D feature convolution layers 2 

Drug 2D feature convolution kernel size 3 

Drug 2D readout MLP layers 2 

Drug 2D readout MLP hidden dimension [1024,128] 

Drug 3D GNN model [GAT, GNNTransformer] 

Drug 3D GNN layers [4, 6, 8] 

heads [1, 4] 

Drug 3D GNN embed dim 64 

Drug 3D readout MLP layers 2 

Drug 3D readout MLP hidden dimension [1024, 128] 

DTI readout MLP layers 4 

DTI readout MLP hidden dimension [1024,1024,512,2] 

Final activation softplus 
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Impact of hyperparameter  204 

Supplementary Figure 9 Impact of hyperparameter on AUC. Five independent replications of 205 

each experimental were performed (n=5). Data are expressed as means (std). 206 

For the key hyperparameters of each major component (e.g., learning rate, batch 207 

size, hidden layer dimension, etc.), we adopted a grid search approach to explore 208 

different hyperparameter combinations. Specifically: we first determined the impact of 209 

different learning rates and batch sizes on the results through a series of preliminary 210 

experiments. These experiments helped us find the optimal combination of learning rate 211 

and batch size that would accelerate convergence while avoiding overfitting. Next, we 212 

explored the effect of different feature dimensions of the target (protein) and drug on 213 

the model performance. The aim of this phase was to find the optimal dimensionality 214 

settings that adequately capture the features of the input data without leading to an 215 

overly complex model structure. Based on the base configuration identified in the above 216 

step, we further explored the effect of the number of neurons in the fully connected 217 

layer on model performance. This step aims to balance model complexity with 218 

predictive power to ensure that the model not only performs well on the training set, 219 

but also maintains good generalization ability on the validation and test sets. As shown 220 

in Fig. S8, the final selected hyperparameter combination performs well on several 221 

performance metrics (e.g., accuracy, precision, MCC, AUC), which further proves its 222 
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effectiveness and general applicability. 223 

  224 
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