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Model construction

Five machine learning methods were used to build models for DTI prediction, 

including decision tree (DT), bagging, gradient boost decision tree (GBDT), k-nearest 

neighbors (KNN), and support vector machine (SVM).

DT. By a set of if-then-else decision rules learned from data features, DT created 

a tree model to solve very difficult problems 1. The deeper the tree is, the more complex 

the DT model is.

Bagging. Bagging trains a number of base estimators parallelly each from a 

different bootstrap sample by calling a base learning algorithm 2. Here the base 

estimators are DT. After obtaining the base estimators, bagging combines all individual 

predictions and then forms a final prediction by majority voting.

GBDT. GBDT is a kind of boosting ensemble strategy with training DT base 

estimator successively 3. The main idea of GBDT is to find DT hypothesis ht(X) to 

make the loss function lowest in every training process.

KNN. KNN is to assign the classification of unclassified sample points depending 

on a number of closest previously classified sample points 4. The distance can be any 

metric measure, among which standard Euclidean distance is the most common choice. 

In scikit-learn, the contribution of neighbor samples can be adjusted according to far or 

near distance by altering the parameter of weights.

SVM. SVM is a class of supervised machine learning methods for classification, 

regression and outliers detection 5. SVC (support vector classification) is the 

classification algorithm for two class or multiclass classification. The main idea of SVC 

is to find a hyperplane which could categorize difficult samples by mapping data into 

high dimensional space 6. Kernel tricks was critical when mapping data from low 

dimensional to high dimensional space. Usually the rbf kernel was used.



Table S1. The predicted results of 100 active compound target interaction pairs using MPSM-DTI 
model, SwissTarget, NetInfer and ChemMapper webserver. The “1” means true prediction and “0” 
means false prediction. The results of SDTNBI (Top 20) and bSDTNBI (Top 20) were not list below 
for the limited space.

No. Target
Compound 

ID
MPSM-

DTI
SwissTarget

SDTNBI 
(Top 50)

bSDTNBI 
(Top 50)

ChemMapper Ref.

1 C-01 1 0 1 1 0 7

2 C-02 1 1 0 0 0 8

3 C-03 1 1 0 0 0 8

4 C-04 1 1 0 0 0 8

5 C-05 1 1 0 0 0 8

6 C-06 1 0 1 1 0 9

7 C-07 1 0 0 0 0 9

8

DHCR7

C-08 1 0 0 0 0 9

9 C-09 1 1 1 1 1 10

10 C-10 1 1 0 0 0 11

11 C-11 1 1 0 0 0 11

12 C-12 1 1 0 0 0 12

13 C-13 1 1 0 0 0 12

14 C-14 1 1 0 0 0 12

15 C-15 1 1 0 0 0 12

16 C-16 1 1 0 0 0 12

17 C-17 1 1 0 0 0 12

18 C-18 1 1 0 0 0 12

19 C-19 1 1 0 0 0 12

20 C-20 1 1 0 0 1 12

21 C-21 1 1 1 1 1 12

22

HTR1F

C-22 1 1 0 0 0 13

23 C-23 1 1 1 1 0 14

24 C-24 1 1 1 1 1 15

25 C-25 1 1 1 1 1 15

26 C-26 1 1 0 1 1 15

27 C-27 1 0 1 1 1 15

28 C-28 1 0 1 1 1 15

29 C-29 1 1 1 1 1 15

30 C-30 1 0 0 1 1 15

31 C-31 1 0 1 1 1 15

32 C-32 1 1 1 1 1 15

33 C-33 1 0 1 1 1 15

34 C-34 1 0 1 1 1 15

35 C-35 1 0 1 1 1 15

36

LTB4R

C-36 1 0 1 1 1 15

37 C-37 1 1 0 0 0 16

38
CYSLTR2

C-38 0 1 0 0 1 16



39 C-39 1 1 1 1 0 16

40 C-40 1 1 0 1 1 16

41 C-41 1 1 1 1 1 16

42 C-42 0 1 0 0 1 17

43 C-43 0 1 0 0 1 17

44 C-44 0 0 0 0 0 17

45 C-45 1 0 1 1 0 17

46 C-46 1 1 0 0 0 16

47 C-47 1 1 0 0 1 16

48 C-48 1 1 0 0 1 16

49 C-49 1 1 0 0 1 16

50 C-50 1 1 0 0 0 16

51 C-51 1 1 0 0 0 16

52 C-52 1 1 1 1 0 18

53 C-53 1 1 1 1 1 19

54 C-54 1 1 1 1 1 19

55 C-55 0 1 0 1 0 19

56 C-56 0 1 0 1 0 19

57 C-57 1 1 0 1 0 19

58 C-58 1 0 1 1 0 20

59

GRIK3

C-59 1 1 0 0 0 21

60 C-60 1 1 1 1 0 22

61 C-61 1 1 1 1 0 22-24

62 C-62 1 0 0 0 0 25

63 C-63 1 1 0 0 0 26

64 C-64 1 1 1 1 0 27

65 C-65 1 0 0 0 0 26

66 C-66 1 1 0 0 0 26

67 C-67 1 0 0 0 0 26

68 C-68 1 1 1 1 0 24

69

GPER1

C-69 1 1 1 1 0 23

70 C-70 1 0 0 1 1 28

71 C-71 1 1 0 1 1 28

72 C-72 1 0 0 1 1 28

73 C-73 1 0 0 1 1 28

74 C-74 1 0 0 1 1 28

75 C-75 1 1 1 1 0 28

76 C-76 1 0 1 1 0 28

77 C-77 1 0 1 1 0 28

78 C-78 1 0 1 1 0 28

79 C-79 1 0 0 1 0 28

80 C-80 1 0 1 1 1 28

81 C-81 1 0 0 1 0 28

82

PTGIR

C-82 1 1 1 1 0 28



83 C-83 1 0 0 0 1 28

84 C-84 1 0 0 1 0 28

85 C-85 1 0 0 1 0 28

86 C-86 1 1 1 1 0 29

87 C-87 1 1 1 1 0 30

88 C-88 1 1 0 0 0 31

89 C-89 1 0 0 0 0 32

90 C-90 1 1 0 0 0 32

91 C-91 0 1 1 1 0 33

92 C-92 1 1 0 0 1 34

93 C-93 0 1 0 0 1 34

94 C-94 1 0 0 0 0 32

95 C-95 1 0 0 1 0 32

96 C-96 1 0 0 1 0 32

97 C-97 0 0 0 1 0 32

98 C-98 1 0 0 0 0 32

99 C-99 1 0 1 1 0 32

100

S1PR5

C-100 1 0 0 1 1 32



Table S2. The SMILES and Compound ID of compounds in Table S1.

SMILES
Compound 

ID
CC\C(=C(/c1ccccc1)c1ccc(OCCN(C)C)cc1)c1ccccc1 C-01

OC(=O)c1ccc(CCN2CCN(C\C=C\c3ccc(Cl)cc3)CC2)cc1 C-02

COc1ccc(CCN2CCc3cc(O)c(OC)cc3C2)cc1OC C-03

COc1cccc(CCN2CCc3cc(O)c(OC)cc3C2)c1 C-04

COc1cc2CN(CCc3ccc(Cl)cc3)CCc2cc1O C-05

COc1cccc2C(=O)c3c(O)c4C[C@](O)(C[C@H](O[C@H]5C[C@H](N)[C@H](O)[C@H](C)O5

)c4c(O)c3C(=O)c12)C(=O)CO
C-06

COc1cccc2C(=O)c3c(O)c4C[C@](O)(C[C@H](O[C@H]5C[C@H](NCNC(=O)c6ccccc6O)[C

@H](O)[C@H](C)O5)c4c(O)c3C(=O)c12)C(=O)CO
C-07

CC\C(=C(\c1ccc(O)cc1)c1ccc(OCCN(C)CCOCCOCCO\N=C\c2ccc(O)c(c2)C(=O)NCN[C@H]

2C[C@H](O[C@H]3C[C@@](O)(Cc4c(O)c5C(=O)c6cccc(OC)c6C(=O)c5c(O)c34)C(=O)CO)

O[C@@H](C)[C@H]2O)cc1)c1ccccc1

C-08

CN(C)C1CCc2[nH]c3ccc(NC(=O)c4ccc(F)cc4)cc3c2C1 C-09

Cc1ccc2c(OCCN3CCC(Cc4cccc(c4)N4CCCS4(=O)=O)CC3)cccc2n1 C-10

Cc1ccc2c(OCCN3CCC(Cc4cccc(NS(C)(=O)=O)c4)CC3)cccc2n1 C-11

CN1CCC(CC1)C(=O)c1cccc(NC(=O)c2ccc(F)cc2)c1Cl C-12

CN1CCC(CC1)C(=O)c1ccc(F)c(NC(=O)c2ccc(F)cc2)c1 C-13

CN1CCC(CC1)C(=O)c1cc(F)cc(NC(=O)c2ccc(F)cc2)c1 C-14

CN1CCC(CC1)C(=O)c1cc(NC(=O)c2ccc(F)cc2)ccc1F C-15

CN1CCC(CC1)C(=O)c1cccc(NC(=O)c2ccc(F)cc2)c1F C-16

CN1CCC(CC1)C(=O)c1cccc(NC(=O)c2ccc(F)cc2)c1 C-17

CN1CCC(CC1)C(=O)c1cccc(NC(=O)c2ccc(F)cc2)c1O C-18

COc1c(NC(=O)c2ccc(F)cc2)cccc1C(=O)C1CCN(C)CC1 C-19

CN1CCC(CC1)C(=O)c1cccc(NC(=O)c2ccc(F)cc2)c1C C-20

CN1CCC(CC1)c1c[nH]c2ccc(NC(=O)c3ccc(F)cc3)cc12 C-21

CN1CCC(CC1)C(=O)c1cccc(NC(=O)c2ccc(F)cc2)n1 C-22

CCCCC/C=C\C[C@H](/C=C/C=C\C=C\[C@H](CCCC(=O)O)O)O C-23

OC(=O)CCCOc1cccc(CCCCCCOc2cc(cc(c2)-c2ccncc2)-c2ccncc2)c1CCC(O)=O C-24

OC(=O)CCCOc1cccc(CCCCCCOc2cc(cc(n2)-c2ccccc2)-c2ccccc2)c1CCC(O)=O C-25

OC(=O)CCCOc1cccc(CCCCCCOc2cc(cc(c2)-c2ccc3OCCOc3c2)-c2ccc(F)cc2)c1CCC(O)=O C-26

OC(=O)CCCOc1cccc(CCCCCCOc2cc(cc(c2)-c2ccc3OCOc3c2)-c2ccsc2)c1CCC(O)=O C-27

OC(=O)CCCOc1cccc(CCCCCCOc2cc(cc(c2)-c2cccc(F)c2)-c2ccc3OCOc3c2)c1CCC(O)=O C-28

OC(=O)CCCOc1cccc(CCCCCCOc2cc(cc(c2)-c2ccc3OCCOc3c2)-

c2ccc3OCCOc3c2)c1CCC(O)=O
C-29

OC(=O)CCCOc1cccc(CCCCCCOc2cc(cc(c2)-c2cccc(F)c2)-c2ccncc2)c1CCC(O)=O C-30

OC(=O)CCCOc1cccc(CCCCCCOc2cc(cc(c2)-c2ccncc2)-c2ccsc2)c1CCC(O)=O C-31

OC(=O)CCCOc1cccc(CCCCCCOc2cc(cc(c2)-c2ccccc2)-c2ccccc2)c1CCC(O)=O C-32

OC(=O)CCCOc1cccc(CCCCCCOc2cc(cc(c2)-c2ccc3OCOc3c2)-c2ccncc2)c1CCC(O)=O C-33



OC(=O)CCCOc1cccc(CCCCCCOc2cc(cc(c2)-c2ccnc(Cl)c2)-c2ccsc2)c1CCC(O)=O C-34

OC(=O)CCCOc1cccc(CCCCCCOc2cc(cc(c2)-c2ccc3OCOc3c2)-c2cncnc2)c1CCC(O)=O C-35

OC(=O)CCCOc1cccc(CCCCCCOc2cc(cc(c2)-c2ccsc2)-c2ccsc2)c1CCC(O)=O C-36

OC(=O)CCCn1cc(CC(O)=O)c2c(\C=C\c3ccc(OCCCCOc4ccccc4)cc3)cccc12 C-37

OC(=O)CCCN1CC(Oc2c(NC(=O)c3ccc(OCCCCc4ccccc4)cc3)cccc12)C(O)=O C-38

OC(=O)C1CCCC(C1)NC(=O)c1cc(ccc1OCCCc1ccc(OCCCCOC2CCCCC2)cc1)C(O)=O C-39

O=C(Nc1cccc2c1oc(cc2=O)-c1nnn[nH]1)c1ccc(OCCCCc2ccccc2)cc1 C-40

COc1cc(ccc1Cc1cn(C)c2ccc(NC(=O)OC3CCCC3)cc12)C(=O)NS(=O)(=O)c1ccccc1C C-41

OC(=O)CCCN1C[C@@H](Oc2c(NC(=O)c3ccc(OCCCCc4ccccc4)cc3)cccc12)C(O)=O C-42

OC(=O)CCCN1C[C@H](Oc2c(NC(=O)c3ccc(OCCCCc4ccccc4)cc3)cccc12)C(O)=O C-43

CCN(CC)C(=O)\C=C(/C)c1ccc2oc(C(=O)c3ccc(cc3)C#N)c(NC(=O)C(\C#N)=C(\C)O)c2c1 C-44

CCCCC\C=C/C\C=C/C=C/C=C/[C@@H](Sc1ccc(cc1)C(O)=O)[C@@H](O)CCCC(O)=O C-45

OC(=O)CCCc1cn(CC(O)=O)c2c(\C=C\c3ccc(OCCCCOc4ccccc4)cc3)cccc12 C-46

OC(=O)CCCc1cn(CC(O)=O)c2c(\C=C\c3ccc(OCCCCc4ccccc4)cc3)cccc12 C-47

OC(=O)CCCc1cn(CC(O)=O)c2c(\C=C\c3ccc(OCCCCc4cccc(Cl)c4)cc3)cccc12 C-48

OC(=O)CCCc1cn(CC(O)=O)c2c(\C=C\c3ccc(OCCCCc4c(F)ccc(F)c4F)cc3)cccc12 C-49

Cc1c(F)cccc1CCCCOc1ccc(\C=C\c2cccc3c(CCCC(O)=O)cn(CC(O)=O)c23)cc1 C-50

Cc1c(Cl)cccc1CCCCOc1ccc(\C=C\c2cccc3c(CCCC(O)=O)cn(CC(O)=O)c23)cc1 C-51

N[C@H](C(=O)O)Cn1cc(C)c(=O)n(c1=O)Cc1ccsc1C(=O)O C-52

N[C@H](CCC(O)=O)C(O)=O C-53

CC(=C)[C@H]1CN[C@@H]([C@H]1CC(O)=O)C(O)=O C-54

COc1ccccc1\C=C\C[C@H](C[C@H](N)C(O)=O)C(O)=O C-55

N[C@@H](C[C@@H](C\C=C\c1ccc(Cl)cc1)C(O)=O)C(O)=O C-56

N[C@@H](C[C@@H](C\C=C\c1ccc2ccccc2c1)C(O)=O)C(O)=O C-57

N[C@@H](Cn1ccc(=O)n(Cc2ccccc2C(O)=O)c1=O)C(O)=O C-58

OC(=O)[C@@H]1CC(F)(F)CN1C[C@H]1CC[C@H]2CN[C@@H](C[C@H]2C1)C(O)=O C-59

C[C@]12CC[C@H]3[C@@H](CCc4cc(O)ccc34)[C@@H]1CC[C@@H]2O C-60

CC(=O)c1ccc2N[C@H]([C@H]3CC=C[C@H]3c2c1)c1cc2OCOc2cc1Br C-61

C[C@@H]1Cc2cc(ccc2[C@H](N1CC(C)(C)F)c1c(F)cc(\C=C\C(O)=O)cc1F)C#Cc1cnn(C)c1 C-62

C[C@]12CCC3C(CCc4cc(O)ccc34)C1CC[C@@]2(O)C#Cc1ccc(cc1)[N+](C)(C)C C-63

Brc1cc2OCOc2cc1[C@@H]1Nc2ccccc2[C@@H]2C=CC[C@H]12 C-64

C[C@]12CCC3C(CCc4cc(O)ccc34)C1CC[C@@]2(O)C#Cc1cccc(c1)C([O-])=O C-65

C[C@]12CCC3C(CCc4cc(O)ccc34)C1CC[C@@]2(O)C#Cc1ccc(C[NH3+])cc1 C-66

CC(C)(C)OC(=O)NCc1ccc(cc1)C#C[C@]1(O)CCC2C3CCc4cc(O)ccc4C3CC[C@]12C C-67

Brc1cc2OCOc2cc1[C@@H]1Nc2ccccc2[C@@H]2C=CC[C@H]12 C-68

C[C@]12CC[C@H]3[C@@H](CCc4cc(O)ccc34)[C@@H]1CC[C@@H]2O C-69

OC(=O)COC[C@H]1CC[C@H](COC(=O)N(c2ccccc2)c2ccc(Cl)c(F)c2)CC1 C-70

OC(=O)COC[C@H]1CC[C@H](COC(=O)N(c2ccccc2)c2ccc(F)c(Cl)c2)CC1 C-71

OC(=O)COC[C@H]1CC[C@H](COC(=O)N(c2ccccc2)c2ccc(F)c(F)c2)CC1 C-72

COc1ccc(cc1)N(C(=O)OC[C@H]1CC[C@H](COCC(O)=O)CC1)c1cccc(F)c1 C-73

OC(=O)COC[C@H]1CC[C@H](COC(=O)N(c2ccc(F)cc2)c2cccc(F)c2)CC1 C-74



CC(C)N(CCCCOCC(O)=O)c1cnc(-c2ccccc2)c(n1)-c1ccccc1 C-75

OC(=O)COC[C@H]1CC[C@@H](COC(=O)N(c2ccccc2)c2ccccc2)CC1 C-76

OC(=O)COC[C@H]1CC[C@H](COC(=O)N(c2ccccc2)c2ccccc2)CC1 C-77

CC(C)N(CCCCOCC(=O)NS(C)(=O)=O)c1cnc(-c2ccccc2)c(n1)-c1ccccc1 C-78

OC(=O)COC[C@H]1CC[C@@H](COC(=O)N(c2ccccc2)c2ccc(Cl)cc2)CC1 C-79

OC(=O)COC[C@H]1CC[C@H](COC(=O)N(c2ccccc2)c2ccc(Cl)cc2)CC1 C-80

OC(=O)COC[C@H]1CC[C@H](COC(=O)N(c2ccccc2)c2cccc(F)c2)CC1 C-81

CC#CCC(C)[C@H](O)\C=C\[C@H]1[C@H](O)C[C@@H]2C\C(C[C@H]12)=C/CCCC(O)=O C-82

OS(=O)(=O)CCNC(=O)COC[C@H]1CC[C@H](COC(=O)N(c2ccccc2)c2ccc(Cl)cc2)CC1 C-83

COc1ccc(cc1)N(C(=O)OC[C@H]1CC[C@H](COCC(O)=O)CC1)c1ccccc1 C-84

OC(=O)COC[C@H]1CC[C@@H](COC(=O)N(c2ccccc2)c2cccc(F)c2)CC1 C-85

CCCCCCCCc1cccc(c1)C1CC(C1)(N)COP(=O)(O)O C-86

CCC\N=C1/S\C(=C/c2ccc(OC[C@@H](O)CO)c(Cl)c2)C(=O)N1c1ccccc1C C-87

CN(C)CC[C@H](N(C)C(=O)c1c(C)cc(cc1C)-

c1cccc(NS(=O)(=O)c2cc(C)c(Cl)cc2C)c1)C(O)=O
C-88

OC(=O)Cc1cccc(NCc2cc3cc(ccc3s2)-c2ccc3ccccc3c2)c1 C-89

CCc1ccccc1-c1cccc2sc(CNCc3ccc(cc3)C(O)=O)cc12 C-90

CCCCCCCCc1ccc(CCC(N)(CO)COP(O)(O)=O)cc1 C-91

CC(C)Cc1cc(cc(C)n1)-c1nc(no1)-c1cc(C)c(OC[C@@H]2CCC(=O)N2)c(C)n1 C-92

CC(C)Cc1cc(nc(C)n1)-c1nc(no1)-c1ccc(O[C@@H]2CCC(=O)NC2)c(F)c1 C-93

CCc1ccccc1-c1cccc2sc(CNc3ccc(CC(O)=O)cc3)cc12 C-94

NC(CNCc1cc2cc(ccc2s1)-c1ccc2ccccc2c1)C(O)=O C-95

NC(CNCc1cc2cccc(-c3ccc4ccccc4c3)c2s1)C(O)=O C-96

CC(CNCc1cc2cccc(-c3ccc4ccccc4c3)c2s1)C(O)=O C-97

CCc1ccccc1-c1cccc2cc(CNc3cccc(CC(O)=O)c3)sc12 C-98

OC(=O)CCCNCc1cc2cccc(-c3cccc4ccccc34)c2s1 C-99

CCc1ccccc1-c1cccc2cc(CNCCC(O)=O)sc12 C-100



Table S3. The optimal hyper-parameters of 30 different models.

Model The optimal hyper-parameters

Bagging n_estimators: 218

DT criterion: gini

GBDT learning_rate': 0.5; n_estimators: 1960

KNN n_neighbors: 7, weights: uniform  

Des

SVM C: 80

Bagging n_estimators: 228

DT criterion: gini

GBDT learning_rate: 0.4, n_estimators: 1925

KNN n_neighbors: 5, weights: uniform

FP4

SVM C: 500

Bagging n_estimators: 228

DT criterion: entropy

GBDT learning_rate: 0.2, n_estimators: 1760

KNN n_neighbors: 3, weights: uniform

KR

SVM C: 180

Bagging n_estimators: 235

DT criterion: gini

GBDT learning_rate: 0.4, n_estimators: 1820

KNN n_neighbors: 5, knn__weights: distance

MACCS

SVM C: 100

Bagging n_estimators: 215

DT criterion: entropy

GBDT learning_rate: 0.5, n_estimators: 1775

KNN n_neighbors: 5, weights: uniform

Morgan

SVM C: 80

Bagging n_estimators: 246

DT criterion: gini

GBDT learning_rate: 0.4, n_estimators: 1735

KNN n_neighbors: 5, weights: distance

PubChem

SVM C: 100



Table S4. Ten-fold cross validation results of different models. All values were in percentage.

; ; ;
𝐴𝐶𝐶 =

𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁

 𝑁𝑃𝑉 =  
𝑇𝑁

𝑇𝑁 + 𝐹𝑁
𝑆𝑃 =  

𝑇𝑁
𝑇𝑁 + 𝐹𝑃

 

ACC: Accuracy; NPV: Negative Predictive Value; SP: Specificity; PPV: Positive Predictive Value 
(= Precision); SE: Sensitivity (= Recall).

Model F1 ACC NPV PPV (P) SP SE (R)

Bagging 82.95±0.99 86.01±0.59 86.25±0.58 85.65±1.22 90.11±0.74 80.42±1.21

DT 77.29±1.10 80.68±0.78 83.47±0.25 76.94±1.71 82.91±1.16 77.65±0.65

GBDT 84.00±0.77 86.69±0.56 87.49±0.65 85.52±1.27 89.74±0.79 82.54±0.81

KNN 78.10±0.68 80.16±0.50 86.54±0.61 73.32±1.13 77.66±0.80 83.57±0.60

Des

SVM 83.75±0.63 86.35±0.55 87.69±0.92 84.47±0.77 88.79±0.45 83.05±1.01

Bagging 80.95±0.58 84.55±0.31 84.46±0.44 84.68±0.94 89.69±0.58 77.55±0.67

DT 76.23±1.01 79.71±0.75 82.77±0.50 75.65±1.45 81.83±0.96 76.82±0.65

GBDT 81.99±0.62 85.06±0.40 85.97±0.53 83.72±1.23 88.53±0.75 80.35±0.57

KNN 80.13±0.87 82.19±0.61 87.82±0.45 75.93±1.39 80.24±1.05 84.85±0.77

FP4

SVM 80.41±0.93 83.50±0.63 85.41±0.56 80.84±1.31 86.08±0.75 79.98±0.80

Bagging 82.75±0.53 85.94±0.33 85.84±0.55 86.09±0.94 90.54±0.63 79.67±0.81

DT 77.43±1.23 80.84±0.73 83.54±0.53 77.19±1.42 83.15±0.78 77.68±1.30

GBDT 83.71±0.65 86.45±0.41 87.28±0.43 85.25±1.17 89.55±0.75 82.24±0.65

KNN 80.76±0.76 82.70±0.54 88.51±0.46 76.30±0.98 80.42±0.90 85.78±0.85

KR

SVM 84.96±0.58 87.33±0.34 88.72±0.43 85.40±1.03 89.38±0.68 84.53±0.65

Bagging 82.88±0.79 86.00±0.61 86.05±0.57 85.92±1.30 90.36±0.90 80.07±0.75

DT 76.66±0.94 80.03±0.75 83.18±0.57 75.90±1.70 81.92±1.21 77.46±0.51

GBDT 83.15±0.64 86.02±0.42 86.79±0.50 84.88±1.16 89.34±0.71 81.50±0.61

KNN 80.93±0.50 82.93±0.41 88.38±0.44 76.83±1.10 81.05±0.94 85.50±0.44

MACCS

SVM 83.27±0.74 85.95±0.49 87.39±0.61 83.92±1.11 88.38±0.66 82.64±0.84

Bagging 83.16±0.83 86.17±0.55 86.39±0.55 85.83±1.09 90.23±0.66 80.65±0.88

DT 77.75±0.86 81.07±0.60 83.82±0.78 77.39±1.04 83.23±0.73 78.13±1.13

GBDT 83.94±0.64 86.56±0.52 87.68±0.69 84.96±0.90 89.22±0.57 82.95±0.77

KNN 80.67±0.75 82.48±0.51 88.81±0.46 75.71±1.24 79.65±0.94 86.33±0.72

Morgan

SVM 85.55±0.46 87.86±0.28 89.02±0.51 86.24±0.81 90.05±0.49 84.89±0.62

Bagging 82.97±0.88 86.07±0.61 86.12±0.52 85.99±1.45 90.40±0.97 80.16±0.90

DT 77.73±0.87 80.99±0.69 83.89±0.56 77.16±1.44 82.97±1.11 78.31±0.70

GBDT 84.05±0.62 86.74±0.43 87.47±0.55 85.69±0.99 89.88±0.65 82.48±0.74

KNN 80.87±0.56 82.88±0.36 88.34±0.42 76.75±1.06 80.98±0.84 85.46±0.59

PubChem

SVM 84.64±0.62 87.10±0.35 88.36±0.46 85.32±0.73 89.39±0.45 83.97±0.81



Table S5. Test set validation results of different models. All values were in percentage.

Model F1 ACC NPV PPV(P) SP SE(R)

Bagging 82.01 85.24 85.62 84.68 89.45 79.51 

DT 76.06 79.65 82.59 75.70 82.01 76.42 

GBDT 83.31 85.99 87.43 83.97 88.43 82.66 

KNN 78.35 80.37 86.86 73.44 77.73 83.96 

Des

SVM 83.82 86.30 88.16 83.76 88.07 83.88 

Bagging 80.07 83.85 83.90 83.78 89.11 76.68 

DT 75.75 79.39 82.36 75.41 81.80 76.11 

GBDT 82.08 85.15 86.05 83.83 88.62 80.41 

KNN 80.52 82.57 88.12 76.35 80.65 85.18 

FP4

SVM 80.00 83.20 85.06 80.61 85.99 79.40 

Bagging 82.50 85.79 85.56 86.16 90.68 79.14 

DT 76.78 80.13 83.33 75.95 81.97 77.64 

KNN 80.19 82.25 87.87 75.98 80.31 84.89 

GBDT 83.37 86.04 87.46 84.05 88.49 82.69 

KR

SVM 84.37 86.86 88.25 84.92 89.09 83.82 

Bagging 82.58 85.76 85.88 85.56 90.13 79.80 

DT 76.99 80.51 83.15 76.93 83.05 77.06 

GBDT 82.30 85.23 86.46 83.48 88.22 81.16 

KNN 80.79 82.85 88.24 76.77 81.08 85.26 

MACCS

SVM 83.27 85.93 87.46 83.79 88.26 82.75 

Bagging 81.99 85.15 85.80 84.18 88.98 79.92 

DT 77.72 80.84 84.20 76.51 82.22 78.97 

GBDT 83.72 86.33 87.72 84.39 88.73 83.07 

KNN 80.57 82.40 88.77 75.58 79.55 86.28 

Morgan

SVM 85.11 87.52 88.67 85.90 89.85 84.34 

Bagging 82.42 85.61 85.82 85.29 89.91 79.75 

DT 76.24 79.73 82.82 75.63 81.84 76.86 

GBDT 83.27 85.99 87.27 84.17 88.64 82.38 

KNN 80.73 82.80 88.16 76.74 81.08 85.15 

PubChem

SVM 84.77 87.16 88.66 85.09 89.15 84.46 
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