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Activity prediction of human cytochrome P450 inhibitors based on multiple

deep learning and machine learning methods

LIN Mingde, HAN Weijie, XU Xiaohe, DAI Xiaowen, CHEN Yadong"
Institute of Medical Big Data and Artificial Intelligence, School of Science, China Pharmaceutical University, Nanjing 211198, China

Abstract Inhibition of human cytochrome P450 (CYP) can lead to drug-drug interactions, resulting in serious
adverse reactions. It is therefore crucial to accurately predict the inhibitory power of a given compound against a
particular CYP isoform. This study compared 11 machine learning methods and 2 deep learning models based on
different molecular representations. The experimental results showed that the CatBoost machine learning model
based on RDKit_2d+Morgan outperformed other models in terms of accuracy and Mathews coefficient, and even
outperformed previously published models. Moreover, the experimental results also showed that the CatBoost
model not only had superior performance, but also consumed less computational resources. Finally, this study
combined the top 3 performing models as co_model, which slightly outperformed the CatBoost model alone in
terms of performance.
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Table 1 Classification criteria for cytochrome P450 (CYP) isoform

inhibitors and non-inhibitors

Criteria Inhibitor Non-inhibitor
IC, <10 pmol/L >57 pmol/L
Score =40 0
Curve class -1.1,-1.2,-2.1 4
Table 2 Details of the 5 CYP isoform datasets
Leoform Dataset
Class Train Test Total
CYP1A2 Noninhibitor 6 575 325 6904
Inhibitor 4364 91 4455
Total 10939 416 11355
CYP2C9 Noninhibitor 7 852 1039 8 891
Inhibitor 2958 96 3054
Total 10 810 1135 11 945
CYP2C19 Noninhibitor 6722 940 7 662
Inhibitor 4925 230 5155
Total 11 647 1170 12 817
CYP2D6 Noninhibitor 10 459 1346 11 805
Inhibitor 1473 130 1 603
Total 11932 1476 13 407
CYP3A4 Toninhibitor 6909 2524 9433
Inhibitor 3460 558 4018
Total 10 366 3082 13 448
1.3 & &
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Table 3 Hyperparameter setting based on single-task and multi-task learning

Hyperparameter Setting

Hyperparameter Setting

Adam (Ir=le - 3)
0.3(0.2,0.4,0.5)

Optimizer

Dropout rate

Sampling RUS (ROS, SMOT)
Epoch 250 (150, 250, 500)
Loss Crossentropy

Share layer 520 (1 250, 256)

Tower_1 168 (520, 256, 168)
Tower_2 168 (520, 256, 168)
Tower_3 64 (256, 168, 64)
Output layer 2
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Removing inorganic compounds and compounds
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[ Removing duplicates ]
!

[ Inhibitors and non-inhibitors labeling ]
!

[ 2D, MACCS and Morgan6 fingerprints calculation ]
[ Fill the missing Vilue with the mean ]
!

[ Normalized descriptors J

Figure 1  Overall workflow of CYP dataset processing

MACCS: Molecular access system

Table 4 Number of molecular descriptors for the 5 CYP isoforms after

preprocessing

Isoform MACCS Morgan  RDKit_2d RDKIL 2
Morgan
CYPI1A2 118 604 170 813
CYP2C9 107 594 171 740
CYP2C19 110 582 172 750
CYP2D6 109 549 158 716
CYP3A4 107 597 164 714
2 & R

2.1 AFTREZE6 CYPIpH o EAER 6y ik
i T Morgan $5 SCVE R ARAE, IR A T 11 %1
AN [a] B BIL A 24 >0 J7 2ok #E57 CYP1A2 . CYP2CY .,
CYP2C19.,CYP2D6 1 CYP3A4 it — 3250, X
LSBT AL 4G 7 R FE I 4R 2% 2T T 7 (CatBoost |
LightGBM , AdaBoost . XGBoost . ET , RF , GBDT) #/I
4 Ffr B —2% 5] %8 (KNN DT . LR 1 SVM) . 38 3 %
SA YN HEAT 5 4738 LIAIE , PPAl T A [RI AR 7Y 7E
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Figure 2 Cross-validated the accuracy (ACC) of different models for the training set of 5 CYP isoforms

XGBoost: Extreme gradient boosting; SVM: Support vector machine; RF: Ranadom forest; GBDT: Gradient Boosting decision tree; ET: Extreme ran-

dom trees; Light GBM: Light gradient boosting machine; LR: Logistic regression; DT: Decision tree; KNN: k-nearest neighbor
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Figure 3 Cross-validated the Matthews correlation coefficient (MCC) of different models for the training set of 5 CYP isoforms
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Figure 4 Time required to train each model based on the CYPI1A2
dataset

XGB: Extreme gradient boosting; LGB: Light gradient boosting machine;
Ada: AdaBoost; Cat: CatBoost
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Figure 5 Accuracy (ACC) values (A) and MCC values (B) of the CatBoost models based on different sets of descriptors for the 5 CYP isoform test sets

Table 5 ACC values of the CatBoost models based on different sets of

descriptors for the 5 CYP isoform test sets

Table 8 Performance comparison of 5 CYP isoforms in DNN,
Mul_DNN and CatBoost models

Isoform MACCS  RDKit_2d Morgan RDKIL 2
Morgan
CYP1A2 0.88 0.95 0.94 0.95
CYP2C9 0.90 0.92 0.93 0.92
CYP2C19 0.83 0.86 0.83 0.86
CYP2D6 0.94 0.89 0.93 0.94
CYP3A4 0.90 0.90 0.89 0.91
Average 0.89 0.904 0.904 0.916

Table 6 MCC values of the CatBoost models based on different sets of

descriptors for the 5 CYP isoform test sets

Isoform MACCS  RDKit_2d  Morgan DKL 2
Morgan
CYPIA2 0.66 0.85 0.82 0.85
CYP2C9 0.4 0.46 0.44 0.46
CYP2C19 0.48 0.57 043 0.58
CYP2D6 0.6 0.65 0.46 0.58
CYP3A4 0.4 0.65 0.59 0.67
Average 0.508 0.636 0.548 0.628

Table 7 Various indicators of the CatBoost classifier for the 5 CYP

isoform test sets

Isoform Sp Se Pr ACC MCC AUC
CYPIA2 0.97 0.86 0.89 0.94 0.84 0.98
CYP2C9 0.96 0.48 0.53 0.92 0.46 0.88
CYP2C19 0.9 0.68 0.65 0.86 0.58 0.89
CYP2D6 0.98 0.52 0.72 0.94 0.58 0.92
CYP3A4 0.97 0.62 0.84 0.91 0.67 0.95

Sp: Specificity; Se: Sensitivity; Pr: Precision

CatBoost #5174 5l A Fil il CY P i P4 ) fre (AR A
2.4 KA

2 RN [R) Bk 1 B B ] g 2 X R — 4
A 52 A AH A TN 7 BRI I, AR SO e g4 S

Isoforms Method ~ ACC MCC AUC  Sp Se Pr
CYP1A2  DNN 091 074 096 094 08 0.79
Mul DNN 091 0.75 096 0.94 082 0.78
CatBoost 0.94 0.84 098 0.97 086 0.89
CYP2C9  DNN 09 038 08 094 045 042
Mul DNN 0.86 036 086 0.89 058 0.32
CatBoost  0.92 046 088 0.96 048 0.53
CYP2C19 DNN 0.83 046 0.84 0.90 055 0.57
Mul DNN 0.84 0.51 0.87 0.90 0.61 0.60
CatBoost  0.86 0.58 0.89 0.90 0.68 0.65
CYP2D6 ~ DNN 0.83 046 0.84 090 055 0.57
Mul DNN 092 047 086 096 05 053
CatBoost  0.94 0.58 092 0.98 052 0.72
CYP3A4  DNN 091 0.66 093 0.96 0.64 0.80
Mul_DNN 0.89 0.60 092 095 061 0.73
CatBoost 091 0.67 095 0.97 062 0.84

DNN: Deep neural networks; Mul_DNN: Multitask deep neural net-

works
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Table 9 Performance comparison between co_model and CatBoost for 5 CYP isoforms

CYP1A2 CYP2C9 CYP2C19 CYP2D6 CYP3A4
Item Difference
Cat Co Cat Co Cat Co Cat Co Cat Co
ACC 0.94 0.96 0.96 0.97 0.9 091 0.98 0.99 0.97 0.98 0.01
MCC 0.84 0.87 0.48 0.45 0.68 0.7 0.52 0.41 0.62 0.61 -0.02
AUC 0.98 0.96 0.53 0.62 0.65 0.67 0.72 0.83 0.84 0.85 0.04
Sp 0.97 0.98 0.92 0.93 0.86 0.87 0.94 0.94 091 091 0.01
Se 0.86 0.88 0.46 0.49 0.58 0.6 0.58 0.56 0.67 0.67 0.01
Pr 0.89 0.92 0.88 0.88 0.89 0.9 0.92 0.92 0.95 0.9 0.00

Cat: CatBoost; Co: co_model
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Figure 6 Performance of the 5 CYP isoforms in the CatBoost model

compared to previously published models
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