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Prediction of plasma protein binding rate based on machine learning

FU Mingyu', ZHU Yiyang', WU Chunyong’, HOU Fengzhen', GUAN Yuan'"
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Abstract Predicting the protein binding rate of drugs in plasma is helpful to us in understanding the pharmaco-
kinetic characteristics of drugs, with much value of reference for early research on drug discovery. In this study,
plasma protein binding rate information of 2 452 clinical drugs were collected. Two pieces of software, Molecular
Operating Environment (MOE) and Mordred, were used to calculate molecular descriptors, which were used as
input features of the model. Extreme gradient boosting (XGBoost) algorithm and random forest (RF) algorithm
were then used to build a machine learning model. The results showed that, compared with MOE, the prediction
performance of the constructed model was better using the molecular descriptor calculated by Mordred as the
input of the model. The prediction performance results of the model constructed using the XGBoost algorithm and
the RF algorithm were similar, and the R2 of the optimal model were both 0.715. According to the research
results, it can be concluded that the drug plasma protein binding rate is closely related to some physical and
chemical properties of the drug molecule, such as water solubility, octanol/water partition coefficient and conju-
gated double bonds. Using these parameters to predict the plasma protein binding rate of drugs has the advantages
of convenience and efficiency, which can provide reference for related pharmacokinetic studies.
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Figure 1  Distribution histogram of the fraction unbound in plasma (f) (A) and the logarithm of £,. (log, f)(B)
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Figure 2 Workflow of 10-fold cross validation
D: Represents the entire dataset; D,=D,: Represent the sub-datasets

divided into ten parts
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Table 1 Performance of the model constructed by selecting all the fea-

tures as the input space. R’ is the coefficient of determination and MSE

is the mean square error

Feature extraction method
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h T AR R RE , AT B A IR AR
B RRE R A 25 (AT EAY o 8 58, il 23 XGBoost
SRLVE RN RF S35 43 St W R R i 4 By 7415 2]
A A ERE R BB, DL FIYEME IR Rt
e H B HERT 200 FU4FIE . 2 IS TERFIE SR 2 ~
200 FFE IR, LA 2 S 5 R AR R B AR R ik i, 1 2
H S [R5 AE B0 A S A T B AR, [ 3 R TR
[ AR f1E 0 F A B R AR TR 4R 0 A8 A, [
T BIRR T 38 SUIRAIE - 25 25 5 DL B R 30
e —9r 5B 79 255 .l AR I AN 6]
PR AR ) R 2%, % PURRAE B0 7E 200 L ]
DL AR IS S R . MR IE B R 75 ~ 160
B E T4 B RO TR E . B dRi T
FEAE 5 A I DX TR) Y N, A R R R A A A 1
R 47 28 SCIE 45 5 04 7 B D R S e — P 4G
A IME . AR IR 30T & B, A AR ) (0 41 42
IUH 15, XGBoost 515 14 2 (1 B R AT T 35 1) R?, 3%
B B A ) R RE ) . AR T R MOE, {# H
Mordred fF 4 ¢ AiF £ B 25 I 25 (%) 5 780 A 131 0 42
FRIRE G, YEEAH A Mordred Fll XGBoost B2
I, TR B ] 75 ~ 160 2 [A] A6 AR 0 (1 F- 14 R
e b —Pr R3E 2] 17 0. 701,

B, ABFFEIRSE T FERREECE R 75 ~ 160 2
(], AN [] 5 e A AR 1) Fee A PR B, 4 SR 3 2 fir
TN X T WIFRRAE RO 2% , 8 F Mordred 4 Z2 45
R P F5 00044 BE LU B MOE B8 i o 78 3563 Mordred
B hl -, 38 53 XGBoost 5.k Al RF 557 ) 782 fit 45
RUE RS A A RRERIAE 17 0. 715, Hirf,
RF 8 Mg 45580 i MSE B, 4 0. 199, 33X 13 #
AHEE T XGBoost 5.2 , BT RF 55 1544 2 At 455 7Y 1l
DUDKS B B g o A AR AR ORI 4 iR . W]



%552 B4 6 6T, 45 L THLER % 2 259 I 3% B (456 S i T 703
A B
0.75 075
0.70 | : i 0.70 b ‘ PN
H | W '\/\/\/\N\’\/ _ AN
AN e | !
] T 4~ 065t W/ o |
| . . i f Ay v H
0.60F | ‘Avelage best fold=0.668 ! i 0.60 F A | Average best fold=0.693 |
0551 " Average 10 fold=0.630 0.55 | ( 1 Average 10 fold=0.647
x s‘ i J
0.50 - /o‘ 050 |
045} | 045t |
040} | 040l |
035 f 035}
030 — ) . . L A . . ) 030 = A . . L A . . )
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
Feature number Feature number
C D
0.75 ¢ 0.75
L H — e L - /\/\j\/\ﬂ:\/\/\,vv./»
070 N et 0.70 \/\f/wu ,: A :
0651 | R K 065F | . ; - 5
L | Average best fold=0.699 E R i Average best fold=0.701 |
0.60 ] Az:':g: 1?)5{01(;:0‘637 0.60 ‘f Average 10 fold=0.655
. 055t /_ .0sst )
= osof | = osof |
0451 I‘ 045F |
040 0.40 + E
0.35F 035 ¢
030 1 1 1 1 1 1 1 1 1 030 1 1 1 1 1 1 1 1 1
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
Feature number Feature number
Best fold ; Average fold

Figure 3 Performance comparison of models with different number of features
A: MOE was used to extract features and RF was used to build the model; B: MOE was used to extract features and XGBoost was used to build the

model; C: Mordred was used to extract features and RF was used to build the model; D: Mordred was used to extract features and XGBoost was used to

build the model
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Table 2 Optimal performance of models constructed by different methods
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Method R’ MSE Parameter
feature
MOE+XGBoost 152 0.702 0.240  learning_rate: 0.0105, max_depth: 10, min_child_weight: 2, gamma: 0, subsample: 0.8
Mordred +XGBoost 148 0.715 0.230  learning_rate: 0.0055, max_depth: 16, min_child_weight: 4, gamma: 0, subsample: 0.8
MOE+RF 116 0.675 0.213  n_estimators: 140, max_features: 19, max_depth: 17, min_samples_split:3
Mordred + RF 176 0.715 0.199  n_estimators: 148, max_features: 23, max_depth: 29, min_samples_split:3
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Figure 4 Best prediction results obtained by building models with different methods

A: MOE was used to extract features and RF was used to build the model; B: MOE was used to extract features and XGBoost was used to build the model;

C: Mordred was used to extract features and RF was used to build the model; D: Mordred was used to extract features and XGBoost was used to build

the model
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Table 4 Comparison of model performance between the proposed method and previous works

Authors Dataset size Feature extraction(software) Algorithm R’
Zhivkova et al® 220 ACD,MDL-QSAR MLR 0.532
Votano et all''! 1008 ChemSilico MLR 0.611

SVM 0.624
KNN 0.623
Ingle et al'? 1245 MOE KNN 0.520
SVM 0.500
RF 0.590
Watanabe et al"*! 2738 Mordred, PaDEL-Descriptor RF 0.699
Proposed method 2452 Mordred XGBoost 0.715
RF 0.715
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