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Neural Network Model for Classification Prediction of Drug Properties Based on Data Width Processing
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Abstract: Objective Aiming at problems such as low accuracy in classification prediction by conventional data
processing, an Optuna-MLP-LightGBM combination model for predicting the properties of anticancer candidate drugs was
proposed. Methods A total of 1 974 compounds (729 molecular descriptors for each compound) were collected. Firstly,
a multi-layer perceptron (MLP) was used to aggregate high-dimensional data. A jump connection was used to realize the
width processing of the data. The output data and input data were merged to form a width data set. This enhanced feature
recognition and prevented the loss of useful information, thereby improving information flow. Then, LightGBM replaced

the classification layer in the MLP neural network for better classification and to avoid overfitting issues. Finally, the
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MLP-LightGBM classification prediction model based on Optuna optimization was constructed to predict the classification of
the permeability of the small intestinal epithelial cells of the candidate drug (Caco-2). Results The accuracy, AUC, and
F, values of the model reached 91.03%, 97.31 %, and 90. 48 %, respectively. Through ablation experiments, it was
found that the model’ s classification performance has been improved compared with the MLP model after implementing
data width processing and classification with MLP-LightGBM, with increases of 0. 51%, 1.22%, and 0. 7% in the three
metrics, respectively. Compared with traditional models such as Logistic Regression (LR), Attentive FP, and MLP, this
model can better integrate data information, with average growth rates compared with the base model of 5. 94%, 5. 65%,
and 6. 56%, respectively. Conclusion The jump-join processing enables the MLP network to effectively extract features
and expand datasets. Introducing machine learning can further improve classification accuracy. Therefore, it can become

an important auxiliary tool in high-throughput drug screening.

Keywords: MLP neural network; LightGBM; Optuna automatic parameter tuning;

classification prediction
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Table 3 Descriptive statistical analysis values

SMILES nAcid ALogP XLogP Zagreb
count 1 949.00 1 949.00 1 949. 00 1 949. 00
mean 0.11 1. 11 2.96 149.73

std 0.35 1.43 1.62 40. 74

min 0. 00 -23.11 -3.59 62. 00

25% 0. 00 0.35 1.93 116. 00

50% 0. 00 1. 15 2.82 146. 00

75% 0. 00 1.93 3. 67 180. 00

max 4. 00 5.18 14. 28 748. 00
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Table 4 Confusion matrix
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Fig.4 Visualization of ablation analysis results

of different modules
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Table 5 Results of ablation analysis of different modules %

fA(:(» S:\UC fl{e(» ,ﬂ’:-e Fl

MLP 87.95 94.96 98.00 87.73 87.76
LightGBM 88.46 95.59 82.67 88.09 87.70
MLP+ LightGBM  88.46  96.18 80.67 88.43 87.60
Ours 91.03 97.31 87.33 90.65 90.48

W 4 F s LB, G MLP (% )28k
B g 2] 4% LightGBM, IAH OG5 R 415 8k, AUC 1Y
A AW, MLP /970 5 R0CR AUC (EANH 94. 96%
BN LightGBM 33 )5 AUC {H 4R = 3 96. 18% (#2711
1.22%) , HA4y 4 N abr A R 281k, Accuracy MR
K 87.95% ( MLP £ B ) 2 5 %] 88.46% ( MLP +
LightGBM #5#1) (HJZXF T-43 208, F5 44798 LA AUC
184r5 F, #5458 £, Recall M\JE A1) 98. 00% ( MLP #&
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Table 6 Specific values for each model indicator % “EHERE T T (WL https://cpipc. acge. org. en//cew/
o Swe o In ¥ detail/4/2c9080147¢73b890017c7779e57e07d2 ) 14 4 i
LR 84.10 91.52 77.33 83.37 83.08 £OBIRERMKGERMET in, LRKESZH—
GBDT 85.13  92.03 80.67 84.29 84.29 B0, FH N 53 BT 5 SR RN A AR X 4343 B 45 S 8
XGBoost 86. 41 93.99 81.33 85.74 85.59 ﬂ]%g 9 Fff7 ’;]:g@ ROC FF[:Igjzﬂn[?g] 6 FIE 7 E?ﬁ‘o
SVM 82.31 87.63 87.33 81.64 81.89
RF 87.44 9455 85.79 87.43  86.45 ®7T HREKRES
LightGBM  88.46 95.59 82.67 88.09 87.70 Table 7 Dataset information
MLP 87.95 94.96 98.00 87.73 87.76 #HE  ADMET BpE HAw i B
AttentiveFP ~ 87.18  95.14  78.67 87.08  86.20 (A Bk e HEAE HEAE
MLP+ LightGBM 88.46  96.18  80.67 88.43  87.60 mfe & % P450
Ours 91.03 97.31 87.33 90.65 90.48 RH CYP3A4 B (fb&smeiR 1974 1461 513
. WAL )
3.4.3 ZHITEHT AW hERG  fehdpsiidl 1974 875 1099
R T IRFE T IE R — R R, 8 b 4
R8 TEBBREBMATLER
Table 8 Results of ablation analysis with different modules %
CYP3A4 hERG
Fice S e Free Soe F Fice Saue Free Joee F
MLP 91.39  97.17 94. 15 89. 04 89. 04 85.82  95.31 96. 57 87.93 84. 61
LightGBM 92.66  97.67 96. 19 91.40  90.45 90. 38 96. 01 92.27 90. 12 90. 04
MLP+ LightGBM ~ 92.66  96.45 95.50  90.92  90.57 90. 63 96.16  92.27 90. 35 90. 31
Ours 94. 18 97.94 96. 19 92. 69 92.56  91.65 97.22  92.70  91.34 91.37
*9 SEBEREKHE
Table 9 Specific values for each model indicator %o
CYP3A4 hERG
Sice Saue Sree Soe F Sice Saue Siee Joee F
LR 90. 13 95. 69 93.08 87.36 87.47 84. 81 88. 30 88. 84 84. 50 84. 18
GBDT 89.62  94.79 96. 19 88. 81 85.94 87.59  94.58 93.56 88.01 86. 92
XGBoost 92. 15 96. 63 94. 46 89.92  90.04 89.37 95. 81 92.70 89.29 88.92
SVM 85.57 92.35 92.04 82.23 80. 98 82.03 89. 00 81.55 81.43 81. 66
RF 90. 38 94. 56 93.08 87. 60 87.82 88.35 95. 83 89.27 87. 88 88.01
LightGBM 92.66  97.67 96. 19 91.40  90.45 90. 38 96. 01 92.27 90. 12 90. 04
MLP 91.39  97.17 94. 15 89. 04 89. 04 85.82  95.31 96. 57 87.93 84. 61
AttentiveFP 89.62  97.23 88. 24 85. 88 87.70 86. 58 95.02  92.70 86.91 85. 85
MLP+LightGBM ~ 92.66  96.45 95.50  90.92  90.57 90. 63 9.16  92.27 90. 35 90. 31
Ours 94. 18 97.94 96. 19 92. 69 92.56  91.65 97.22  92.70  91.34 91.37
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