®13% £7H 2 B8 it E M5 M A
Vol.13 No.7

202347 A8

Intelligent Computer and Applications Jul. 2023

X EHE . 2095-2163(2023)07-0045-08 thE4y2S. TP391.9; R737.9 XHEkERER: A

B TR F RS A AL RO LB AL & W T M T AR 55

FiIM, HER
(TBMKZE KBIESEETEFMR, HFH 550025)

B = iR IUE B R e 8 R R S A S i M SRR B 7 R R e T AL S, TR S [n]
VS TS RS A 3 A M R R A2 B TR L, S b T — Tl TR TR S VR I AR ) A 35 T P TSR | 35 SR KL 1 H
LN SVR 5% Random Forest 1% XGBoost %!l LightGBM B A THAY , %] Lo AT SR RIS 1935 05 1225 P H4a iR
2 WA BEAEPEN AR IR, SRR BT RSO (L RERS A AR U ML RE 9 $2 T, (AL (9 LightGBM KL T 240 5R B 4
T SRy A 9 B A R A AR T 2

KER R THAE, BURBURLR ;S TE

Prediction of optimized breast cancer compound
activity based on particle swarm algorithm

WANG Jiangxiang, XIAO Qingquan

(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] In the process of drug development for the treatment of breast cancer, the method of building compound activity
prediction models is usually used to screen potentially active compounds. To address the problem of poor prediction effect of
traditional regression prediction models, a compound activity prediction model optimized based on particle swarm algorithm is
proposed, and the particle swarm algorithm is used to optimize the SVR model, Random Forest model, XGBoost model and
LightGBM model, respectively, to compare and analyze the evaluation of mean square error, mean absolute error and goodness—
of—fit before and after optimization. The results show that the optimization of the particle swarm algorithm can improve the
prediction performance of the models, and the optimized LightGBM model has better performance, which can provide a reference
method for the optimization of other regression prediction models.
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Fig. 1 Overall design flow chart
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Fig. 2 Schematic diagram of the comparison between SVR and SVM
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Fig. 5 Comparison of the prediction results with the actual value before and after optimization of the four models
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Fig. 6 Fitting degree of each model after optimization

(¢) XGBoost #5711 (d) LightGBM f#7Y
E7 SMERMBANESESENREMLE

Fig. 7 The error curve between the predicted value and the true value of each model
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