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Abstract: Objective To construct and validate a risk prediction model for myelosuppression induced by the doxorubicin +
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cyclophosphamide + docetaxel (TAC) chemotherapy regimen in breast cancer based on the machine learning approach. Methods Medical
records of female patients with breast cancer admitted to the hospital from January 2019 to October 2023 and received TAC
chemotherapy regimen were collected. After data preprocessing,the feature selection was performed by the Random Forest (RF) and
Extreme Gradient Boosting (XGB) models, and the optimal feature variables were determined through the univariate analysis and
multivariate Logistic regression analysis. Based on the selected features, five prediction models [support vector machine (SVM)
Logistic Regression (LR),RF,XGB,and Categorical Boosting (CatBoost) ] were constructed. Performance validation and comparison
were conducted on the test set to select the optimal model. The interpretability of the optimal model was further analyzed using
Shapley’s additive interpretation (SHAP) method. Results A total of 240 patients were included, among whom 170 patients
(70.83%) experienced myelosuppression. The optimal feature variables were pre — chemotherapy leukocyte and lymphocyte counts,
serum albumin level, prophylactic use of colony — stimulating factors, chemotherapy cycles,body mass index,and underlying diseases.
Heatmap analysis results showed weak correlations among the features, all of which were suitable for model construction. The RF
model was identified as the optimal predictive model, with an area under the receiver operating characteristic curve (AUC) of

0.965, it had good predictive performance and calibration, which could serve as a reference for clinical decision - making.

Conclusion

The RF model constructed based on the machine learning approach has good performance and clinical utility in

predicting myelosuppression induced by TAC chemotherapy regimens for breast cancer,and it can be used as a supplementary tool

for personalized risk assessment.

Key words:machine learning;breast cancer; TAC chemotherapy regimen;myelosuppression;random forest;predictive model
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Tab.1 Univariate analysis results of myelosuppression induced by the TAC chemotherapy regimen
B % xR (n =70) St 48 (n = 170) X! 214 P
N EiEd <18.5kg/m’ 1(1.43) 8(4.71)
[#](%)] 18.5~24.0kg/m? 22(31.43) 84(49.41) 9.354 0. 009
>24.0kg/m’ 47(67.14) 78(45.88)
KA A x 47(67.14) 67(39.41)
# o JE 8(11.43) 25(14.71) 16. 066 <0.001
A J 15(21.43) 78(45.88)
W5 77 A 1~3A 28(40. 00) 112(65. 88)
[#1(%) ] 4~64 42(60. 00) 58(34.12) 13006 <0.001
TR AR ) 4R & 5(7.14) 88(51.76)
AT 2 65(92. 86) 82(48.24) 36 <0.001
G s Rt 2 M(Py, P,) ,x 10°/ L] 5.41(4.46,6.67) 3.85(3.58,5.88) 5.590 <0.001
Pl s dm L3t 2 M(Pys, Py) ,x 10°/ L] 3.71(2.26,4.77) 3.86(3.01,4.74) 1.617 0.106
AN ARARAR G A L[ M(Pys, Pys) , % ] 12.90(10. 03,15. 80) 13.50(11.30,15. 80) 1. 465 0. 143
B RLA M( Py, Py) ,x 10°/ 1] 1.72(1.22,2.13) 1.15(0. 81,1.39) 6. 660 <0.001
St it [ M(Py, Py) ,x 10°/ L] 0.53(0.41,0.69) 0.47(0.39,0.58) 2.447 0.014
B e & M(Py, Py), pmol / mL] 8.75(6.52,11.52) 9.40(7.30,11.80) 1.121 0.262
friF BEA[M(Py,Py), g/ L] 70. 25(66. 60,73. 80) 68.90(64. 47,72. 80) 1.717 0. 086
fwiFa&EalMP,,P,),g/L] 42. 44(40.74,44.55) 39.92(36.58,42.62) 4.742 <0.001
WLEF[ M( Py, P,s) , umol / mL] 46.30(42.62,51.59) 48.65(40. 11,55.02) 1.219 0.233
J @[ M(Py, P,) , umol / mL] 266.21(221.75,307. 94) 244.22(198. 02,295. 25) 1. 270 0. 204
EACER 5 By R BT 1R [ M( Py, Pyy) 5] 28. 10(26. 45,31.95) 27.45(25.90,29.90) 1.411 0.158
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Tab.2 Variable assignment of the multivariate Logistic

regression analysis
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Tab.3 Multivariate Logistic regression analysis results of myelo-

suppression induced by the TAC chemotherapy regimen
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Fig.2 Correlation heatmap of optimal feature variables
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Tab.4 Comparison of prediction performance of five machine

learning models
A EHE HHE BwE F AL Brierfi AUPRC AUROC
SVM 0.888 0.905 0.941 0.923 0.084 0.951 0.934
LR 0.903 0.923 0.941 0.932 0.077 0.968 0.938
RF 0.903 0.907 0.961 0.933 0.084 0.985 0.965
XGB 0.861 0.918 0.882 0.900 0.082 0.969 0.938
CatBoost 0.903 0.940 0.921 0.931 0.080 0.973  0.955
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Fig.3 ROC curves and P — R curves of five machine learning

models
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