F12E F128
Vol.12 No.12

it 82 M 5 & A
Intelligent Computer and Applications
XEHS . 2095-2163(2022) 12-0104-06

2022 F£ 12 A
thE4y2=S. R737.9;TP181

Dec. 2022

$1$: E\

MERERERD: A
XGBoost H i EZEZLIREH B2 B AN A

(ELBIREARKE IS5, LiF 201620)
B E. AT XGBoost B LFEFLARIE L Wi B H  BALAS % > 53k 5 5R 12 Wi A

a4ie
PR A B B4, I1KF ST 9 XGBoost FE I 5 pe S 37 3 1) ML K- T 40 AR 2% D10 B0k A B0 s SR A 7 b e, 667 R 7
B F AE . AUC (HEE TN P8 AR LA AR ) B PR RE . AR SCSEER 25 R 3B, XGBoost 51k 1Y HLHT 38 LB EHERf Rk 5] T
97.89% , LT H A BR A S AR A0 WA FLIYE 12 Wil e B ISR 5L,
KEEW . LR BRI RS ; XGBoost

BRI FUBRA IS TR 5 e
6. AEATFIHTHE M ZLIRAEECIRAE T A 7 T XGBoost FUIRFISIN LI, 5B el B ol i i 1 i B 5019 3 28 T 4R 12

Application of XGBoost algorithm in breast cancer diagnosis
LI Jiasi

( School of Mathematics, Physics and Statistics, Shanghai University of Engineering Science, Shanghai 201620, China)

stract] In order to study the application o oost algorithm in breast cancer diagnosis, machine learning algorithm is

Ab In ord dy the applicati f XGB lgorithm in b diagnosi hine learning algorithm i

combined with disease diagnosis to improve the efficiency and accuracy of breast cancer diagnosis. The XGBoost breast cancer
diagnostic model is established in the open Wisconsin Breast Cancer Database. In the experiment, the optimal parameters of the
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diagnostic model are obtained by grid search and learning curve. The proposed XGBoost model is compared with the prediction
results of Decision Tree (DT) , Support Vector Machine (SVM) , K- nearest neighbor ( KNN) and Naive Bayes (NB) algorithm,
and Accuracy, Recall, F, value and AUC are used to compare the prediction performance of each model. Experimental results show
that Accuracy of 5—fold cross—validation of XGBoost algorithm is 97.89% , which is better than other single classifier algorithms. The
research has practical significance for improving the accuracy of breast cancer diagnosis.
[ Key words] breast cancer; disease diagnosis; ensemble learning; XGBoost
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Fig. 1 Schematic diagram of Boosting algorithm
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Fig. 2 Statistical description of some features
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Tab. 2 Classification results of different models

FEA Precision  Recall F, — Score AUC Accuracy/ %

DT 0.892 0.983 0.935 0.960 94.55
SVM 0.919 0.966 0.942 0.996 97.36
KNN 0.983 0.983 0.983 0.997 96.84

NB 0.903 0.949 0.926 0.984 92.79

XGBoost  0.950 0.966 0.958 0.998 97.89
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