F9% 21 g2 g it E M 5§ K A
Vol.9 No.2

2019 %53 A

Intelligent Computer and Applications Mar. 2019

XEHS: 2095-2163(2019)02-0096—-04 HESES: TP183 MRS A

HiEZREILREE WAl RN AR

EEE, sk RS, BIEE
(ARAHMKE HEHFRE, X 710065)

@ = AR R ATEAARTUIR BB MR 2 RS R s LR ARG 2 R ITTRE . FLBEAR G R A2
IR FUIIE BRI MERE i 20 J A B O R i 3 RE 2 e R R B — e 0 3R, RERE AT 2 1T 0 305 Tt
T T A AR BE 2 T LSS 28 R TN IR M AT 55, folT PR 2 4 Bk T LR R A
PRI RE , K2 FUBRREAOIG T SR HERE B . SCREfd Ok B R S0 P A R IR DR 2 B 7 e L g e R AT 5 L il Zwitter 11
Soklic $ LAY FLARIEE B , SEI0FI T C4.5 vk MR DU A SVM B0 Il -4 38 SR IE 12 Rp i s kA7 0 2 ok
LIRS A R R R TTRE . B, SCHREXS 3 FEA R NS5 R T 276 07, 19 30 2 N BEIE TR FUMVE &2 % B0 v A9 98
B E,

KA WAz FLMVE C4.5 K AR UL, SVM; e USRIk ;. & il

Application of data mining in breast cancer recurrence prediction
CHENG Guojian, ZHANG Han, WEI Junjie
('School of Computer Science, Xi‘an Shiyou University, Xi‘an 710065, China)

[ Abstract] Data mining is a specific step in knowledge discovery. It can use specialized algorithms to extract useful knowledge
from massive data. Breast cancer is a malignant tumor that occurs in the breast. Due to certain factors, breast cancer may have a
recurrence after surgery. Postoperative recurrence of breast cancer will not only increase the difficulty of treatment of breast cancer,
but also cause damage to the physical and mental health of patients. Data mining can complete tasks such as classification,
clustering, prediction, and association analysis. Using data mining algorithms to predict whether breast cancer has recurrence may
help breast cancer treatment. The breast cancer data of this article is acquired from the Breast Cancer Research Institute at the
University of Ljubljana Medical Center in Yugoslavia, provided by Zwitter and Soklic. The article uses C4.5 algorithm, naive
Bayesian and SVM with a ten—fold cross—validation method algorithm to classify the data and predict whether breast cancer has
recurrence. Finally, the article comprehensively analyzes the prediction results of the three algorithms, and obtains the advantages
and disadvantages of each algorithm in breast cancer recurrence prediction.
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Fig. 1 C4.5 decision tree for breast cancer recurrence prediction
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Tab. 1 Breast cancer dataset

No. Age Menopause Tumor—size Inv—nodes Node—caps Deg-malig  Breast Breasti—quad Irradiat Class
1 40-49 premeno 15-19 0-2 yes 3 right left_up no no—recurrence—events
2 50-59 ged0 15-19 0-2 no 1 right central no no—recurrence—events
3 50-59 ged0 35-39 0-2 no 2 left left_low no no—recurrence—events
4 40-49 premeno 35-39 0-2 yes 3 right left_low yes no—recurrence—events
5 40-49 premeno 30-34 3-5 yes 2 left right_up no no—recurrence—events
215 30-39 premeno 0-4 0-2 no 2 right central no recurrence—events
216 50-59 ged0 40-44 6-8 yes 3 left left_low yes recurrence—events
217 40-49 premeno 30-34 15-17 yes 3 left left_low no recurrence—events
218 40-49 ged0 20-24 0-2 no 2 right right_up no recurrence—events
219 50-59 premeno 50-54 9-11 yes 2 right right_up no recurrence—events
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Fig. 3 CA4.5 algorithm predicts breast cancer recurrence
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Fig. 4 Naive Bayesian algorithm predicts breast cancer recurrence
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Fig. 5 SVM algorithm predicts breast cancer recurrence
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Tab. 2 Comparison of experimental results of three methods

Bk E#1%/ % FERE/ % YRz
C4.5 Fyk 75.524 5 24.475 5 0.432 4
A DL 71.678 3 28.321 7 0.453 4
SVM 70.629 4 29.370 6 0.541 9
3 4£FiF

FUIE S — Rl T RE & S Lo A= A R R g, T

HEUMEEATS I 2 SENFEAES R AR, SCERAH]
THEAEER Y C4.5 Sk MR DU SVM 58
TETE Weka HOXTH Zwitter F1 Soklic $A 1 FL IR £
AT, IS B L8 10 52 T, R S5
AEZIL T X LR 1 52 A S0 3k mT RIS E A3 A 3
A R SIS I, C4.5 FER MR IER
ey, HY MR 22 WL o) A 2 Rk /N IR 7R
RS2 T C4.5 SRR R AE

A Ja FEEMFIE R [a)EUR e 7R 52 5 C4.5 FEAL
AR, SR SE . WA FUMR I A i
SETTRRTER A [a) i, R R 2 A Ok B2 1 I 5T
S A SRR RN T SR R DX A [, Iy
B2 b SR IEIR Y T SR AR B
s

(1] Zdvh, 22l Bz aots Bk L R as 1], To as)
1k, 2011, 37(2) :29-32.

(2] BT . T AR A ERIZ IR B AL D 2T PRI R [ D]
AR IR RS, 2010.

(3] IR, (TR, BRiE. B 24 76 45 0 6k 4 mh XU 72 ) o iy
BEFHLT]. BB RS2 (R ) , 2008, 32(3) :278-281.

(4] Bk5z, R, Fletli. w B2 9 7 v ) A e 4% 4 7] /Y
MFA[I]. B R, 2013, 29(11) ;127-130.

(5] k&3, 2, o, FUBE FRNRAT S Hr [ 1],
J8i, 2000,9(10) :454-455.

(6] BIEH, 20k, IR KRR RN R AT (1], BT
BiEE=¢, 2009, 36(22) :4377-4378.

(7] WoifEse. HT Weka -5 RYRIFEH 148 Sk oWy [ 1], WM
BT 22 B4R (11 SRRIEAR) ,2017,30( 1) 21-25.

[8] /N Bk, B 3T WEKA -5 By PSR 532 LA 52
[1]. ffhee 71/ ,2018,38(10) :34-36,97.

[9] MICHALSKI R S, MOZETIC I, HONG lJiarong, et al. The
multi-purpose incremental learning system AQI5 and its testing
application to three medical domains[ C]//Proceedings of the 5™
National Conference on Artificial Intelligence. Philadelphia, PA:
AAALI Press, 1986:1041-1045.

[10]CLARK P, NIBLETT T. Induction in noisy domains. in progress
in machine learning [ C]//the Proceedings of the 2™ European
Working Session on Learning. Bled, Yugoslavia: Sigma Press,
1987:11-30.

[11]TAN M, ESHELMAN L. Using weighted networks to represent
classification knowledge in noisy domains| C ]//Proceedings of the
Fifth International Conference on Machine Learning. Ann Arbor,
Michigan: Morgan Kaufmann, 1988.121-134.

[12] CESTNIK G, KONONENKO I, BRATKO I. Assistant—86: A
knowledge — elicitation tool for sophisticated users [ C ]//
Proceedings of the Second European Working Session on Learning.
Bled, Yugoslavia: Sigma Press, 1987:31-45.

(B3] =M, T, Bz HORTE By S b Y R [ T]. Bl
MRS A3k, 2013(4) :14-15,18.

(141, FET WEKA V& 73 LB AL 3 Hr [ ], i3 2 g
AR, 2013, 2(2) :26-28.

(151K 7R, MR 428 v i 22 SUIRAIE Jr A 28R [ D] KRB PG K
2, 2013.



