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Prediction of Breast Cancer Based on Penalized Logistic Regression
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Abstract: In this paper, we mainly apply the breast cancer data from University of Wisconsin System to
predict breast cancer using penalized logistic regression. Firstly, the ten indicators related to breast cancer
are selected as the predictor variables. Then, logistic regression, the LASSO penalized logistic regression,
the L, penalized logistic regression and the elastic net penalized logistic regression are used as the four
classifiers. 75% of the data set is used as the training set to build models. Finally, 25% test set, a
confusion matrix and a ROC curve are used to evaluate their prediction accuracy. The results show that the
LASSO penalized logistic regression performs best, whose prediction accuracy reaches 97.18%. The
prediction performance of the elastic net penalized logistic regression changes with the increase of a,

especially when «=0.9, the corresponding prediction accuracy is 97.18%, as good as that of LASSO
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penalized logistic regression. The L, penalized logistic regression ranks the third and logistic regression
performs the worst in prediction performance. Therefore, for the diagnosis of breast tumors, doctors can
apply the LASSO penalized logistic regression and the elastic net penalized logistic regression to improve
the diagnostic accuracy.

Key words: breast cancer; logistic regression; the LASSO penalized logistic regression; the L, penalized

logistic regression; the elastic net penalized logistic regression
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Table 2 Descriptive statistics for 10 prediction variables
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Table 3 Correlation coefficients between prediction variables and response variables
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UNBH=U B+ (B — ) (p)+ollB" — Bl (19)
IR (1) F18) AT U (BY) = 0771 B iy — Wy i i
B =B Q(p)+2A ) H{Q(B)— 228 y={Q(B)+2A} {U(B)+2(B)B} (20)
KB EFI =L +0 (BI)U(B). FILFEF ISR 565 KA H
Br={0(B)t 2y '\ap)p (21)
BT )y 2 W
(Q(p)+2a ) 'e(p){Q(p)+2}! (22)

2.4 SAMEMETZEO3

Zou % PR T 30 M (Elastic net, EN)AES] ik o %7 B Ly B A0 L 485 & & p >
F19 A e A 4 0 15 0 RN EL A 2 T LR MR AR L ply T ] 0 5 A R A T e A R e B ek
T 5 22 , DRI ot 3o B X 222 6 [ 0T A 97 0 500U 4R BR85S O A ) 45 1) 9500 R 4 0 52 A 11 0 R LA
AT .

Bexn = argmin{u ﬁj‘+/1 25,} (23)
B

p \

L g = Aliaz,/lz/ll+/12,ﬁl']ft(23)ﬂ§ﬁi
- argmin{e(ﬂ)+aaz\ﬂj]+,1(1a)zﬁf} (24)

B j=1 j=1

2 q= OB, 3P AR ) 2 e W O L, RSB A ] 5 2 o= 1R, ?%‘fil_ﬁ.fﬁ‘ B PEH A LASSO
FETIZEPIE . Fb s AT 455 T LASSOFET 5 L, ZET I8 A4, BE e A5 1 3k £ SCRE T bR AL
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3.1 BiB%5EE Table 4 Binary confusion matrix
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WE = T
iR R (Error rate ) 78 B8 B FI 45 2 5 U A REAS 5505 B A3 R AR B0RY EE AL, B
I FP+ FN
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RAGUE (Sensitivity ) 7 IE 6 B 19 1E 41 57 52 bR IE GREAS $0b 9 5 1, B
TP
RS N
5 5 1 (Specificity ) 2 7 TE B TN f) 52 G 16 A 7 52 B B0 A A F A o5 L, B
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SRR TN T3] D A AR A5 SR A &3
l_gfaﬁﬂﬁ(iﬁijiﬂﬂsﬂ‘% RO PRI R P R 5 B ITEE S KA E
SRR RBUE A bR 226 ROCHZR 1 —Fe o -
able 5 Parameter estimation for logistic regres-
g x Bl , 3R R AR B PE % (False postive rate, FPR) , sion model

FPR /)N, 15 A R MK, W0 1 28 op S PR 4 2880 SR i b2 PlE i L

RAGE Sy y il 78 H AR 5 (True postive rate, — g 0.88077  0.67925 0.1947
TPR), TPR K, g 8, SO IE 2R S2PRIE B —9.26892 14.25207  0.515 46
KMz, SHRARBMET 1R EMRAEERH B 2.08449  0.37052 1.85e—08  **x
G4, ROC M Ze N 1Y B 52 1 ALt 2 AUC #6845 . B 1.527 46 14.09893 0.917 73
R AUC B, BRI A RO . AR A 13.03594 6.98969 0.06218

pROC A5 8 ROC il 4 4 7T M4k, F glmnet@,ﬂ]}% Bs 1.48110  0.558 38 0.007 99 *ok
P U AT A W O A A A R SRS F e F 048662 122075 0.72059
I 12 B 0.400 20  0.779 23 0.607 55

2 JLES R BB B Bs 2.38043  1.32156 0.07167
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I FH L 98 HiHie A 7 3 B IO SR 45 S T B —0.09078  0.66404 0.891 26
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P2 W4 KA A 2 5E WA W, X EHIE ®6 TEEBERMNSHMGITE
[FHFVEAS B 45 BT 6 s . Table 6 Parameter estimation after variable selec-
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s w0 L A it B (Akaike information criterion, S8 fli T HE b 2 PfE Ak
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Table 8 Index values calculated by confusion matrix

eSS MR RR REE RRE
LR 0.9577 0.8919 0.9429 0.9626
LASSO  0.9718 09429 0.9429 0.9813
L, 0.9648 0.9167 09429  0.9720
EN(@=0.3) 0.9648 09167 0.9429 0.9720
EN(@=0.5) 0.9648 0.9167 0.9429 0.9720
EN(@=0.9) 0.9718 09429 0.9429 0.9813

T 2 B A AN ], A I A A R R 0.971 8. PRI, A T 3 4 [0 U AR A I 2 B A R N A 5 1
1 ] A
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FE0.9 VL EA S e o A A RS ARE S 22 ROC i & a1 2 o

= 1.0F = mm— 1.0F =
0.738 0.674 0.528
5 0.8 (0.963, 0.943) 0.8f (0.981, 0.943) 0.8f (0.972, 0.943)
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Fig.2 ROC curves for several models
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Table 9 Index values derived by ROC curves

REST M REE RRE AUC
LR 0.738 0.943 0.963 0.990
LASSO 0.674 0.943 0.981 0.989
L, 0.528 0.943 0.972 0.993
EN(a=10.3 0.637 0.943 0.972 0.991
EN(a=10.5) 0.619 0.943 0.972 0.991
EN(a=0.9) 0.666 0.943 0.981 0.990
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