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Abstract

This paper mainly studies the problem of breast cancer diagnosis by using the mathematical mod-
eling method of Logistic regression. Firstly, based on the data characteristics, the data is cleaned,
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missing values are processed, and standardized. The point-biserial correlation coefficient and the
recursive feature elimination method based on Logistic regression (RFE) are used to select 15 key
features to build the model. By comparing the Logistic regression classification models constructed
with the features selected by the two methods, it is found that the accuracy rate of the model based
on the features selected by RFE reaches 97.89%, which is better than the accuracy rate of the model
based on the features selected by the point-biserial correlation coefficient, showing high predictive
performance. This not only verifies the effectiveness of machine learning in breast cancer predic-
tion, but also provides an important reference for future model optimization and etiological explo-
ration, helping clinicians achieve “three early” prevention.
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Table 1. Some breast cancer data from Wisconsin, USA

= 1. B EEBHREMILRERE

ID diagnosis radius_mean texture_mean perimeter_mean area_mean
842302 M 17.99 10.38 122.8 1001
842517 M 20.57 17.77 132.9 1326

84300903 M 19.69 21.25 130 1203
84348301 M 11.42 20.38 77.58 386.1
84358402 M 20.29 14.34 135.1 1297

B P B AR BR S Ve RN — b ZBR R B SR, R DAE A, X R o
AT Z-score FrEALALER, B ORECEIIIME N 0, TTEN 1.

FRAEAL A T

MFRNEIE X, THEIIME p A HEZE 5, SRS XM REA X, BEAT AL

X, —u
X =
s tan dard
1)

FEX M EESE T diagnosis IRy “M” I, Lok, o8 “B” MR- RYE. 1 I Ja 220 4L
PRMFREL, FATTRA AR DK 7 SRR RN 1, H RAERIRN 0.

Table 2. The preprocessed partial breast cancer data

2. B FALIRRIE D FLARERRE

1D diagnosis radius_mean texture_mean perimeter_mean area_mean
842302 1 1.096099529 —2.071512302 1.268817263 0.98350952
842517 1 1.828211974 —0.353321523 1.684472552 1.907030269
84300903 1 1.578499202 0.455785908 1.565125984 1.557513185
84348301 1 —0.768233323 0.253509051 —0.592166123 —0.763791736
84358402 1 1.74875791 —1.150803847 1.775011328 1.824623802

2.2. $HETFIE

2.2.1. ETRHHXRBEIETHE

FeTRAE 2 1A)AH S PEAL B R — M LR AE £ 7705, oA AL B i e Ay o XM 7 70
Bl R H RS R AR S B0 B R AL 2[RI AH L DR R B0 AR R AL AR A . AR A PR S
TN R, & BAT D 2 BN A R

N SN EL L LI BRSO 2 T IR A T, BRATIZ 1 T U0 SRR 2 TR A SR (R A T 1
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Correlation Heatmap of Features (Excluding id and diagnosis)
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Figure 1. Correlation heatmap

B 1. BxMRAE

AT 3 — D HEWT R LSRR AE 5 H bR AR & “ diagnosis” 2 [BIAFFE R SR FI R BEME . AR SCRA A A R EBCK
EALIXFROCERE, ARAE A H AR A AR RE ARV, 07 128 Hh A ARV IR S8 PR RRAIE

RFMHRREOE P T8 R R 5EER R NN R/RNgGHE. RBMETEEN T
—1 F 1 20|, a1 RSP EsR . 18 i T H Pycharm BJSEEL, FRASH T FE-+ T
AR H brA2 & diagnosis 22 [8] FRIAHIC R EL(FE 3).

Table 3. Feature selection using point-biserial correlation

3. AT S5 R BIHERGFE

FHIESE 4 FHIET S 4 5 BRI o R A
concave points_mean 111 3 A ) S35 0.7766
perimeter_mean JAK B FAME 0.7426
radius_mean FRRFEME 0.7300
concavity mean M EEREIE 0.6964
compactness_mean SR ME 0.5965
area_mean R 1E 0.7090
concave_points_worst Lol P ONI] 0.7936
perimeter_worst SRS ONE 0.7829
radius_worst R R KE 0.7765
area_worst AR R AE 0.7338
concavity worst M1 B 1 e KA 0.6596
compactness_worst P Ai N 0.5910
radius_se PR PIRHE IR ZE 0.5671
perimeter_se JAK IR HE IR 2 0.5561
area_se AR bR 1R ZE 0.5482

M 3 FTBAE W, X+ HANRHIER] H 4548 & diagnosis 2 [A] 23 1 HEMIAHCHE
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2.2.2. BT Logistic BYARIBYISFIE B E

B USHRFHE Y BR(RFE) 2 K Logistic BRIl FFAE MK HE R[], fEMUGENRF, REF &% —4
Logistic #7, FFARIE A ) RECRIPAG AR E B . 0T Logistic [BIARERRSE, R B 2
TR AR Y () R AHE R . R E RO, R R B S . 2 SRR ORI R, REF
S LB EEMRACORAE, SAEERRMRHE DB RIS, HRATI A E MRS R R B,
REF {3 B — 21 f 5B B (R AL

BT Logistic [H1VA R3S RS AE 7T BT AR AE 45 S 4 4 FoR.

Table 4. Logistic regression-based feature selection

F 4. BT Logistic EYATFIEAFFE

FHIESE 4 FHIEH 4
area_mean I A% T AR P 318
compactness_mean BEENFSE
Concave points_mean U] B e B ) T3
Radius_se ERMPRE R ZE
Perimeter_se JAK bR 1R 2
Area_se TR b i 1 72
Compactness_se Bs R
Radius_worst e UN}
Texture_worst UK P bRtE 72 i KA
Perimeter_worst JER S = IN-
Area_worst [ =N
Smoothness_worst SR IN
Concavity worst 35 PNEN
Symmetry_worst o B A K 1
Concave_points_worst WFEP=SVe=s TN

HAE 4 A 3 AHER , PIPMRFAE IR 1% 07 V2 e 8 A5 B 45 R 22 0K . FE2E T logistic [BIVARBEIRL ]
1 VA FFAE T BR(RFE) VA R R b, B4 3 AR AIE 46 5 30 0 A S 20 M D7 R 0 38 HH IR RR AR SR e B —
B, ANAE K TP 21 (compactness_mean)iX —HFAE R AR ZE R . HAKIM S, A SCHE IR & 7k R %
compactness_mean 4 N ZHFIEEES, 1 RFE J7vR WK HHERR, [ RFE J5iE8NER T 831
{d (texture_mean)E N BEEFLE .

2.3. Logistic [@Y3753%

SRR AT VISR R QT 2 FoR), AR BLiZ 50 4 S 00 H SR () 0 A, H RS B I
KI5 APAN A (B e () R S8 . BRIk, FRATIERR T Logistic FIEMEABAE L. Logistic ]
VAVE N —Fh ) SCERPERE Y, BENS A SO B R A By — 0 8IS I, H O LA AE T REs M AR A )8 T3
— RN AR o X PR A AN OO AL I 23 2R 25 R T BASFE VAN, IE IR e SRt T Ak
WA, FRESEREWASHHATNMRER E, 4545 DaiRmgs, 1FH 8 LB K
B 12 W 7 o

Logistic [ I8 84 DL fif B4 R e 2 I 0 B2 T 5 AR o 7R SR PR I7 3 5 b e 8 SR PO 0,
FOE A T B i B I RIS o SR PR BY (1 U AN 3 T IS Wi kR, i T R AR I T
NEETT PRI AL T R SR

MECAR AT Logistic 81U (% 00 BAR S 1T 4R MR 40 A 4F1E, FE R Logistic B&#(Hl Sigmoid i
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Figure 2. Distribution of diagnostic results for benign (0) and malignant (1) tumors
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Logistic BV 2R
& B
Logistic [ A8 1) H Az 2 T H bR AL & y J& T3 — 02 p. SR AT LR R A[9]:

logit(p)=1n(l ppjzﬂo +Bx + fyxy ++ Bx,

Horr: logit (p)2&XHULZE (log-0dds), Fon Hbr L &)E T 5K EUL%E. p/(1-p)E)L#F(odds), *&
R HARE B T I — 2R AR S R TN MR 2 L. @ B LR A, Logistic B4
RIS H ARSI Rk

& BRI

Logistic [F1A Il Zhid 72 i i i KA AR R BOR Al THE RS S (R EL B). AR BR BRI AE VI 5
LG/ )< (TR e s 73 511 W 2N B G

L[l (-0
Hrb: m RUNGFEARNEE, v, 2% i MEARBEREEQO B1), p, AR i MEARRE T2 1
PIMEZR o

L BSUN(VE S haa

Logistic [AJ-3H 1L 5 KALAUSR B HOR AL THE R S 4. i AR BUAR R B80S AN T e /NP B0 AR R 2
(Negative Log-Likelihood, NLL):

NLL(B)= Zl[—y,-ﬁchi + ln(l +e )}

LA S AR BE R By /MG SO B AR R B, AT T e LR S B B B HfE S A A
F[10]:
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O BHMNFHEFRN XER, BASHN 0eR, HILLIERX R,
z=y'x+b Q2.1
@ it sigmoid bR KK LM HH AL NI

y=— 2.2)
1+e
® FEEIHLEAQR.HAE 2
1
= 2.3
Y 1+ —(WTx+b) ( )
OLIE VF
In—2— =" +b (2.4)
I-y

NS KO 2 (log odds,  TRFR logit): m%o PR RHERQ.3) T w A b KH2.3) A y FLA

KIEWMEMGTp (y=1]x), WQE4TEGH:

ewaer
—1]x)=—— .5
p(y |x) 1+ew x+b )

1

p(y=0]x)=—F— (2.6)

1+eW X+

TR RAAIRIE R A T w A b B AR A e KAk “ R EAL IR R Ay
I(w,b) =3 In p(y, | x:w.b) @7
i=1

L p=(wb), 2=(x1). T2 p(£:8)=p(y=11%8).p,(2:8)=p(y=0|%8)=1-p, (X 8), M2.7)

H LR T AT B N
p(yi 1 x:w,b) =y, p (%:8)+(1-2,) po (%:8) 2.8)
Q8RN Q.7), FHARHEQ.5)F(Q2.6)TH1, FARAMIR R (2. 7)55 M T /M
1(B) = Zm“(—ylﬂ%@. +1n(1+eﬂ”' )) (2.9)

i=1

3. RBLERRITFMAGZE
3.1. BT RMFHERIE AMSLRORBELER
ISR T Pycharm IR (AL AT S BiR.

Table 5. Model performance results

5. ERIER
KRR BT 1k TR e ff R
Fe T 5 B 5 R B Sk 0.9649
HT Logistic A3 f 3% JTHFE 5k 0.9789
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MEERFTUUFE BT Logistic [R1V 38 ISR AEE # VAT RO HER R B i, IR IIZ A
Pk FE R+ AR SE A 2 I, 85 SE3EAT BRI RE VP AL I, RATAXS 26T Logistic [ A3 V1 %F
AL BETT IR T SRR AT BE DA -

3.2. REEN A

FENLES ST, YR8 bR T DR A5 A5 78 1 4 RE AN T B8 . A SCAE FH HE B 2 (Accuracy) . R
(Precision). 7 [A]#(Recall). F1-Score. K #1538 XIAEME NN FEAR[11]0

11 % (Accuracy) RIS 88 T 1 A A A o5 e A AR B0 L9 o K 1 28 (Precision) R ASE 84 T Ay 1 451
(Positive)IFEA R, SERR N IEBIIREA T I LBl . A B2 (Recall) B SEBR A IE G AR A, B A0 TE
TR 9 IE B EOREAS I 5 R EG Ao F1 4393 (F1-Score) RURS 28 AL R 22 (R INACF 35048, F T 2R VA BB 1)
PERE. W TP Ko IER TN NS ERE ASUE, FN ROREHR TN NS ERE AR, FP RRHER TN R M
MFEAK R, TN R IEM TS RIEMFEASE . e E g E A X BAR .

TP +TN
Accuracy =
TP+TN + FP+ FN
.. TP
Precision =
TP + FP
Recall = i
TP+ FN
Fle 2 x Precision x Re call

Precision+ Recall

K P22 XIGAIE(K-Fold Cross Validation): #&tdEdE /s K MER/DNR T4, SRGESE DTN
RS, R K1 TEERNNIGE. B K IR AR RS K SRS RIFIME, H T 45818
BRI PEREAI G BRI . K 3728 IR A HUE TG B [ 2 1 BN BR, EDE R K AEBOR,  PRASE RBARE .
3.3. HEF Logistic EIHIBITHHEN B RANE LTI

F£T Logistic 1] JH 2 A 4R AE 770G AR BEVEAl 1) T4 38 SR E R HER 22 W4 6.
Table 6. 5-fold cross-validation model accuracy
6. IIMZNIIERBERE

LTS X EHIE ESEin Ekin FRE 5497 85
HERf =R 98.25% 94.74% 98.25% 99.12% 99.12%

% 6 ATLLE Sk, Tidras XIRIF IR 2R AE 94.74%3)] 99.12%2 7], 2% BB AE A A (BRI 70
RO AR E, (HAE R LRI N ] BE AR TR R 3 3
FET Logistic [A]VH 138 JHARFAE 57 126 BB B PE BEPEAS B AR FE bR SR L3 7, ROC HHZR LI 3.

Table 7. Results of all metrics
= 7. ETUERHLER

BRAEE 2 FER Hln R F1-score
0 0.97 0.99 0.98
1 0.99 0.95 0.97
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Figure 4. Boxplots of features versus diagnostic outcomes
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5. &t

AN S HE T3 [ B R FLARR A A, T8 Ik HH A B AN R P AREAE I 7 VA (R AR DG R R
BEARHETH BRVE) M8 Logistic [IARAL . BFFULE SRR H, He T35 A RFIETH BRV2(RFE) 7 12 R RFAIE BT AL) & (1
B HERR A T 5, A3 97.89%, T 5 ZHIAH R REE AL 96.49% . it T 4758 X AR UEFN & TPl FR br
(KR . ABZ. Fl-score & ROC HZR)IHT, ESTIZMAILE X 4 KB R 5 R B 5 HLAa e .
REAE AT ARG S AT E— D I0AIE T B RRAEAE IS W (0 B B . A AN O LR S Wit 7 s &L
AISEMITIOIN T B, bR T AL S AR 2 AR B 77, RHIGRSEBL “ =57 Tl B A EE SN
fH.

E&WE

WA “LOlE A BRI H (2023), TR R KB BOFE SRR S 2R
(2024BK089), i FgRHsz 2 K 2E A A LRI 55 H (2024238).
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