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Abstract

The stage of breast cancer determines its treatment and prognosis. Therefore, it is particularly
significant to accurately locate the stage to which the patient belongs. This article aims to explore
methods that can predict the stage of breast cancer through patients’ gene expression data. We
obtained a balanced training data set by oversampling the data set and conducting random sam-
pling with replacement on the late-stage samples with fewer data in order to select samples of the
same size as the early samples. After that, we constructed a random forest model to predict the
stage based on the balanced samples and achieved an accuracy of 96.75% with sensitivity 97.5%
and specificity 89.3%. Then we compared the random forest model with KNN and SVM, the AUC
values of the random forest model are higher than that of the other two methods. Ten-fold
cross-validation was chosen to evaluate the random forest prediction model, and the average ac-
curacy was 96.71%. The final result shows that the random forest model has impressive perfor-
mance. After selecting the top 200 genes in importance according to the importance scores in ran-
dom forest, we performed functional enrichment analysis. The pathways obtained by the enrich-
ment were mostly related to breast cancer. It can be considered that the selected gene expression
data are meaningful to predict the stage, so as to provide a certain basis for the treatment and prog-
nosis of breast cancer in the future.
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1. 518

FL e o A g i PR 1 bR, PR e A LA (TR A A5 R R, 2018 AEFRER L1 K R A
24.2%, RIFFILEB| T LR S AL I PRBE SRS, FLIE I 2 BAAN R, Ot B e A R AR
TR T FUBE A WRIR e, e SE MR R TERE TS . BN IR T &5 AR 4
T EBRE.

FUIRIE I A VA% 5, B aTBGE A 1 7702 TNM 3 38VE[L], e B Em i &l . TNM
P HNERRT =N TR I : 1) b AR O, DL “T” SRRoR: 2) Xk 45 AL, DL “N”
FoR: 3) WALWERR MATEREIIATE, LA “M” RoR. PP 7R T AN Ml PR DUAL IR B & 1K
JERRRE o ARSI IR - AR 1 6 R B i 1) U el R <3 3 23 A 0L 1) 7

H AL 52 ) 7 A 1R 2 0] LLR R4y AN T, 91 k-1 205 (k-Nearest Neighbor, kKNN) [2]. S [A] &
HL[3] (support vector machine, SVM). BEALARAR[4]55 7772, 35107 DO FLIRE 1) 4 B EATAR L (0 20 S AN Fi0
BRI, Wi R FEARRN P 45 R 255 . ASUER BTk, SRS
S SR o SR FH K- 208 75 200 aek SRAE A KA BT A R A EAT MK, 4300459 31 AUC {89 0.598 #10.781;
K SCRF A EHL(SVM) 73 ZRVERT PR AL AN, 15 21 AUC IFE 53 71 /9 0.678 #110.782; R B HLAR AR 772,
FEIH) AUC HIME 7> 9 0.671 F1 0934 BEALARMOE L FIMIAS A B2 sy 1 o Ad W A, 0 W 2R B0 000 7L
i e 58 P Ak %) 3 S R A v R YR AR 12

N T R REREAR R AT, A SO IR REBCR A 1 I RFE [T, AT IZREE O P A LA
FETHBENLRRK 1R LR 2 RN S5 B B R BURE o A SCAE FH B WL AR ARSI o I SR I RORE AR I 5, 49 38 Tl v
Wik 96.75%, F57L ) 7 B (sensitivity) A4 5 4 (specificity) v 97.5%711 89.3%. Xif b WL AR AR AR 7R 5
HERAERIR G s 5, TIAER 2 A R R 1w
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2.3.1. I R#E
K AR REEH T A N RN, TEBEAREARSIE P BN E 70%1/E A%k, FIFH
30% 1 R4

2.3.2. TR

XL R HIAE L 9:1 AL BRI ZRER S A ER o |y T P SRy mh i s S M i 26%,
ATt HLEE S, OE SIS 1 5 SO 2 P I SR R SR [5] o BEATLIZE R 3154 ¥ 9090 AT
IR K54 (1 90%, 73 745 31 722 MFEACHT 251 MRS . ATRIRIAE I M KHE 251 SRR RS, R
FEJE R REATR PR B 58, SRR 722 Uk, e 2845 B LG A0 o bE — BT BT RE A SR (3G 1444 MREAR)E N
IZREE. K53 T 1 109 5 140 (3t 81 1) 5 1090 1% (3t 28 MVE AL .
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BEALARA A — Fh I TR S AR S WL 22 T ik, G54 T o0 2R mIE Ve SR E 4T 42 BT [6] o
5 M AERE A S iE i bootstrap HERAE AR A R MU EBURE A T 800 MR8 763 ISR B AOARAE
A R BE LIS TN B T WA M T S R B B MR AT Y BRI R A S
M ASBEAUAR AL BB ALARAR, 73 245 R fHIX M A S SR e o 208 1 DURE A N B AL AR PRS2
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B BT, 5 H] randomForest P27 0 [813E4T BN AR AR 7Y & 37

15 FH N ZREE 5 BEALARMAE BU AT U, 75 30 S WL TR0 0K (VR R R o I 55 R Bl AL AR PR %o
MARAEFEAT IR, w329 TARHRAE #h 28 h 28 ROC (receive operating characteristic curve), 45448 oM
2 (O0B) KAl & Tl ) HERZE . KT — BRI R, FRATE AT LA B —4> OOB i Z Al i, W AR
YR OOB R Z AL 1B, BIFT433] RF 2 AR 2511 [7]. RAMEREE XA R(2):

PP R REL
OOB:_‘f?%F__ )
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A BARLLLNZGREARVE R G, B IZRREARR MUREE 23 8] B, e — AN AR PR A Ry B 1)
TSP, BIVA T T P2 1) P P T T B e K [10]. A SCAE FH R 1B 511 e1071 F2 7 57 SVM AL,
Wy WREARE SIS PHERNES, o 2FETZFHN—AHE, WHEAKEG):

;
b
)/za) X+ (6)
[
BE— 2515 3] J LA 18] B A 20(7) -
y, = yy = Jmn )
]
H bR Ry max y, .
25 BEES
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3.1. BEAZRMKIRRLE R

3.1.1. e RIFLER

BE AL AR PRAS I 1) F A S H50008 57 1 — ANKHR ZE I T A ik [ 111 o A SCR AR I SRAERE A 2 e B AL 4th HX
TO%FEAH BN R4, TIRFEARE MR . A SCRHBENLARAA M4/ % 2 O0B Al ROC 2k~ 1R
AUC TE NS BENLAR AR RS L (240, % 1 R 2 40 12 BE AL AR AR AL R 5o SR 1 Y1 2R i i 42
FRVRL I P AN AS A 26, IR LA Iy 11 2 ) 3 s SR G 30

Table 1. Performance parameters of random forest training on non-oversampled training set

= 1 BN AR IR RAFN GRS ]

PSS
FLSHMENTME I I BB
| 123 7 0.385
I 70 130 0.35
OOB error - - 36.75%

Table 2. Performance parameters of random forest training on non-oversampled test set
7= 2. FENLARMOGEE RAENN LAY RE B 3

WA
FLSHENTME I I BB
| 373 230 0.381
] 31 48 0.392
OOB error - - 38.65%

AT R ik KA ) U1 R S A A 1 TIOIRG BE AN AR (2 1 Fe 2). YIRERIRAME HIZR 36.75%,
B TR AS 2 2 38.50%, Mo TRIIAE 2% 350%, 4R R J9TRilEs /NS E SN B LI atge
HHAS AN H) % 38.65%, I 1 T 4 7 % 38.1%, M T TR AL 1% % 39.2%, R B (TPR) I 57 (TNR)
55 58 61.9%F1 60.8%.

ROC HiZk[12] 1 & 1 4 FAERUAEATAT H G 82 2 ) 0 A 0L N I RE . R SR A ROC i 2 vl S48
ORI, ORI BT REEAT PR . ROC DMBIEZRZ MM, LA IESR A NN, 43 R e bR fi 2
R IO EE 152 P T8 R 52 o 1 288 H e 000 E A P B o AR SOK R 1 L SONIESS, BRI e SOM £ 28k
179, ROC HiZE FHiA AUC, HAERAT 0.0 ] 1.0 Z (MMM, 454 ROC HhZEHIEA N LLE W
€ B IPET T B () 474K, AUC = 0.5 ARER /- R2F AL TRENUAS I, A TANE, AUC =1 NARE—
AN TEK I RAR[12].

JERERAEAR R AUC By 0.671 (K 1), Z55RIFAIAE . @Rkl , BT 5 SR A E A AR 3
FEAREARAERCE BAIRRIERE, ASPEERE AR B T 0 i 28 A AR

DOI: 10.12677/biphy.2020.83003 33 AW


https://doi.org/10.12677/biphy.2020.83003

RS 5

BEMLAR AR FVEROCH 28
© mmmmmm———T— Vw0V ]
©
e I B
2 ©
= o [T 4 [T
g < | Auc.0671 |
$ o
I | ——
o
O o ]
© T T T
1.0 0.5 0.0
Specificity

Figure 1. Roc curve of random forest algorithm (non oversampling)
B 1. JEd RAERTREH AR E X ROC fhzk

3.1.2. TRBELER

X I SIS U SR AR BEAT BOR AR AR B3], A 5 INZRAE h A IR A BO ], e BE LR RS TR o
YIGRERHEAT U, 15 BRI AL WL 3:

Table 3. Training set confusion matrix

3. NGERERER

O L TIES [ I R
| 708 14 0.0194

1 33 689 0.0457

OOB error - - 3.25%

W REERE AR AT, WAMERE R 3.25%, /N TIEt BRI Z4E FIAS AN 1 % 36.75%, 1
SEREAEAS T v Af 3R 1A 51 96.75% .
SRR EEBEAT T, 45 BIVRIEHLRE W4 4.

Table 4. Test set confusion matrix

F 4. MAERRIERERE

O IES [ I R
| 79 2 0.0247

1 3 25 0.107

OOB error - - 6.6%

I LR A AR R o 3 SR I R ) TV 5l 93.4%, R BHE (TPR) A 7 (TNR) 4 1A 97.5%
H189.3%, 341 T AR KA MR AL 1 25

BRI RAERE AN ZRAF B AUC 1E 4 0.934 WK 2, KT AR REEAF2IH AUC {5 0.671. IR
AT SR AR B 1 JE P R B RS A
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Figure 2. Roc curve of random forest algorithm (oversampling)
B 2. I RAERREHARREE ROC HiZk
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AR K-3T48 SZERIENU AR T 5 R 5 o RN R T k. W3 5, 4
SR RAEREAR, XHREmENIAIBENL RN AERE S E T k-4, £ SRR, BENL AR
FIVERR S B B T A PR A . 22 &L BAEM, R BEFENLARMAR AR S TR AR A ,

Table 5. AUC values of the three models
5. =fiRE AUC &

KA E\AUC 18 k-1 4] SVM FEALARAR
ESUPS 0.598 0.678 0.671
IR 0.781 0.782 0.934
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FIF, DABRARIZ AR 2. R4 IR A8 X AEHERR R I ME . A i E A PIBEN AR R+
N ISAE I HERR N 96.71%.
4. EYNEREEESh

FH T R 00 4 v B S DRLVE R R R0, DAAS St FH AR 2 IR 30 B dis Tl o3 3R A2 5 7 SR . N Ttk —
A U0 AIE BB AL AR MR TR S JR e A v 5 DR 2R A B0 1) 20 BA T o] 47 1k, AS SO NRFE (R R BEAT T B 42
AT, AR DA () A 27 3 g o L mT AT PR AT

4.1 HIETALE

A N BEHLARPRASE AL (1 208 2 0.5 1000 MFEDE] o BEHLARARARL A1 1) importance 24§ n) A4S 2% A\ AL &
EEVEMEAERE, %18 Mean Decrease Accuracy X3 K [ e, $RECHEF A 200 FIFE A,
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Figure 3. Enrichment analysis results
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P BEALAR PRAS B 15 21 (1) 200 ANJE KISR0 AR Vi@ % S e A OGP i o FHLRATT AT AA R &6 i
R ST FH ) ke DR 3 5 A5 P TR RS R AT 20 S F00 2 T AT 1
S

TEWSCATREZ B, FRAT 120 BT I H 148 528 I —— ok [l el @) 8082, 00 19 56 B 29 AN T i PR i O Fi
SHBOKW. BElE T A R JHRIRAT e T E SR, s MR
Frinf IR E, 4 S I NE S @I BRE AU AR i — AN e, M iEsks:, —2
AT AE RERER 2 FAT], ERATZ 2 HEVR . B a B I H ARk 53 4T], AR &, S0 1
R 5B N TEARMT A2 TRAET H R 1 0 B2 A

DOI: 10.12677/biphy.2020.83003 36 AW


https://doi.org/10.12677/biphy.2020.83003

RS 5

mBE#HE

ST A e B AR R 2 R AR I T 2RI T H (1923A13) 42 A 55 B

SE

(1]
(2]
(3]
(4]
(5]

(6]

(7]
(8]

(9]

[10]
[11]
[12]
[13]

[14]
[15]

[16]

[17]

BE R, 5. AAFLRE TNM 2 R 55 6 iR) []. 2WomBi 2426 &, 2008, 15(3): 161-164.
RASR, BEFR, F4. BURIZE - REIEIM] 200, RE 98 dbal B RE IR, 2013.
BRI R B & HRis i 5k S A M) dbat: B Tk AR A, 2016.

HER, RIM, KET, WIS, BHLAMAK TR RS5ER[]. 4t 514E Bitlz, 2012, 26(3): 32-38.

XUERE, TR, TR, Wi, LM, TRAAR, B AP RN EEE R TR SR[N]. ERHE TR
(AR FL2), 2019, 33(7): 102-112.

Breiman, L. (1996) Bagging Predictors. Machine Learning, 24, 123-140.
https://doi.org/10.1007/BF00058655

Liaw, A. and Winener, M. (2002) Classification and Regression by RandomForest. R News, 2, 18-22.

Andy, L. and Matthew, W. Classification and Regression by random Forest.
https://cran.r-project.org/doc/Rnews/Rnews 2002-3.pdf

At R B S M8 ST SE R M M. b5t BB ML R, 2017: 64-95.

2. Gt J5VAIMY. dEEE RS R AL, 2012:95-123.

L. FLAsS A MRS R A ). {5 Eif1E, 2019(7): 18-21.

. FET AUC K73 S8R BE Al 1) AT 5T [D]: [ L2260 30]. &k H AR OR2E, 2016,

E?ESES,S%%H%H. HE T H SRR SR WS (14 B L A% PR SRV T 7L IR P g 0 2 e B A AT (9], IR TH R, 2019(34):
-35+58.

EE. FET GO HIFEF Thae LB i R IE BT [D]: [ 260 ], sl RO, 2012.

AL, FUARE R R R P E AR AR ARG IR E IRk &, 2014, 22(5): 293-296.

https://doi.org/10.3760/cma.j.issn.1674-635X.2014.05.008

P4, FORFI, BE kL. pS3 Fe DR M L Fr kR [I]. BRI SRR (AR BLEAR), 2008, 25(5): 474-478.

https://doi.org/10.3969/j.issn.1672-058X.2008.05.009

SRAE, T4, EAYLEMF A M]. dbET: JERTH R, 1999.

DOI: 10.12677/biphy.2020.83003 37 AW


https://doi.org/10.12677/biphy.2020.83003
https://doi.org/10.1007/BF00058655
https://cran.r-project.org/doc/Rnews/Rnews_2002-3.pdf
https://doi.org/10.3760/cma.j.issn.1674-635X.2014.05.008
https://doi.org/10.3969/j.issn.1672-058X.2008.05.009

	Prediction of Breast Cancer Stage Based on Gene Expression Data
	Abstract
	Keywords
	基于基因表达数据的乳腺癌分期预测
	摘  要
	关键词
	1. 引言
	2. 材料与方法
	2.1. 数据材料
	2.2. 数据预处理
	2.2.1. 数据清洗
	2.2.2. 构造Cohen’s d统计量

	2.3. 构建训练集和测试集
	2.3.1. 非过采样
	2.3.2. 过采样

	2.4. 预测模型
	2.4.1. 随机森林模型
	2.4.2. k-近邻模型
	2.4.3. 支持向量机模型

	2.5. 富集分析

	3. 结果
	3.1. 随机森林模型结果
	3.1.1. 非过采样结果
	3.1.2. 过采样结果

	3.2. 三种模型结果的比较
	3.3. 结果验证

	4. 生物通路与富集分析
	4.1. 数据预处理
	4.2. 富集分析
	4.3. 生物通路的注释分析

	致  谢
	项目资金
	参考文献

