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Abstract: [ Purpose | To explore the possible pathogenic genes and their biological significance in
breast cancer. [Methods ] Based on the standard public Breast-2(79) database,an integrated deci-
sion information factor(DIF) approach was proposed to select candidate pathogenic genes for iden-
tification of breast cancer. Firstly,based on the R language,the original gene data were analyzed
by a weighted co-expression network analysis to select some important gene modules. Secondly, the
pathway enrichment analysis was performed on these important gene modules using DAVID soft-
ware to verify whether the genes were statistically significant. Thirdly,two candidate pathogenic
genes were selected from the gene modules via the DIF. Finally,an inverse space sparse represen-
tation based classification was introduced to fulfill the breast tumor classification. [ Results | Three
gene modules were obtained by the weighted gene co-expression network ,and two of them had sta-
tistically significant by pathway enrichment analysis. Two candidate pathogenic genes were select-
ed by the integrated DIF gene selection method. Experiments showed that the classification accu-
racy reached 71.07% ,which was higher than that of signal noise ratio (SNR,13.93%),receiver op-
erating characteristic curve (ROC,11.19%),or the ratio of between-groups to within-groups sum of
squares(BW , 8.57%) ,respectively. [ Conclusion ] The two candidate genes selected by the integrated
DIF gene selection method can be effectively used for identification of breast cancer.

Key words:breast cancer;microarray gene expression data;weighted gene co-expression network ;
decision information factor;inverse space sparse representation

LRI "™ T M L R B O R T JLARSR B SRR R R, REAS W] ) i R T IR A Gk
YA 87:2019-01-21 5 1 B 1:2019-03-10 K IFBUIAN AR RS Z IR A B 224, O
BE1EE , B E 3E, E-mail :1y{890@sina.com AR R R AL T M, RS W

4’ ® 17@ 2019 jf‘ g 28 )& % 7 8  China Cancer,2019,Vol.28 No.7 % %




S T HZ — 78 NI KPR ZL IR Y
FRR AL, BRI 21 B DR Sk Hdke v 4k B BUi Sk
,IE I3 AT FL AR W2 B S Xk B i b e ) e A it
ARKAEBY . SRTAT, f B ) i PR Tk B4 HA /MR A
(B (R dERE CBCT B F & TOAR B RE L T
SE e B AR GROR . R, A 7E G 41 R PN 2R
IRBCE v s B R T R R R 4E B R 08
HE,
VE R /INREAS ) LY e T ke, BRI B8 B 7 2
R AN AH G A TU AR L RO AR D B i 5 SRR W
FR R e 6 07 VA AT i DRI (B SR I M A A, i
UEETEPE 0 B A W TR A R AR i AR
TP S B S R AR 2% . Wixted 552 T 52
WH TAERFEMZE (receiver operating characteristic
curve,ROC) FI14 FEIF (area under ROC curve,
AUC) , $& YT — Bl A -1 ik PR BSHis 4R 10 22 e 38 ik
PRHEFRIATE D ROC BAR 21 I B B& 22 il 4K
e R IE RN JE MR R, WA % 8B IR R L
FARER 2R MRS R, HHERERZL TR
K TR e 15 7 1k 48 B A 75 18 3] [R] — e g 1 E0
HE DT 1) T K A OC ., D SR 2k 23 AT (decision
curve analysis, DCA )" J23 15 5z KAk A (411G IR 14
W4 (net benefit, NB) K IV-Aki i 97 75 & 19— Fh J5 %
H BB EFEAE R D2 RBR IR IT % A
i, DCA BA — 5 B EWE, AT KT ROC X 1
1 AUC IRFE AL dE b o 3 T I, Yang 5O F 2 T
— BT DCA W geit b ebr, RGBT
(decision information factor,DIF), £ F B4~ F[H
PEHE . RN, X TR 41 B DR R A Bl , Tt R
ALY DIF (A
73 28 A% B BT R R R IR U BCR 9 55—~
BLRER T BT 51 B PR 2R R B 43 25 T A Bl
BLARARDT Fofr 25 0 28 (8100 S A [t AL 46F  X 2607 1%
RZ RIETHGI BRI RN, Wi TRAIZE
FEATRE T A U7 AR Ok TR B Pl 25 IO 2% 1) K e
TE B U A AG AR v i 1 0 DL s, 23k
JFH T F000 98 RE P24 O ORI R R 5 IO £ AR L AT
Z R A A U RO RN G B Ak
INEEAATY S 207 5 0 S R A R ME A B R 2 — o
FR BT 1o 58 A MR R RS BOAR TR
#4128 (sparse representation based classifica-

558

tion , SRC) ¢ TR A5 5 1 I8 T8 A 0]
SR, SRC 1Y S T 1 — 26 A7 2 0% 2 (1 Il i
A, BRIE,SRC KM T7 vk © 8o 4k
G R IR E A 1 988 4325 . Zheng 45 "L T SRC
Xof e IV A g S PR 3Rk BRI AT 40 2 AR, LU
RCRATY SR 32 BR T4 552 B v i AR A5 T T I 40 26 19
AR BARIIZRAEA . BE T, Yang 55 P2 T/
FEAS (R R 1 20 5k PR R AR BRI B 1 T — o S 485 o
RS I FH T g 2 B0 8L FH 7 A 7 1 S 36
THREEMWRA RN, 8 Yang 55O SR X RS
BE DR 2 T B (R T R A A, X BB R s R E
1T T et M T —Fh I 25 8] i 5 46 7R (inverse space
sparse representation, ISSR) LR - b g 1551

T PLE T AR AR SCH I T —Ff 42 iU DIF 2%
PR FET5 1%, 1207 1 1 Sadad st iy B [ 2L 32 ik )
%  (weighted gene co-expression network analysis,
WGCNA ) ¥ 3 1K 5C 1 5 P 3R i At Rk i e SR s
AR A Ik B R Ge i s S R D R
HETIE A DIF A rb e 5 H AT 103 A Y ok 2k S0
IR, H T A Gl 51 i A 3 3k Bl o326 07 vk
B BIL AR AR 7, o 25 00 265 SR SR ] AL AR T
AL S HOF T RE = A 1 U5 7 5 TR B b 28 10 2% 5 L
KA YIZRAEAS , H M4 P A eV 2 S50 Bl Y
Iy REAR KRR B EIGR TSy, 7R Stk
A B IAR Y 53 B BOR I AT HE S SRC &y BEHOME T 58
AR INZRAEAS | Ho 5 200 2 & Ae ISR A R A5 2,
T T S A3 52 1 2 25 () i 8 3 7 2 B DI R A AR 152
FIMLREAZS (8], e T I ZRREA A R A9 1) H. 58
SHZHE T S MR AR TP RO(E R e 2k
W Bt , 38 5 B s 1) i i s A2 9647 R 232

1 #ABETE

1.1 RS EERIEE R

PUIN T AR5 e 2 15 & A S AR A 0 2 HLA 52
PR S, T TN AR TR IR 2 A R A e RS B B
JF Breast-2 #ATIR A 74T .

Breast-2 J&£2k H 117 HI4E5 B #5125 000 4> 2
PR 4 it 2 P L M e i 2 L 7 SR 16 ] v, e 4
179 11 55 % LA BB 5 M i L 4 [ 4 L AR i e
[y S8 BEAT RN v 34 I B AE S AR N R A TR

% @ A7 2019 % % 28 A% 78  China Cancer,2019,Vol.28 No.7



7,45 BB fE—BEf R (2 5 4R ) N o . BT
B R R /N<Sem, R T IR SRS )5 i 7E 5 4
W R AR BB NI REA, TER D 5 1
S} 1) i 45 I ) S8 3 BB Ry IE  REAR
1.2 #F &
1.2.1 A T B 2k & ik M 2% 69 K R B 3

JAS s PRI A 3 5K 0 2% 3 At (WGCNA) A& — Fh )™
NS AW F RN R Y F Rk x
GA A T v T A 1 BE AR RNA(mRNA) R B8 A
B, w7z H TEPRAEYEESS, JFH
WGCNA 7£ R(— MR st RS mBIE S )ih
RS0, 2 R AR, it i L e ) 0
PR 5 35 I i) A S, T WGCNA 472 R 2,
T A5 2] 22 35 A RL A 356 PR A B

AR AR e SR m = (X Xy..eX,,)
5Hn=(yp Yy ¥, JZ IR E AL

NYxy, -2Xx2y

INEx? -5 YNy -0
Hob N RFEH m,n BIZERC, AT SRR XA 56 28
11 Ay T 28 2R DR e Sk e A S =S, 1.

AR A, 38 S FE DR 2 [R) A G R Y
{H (R=0.85 ) ¥ J 5 XoF 0] 43 A A DG FIAS A OC 2 fe B 42
2042 PRE, X R fs B IR, 91 ks [
JE N 0.85, BIME 2 AHOC R R 0.845 11 B PR X s
BRI R AR, P, WGCNA 532 v
LR R R LS B, = power (S,,,.. ) =|S,,,|”
A Ay 4 42 o B30 A B R TR 22 TR R S 56 R

a0 ey A EA -, dEa E R B AR AR
WS =[S, Vit e nl, T 4B e A =la,,, ], 8% EAT
IR BR Tk 4 S A LA A ) H A i A S PR 2 []
YOG ZR , SR R 0k 7 e iR N RE P QL = [, ],

L. +a,
wmn = 0
min{k, ,k }+1-a,,

Hpl,, =% ,a,,0,FRIEH m,n #55H w &0
AR RETRBUN, K, =X, 0, R HE D m 200 3%
RSP RO Y Lk, = 2,0, 7% 7 FE R B
AR AR AR RECR , M m 5 n ZIRNAEAEIE
$2, HLICATAn] JHAth ) 35 PR R G R 1 356 PR 0 328 42 1 I
L Fo,, =0,

RESATE AR AL, & L ST R

S = |cor(m, n)| =

4’ ® ’@ 2019 jf‘ % 28 )& % 7 8  China Cancer,2019,Vol.28 No.7

A,y = 1= @, LIRS R B0, M0 10 24 K S ) Sl LA
S PR 22 18] 14 R S 2R AR T U A PR A A 0 2 R 2R
P SRR AT 5 2 BT LA A0 2l 25 0 DR T Ao g A B
TR S 2, #AS 0Y UIR R 0E o S T8 5E Y e
JERERE A 23 52,1207 W PO R A ) Y B AN T L T 8
SRV FE T RORE 820 SO0 AR, AT 42 4 15 21 i
AP UIJCREAGHIN 21 Y 3 PSR | B e 202, FH B A5
DVAE S SR M 25 5 LATE ) AR ) SE g 2 2R H AR
—&, Ik, A SCR S S UV RIE AT R UCRE

X R R HY WGCNA A4 2k %t J5t ik 7Y
Dol o 370 2 DR 3 TR 0 A7 J 2 R AT B SRR A R B
122 g &4

T RE 1.2.1 /N WGCNA 75 1 14 5 P AL B
TEAY)E RSB BASHEE L, THRMEED
Br A28 B 0 E VK N AT ST K 5 KEGG
(the Kyoto Encyclopedia of Genes and Genomes)Path-
way & B0 B EME T B iRe, 2T
AP R A B A R 25 D ST R SR AT 0 TR B
AT SE R DI REBAROCAR ., B 3 % 3 7 4 9 1Y
AW et B X B TR 2 2r B T H DAVID
(Database for Annotation, Visualization,and Integrated
Discover)https : //david.nciferf.gov/ X} H & 1 5 PR A5 e
# 47 KEGG Pathway & %70 #r, 78 W & MK F P<
0.05 "I ryE A BA Y25t B ez, ik
Yrgeit i X,
1.2.3 AT DIF #9 3k B it 5

A 2 DTS PR 3 A R 2% A A 0 A 2
A RAT GE i T SO SE RSB 7 B B Py S
PR B R, BA BOR AR M, P, o T
PE— P EBRITUR LN, N DR TR R — A BE R R
HA R B — > HAT AR R A s BOW £ 1A

HTARAT X T e/ B i R 1R 12 R 1 B A
3 FELE T FRATT A BA 3 AR, SR DIF BEA7 5 i
BURFE I %

R B I (L ABE R AR AT SO R X |] [P, Py v AR A
AR IR Dy D, Fil Dy 1 58 SURE AR bR IE 4'?;
ANVAIT T XS RET MR Dy, Fe iR YT 7 8% B
NB A R AR S ABLHL A J PRXT 7 il £ Dg,,\
Hh il 2k v R R NB T X B B9 Bl E SR JE TR DIF
b5,

£

*




MW=mu[Elffxf”}
r<p<p\ n n l-p

p={x|(x,y)=D ND,},

(1)
P, =max({x, | (x;,,)=D, N Ds}),
. _P_n—P P
HDIF e[0,1],D,:NB=0, P2 M= - T

n AEREA BB, P o LSRR I B

FER— A Geit 2 R FE B e b omT 5 2o
()R 1 DIF R, 35 B F /N il I
HEATHED | e e PR A 5 K ) R R R iR e i 44
FAEBEBOR LN, AR DIF A4 JEE ] LA | b g
PRIUE T BRI BE PR A TUARAR B i R R UE T Birik
F14) 5 DR - i PR XoF R0 38 5 i e R A BOR SR 1A
124 A TREHHHEERTERGMIE S E

PRI Sy Tk W2 47 e DR 9 38 Bt B A /INVREAS | R
AR U GRAE AR B A BRIl Zhpt:
AR B BB 2R A AR A PE BE S BRI, B BN
20 b 2 1 0 2R AR TE S B 1 H HR AR X 2 B Bk
W, PRt 3 LR TR A% 52 s i 6 s B (ISSR) €58
B 532

B Y JEMNAAEA A5 [] X, € X, i=1000ee s 45
FEAS, A RN ERE B DGR &, B Y TR,

k
x,=a,n+L +o,y,+L +a,,y, = ZauJ’l =Yg, 2)
=1

He, z[ai,l’L ai,l’L ’ai,k]T%&?&gj%%i_\‘ A # R &R
B, 75 s B G 5 B R 3R R B s A7 A B S A R

ik, g 1 29 30T LA A R AR5 R IR A5
i i 27~ (ISSR) o
minf, - Y |+ 2a )

Horp N RIS, 0 2 o YRR R B8

SR 5 A8 5% 3 7 AH DG L 9 28001 5 ik SR A R 43
FEHEN]
:1 5j({’}/i,l|}i:1 ...... )
H S; iz%ﬂﬂﬂ%,l‘}i:lmmn “4)

/ﬂ\: Efjé‘j({lyi,/
it 7o R 5, R B s, R
JRMREASL, B SR TR T R AR 2 1 I
GAEARF B AR B, 2 j=1,2.c,0=1,2.k
S0 LA T TSR A 43 % O A 2K 1 26 31 5t

560

BRAHE I C i 25 TRk A, Al LA e s A P R
ARRNEE— AR SN SR TTmR AR, A S
# o BJE ALy 2B G BRI TR SR T D 2

m, B je(l._g__._c) ( J,,) )

2.1 SNASES B $h SR 0A P 45 43 47 F K SR AR BRAR 51
ARG N 5 AR 7 ML FE (the ratio of
between-groups to within-groups sum of squares, BW)""®
Ik, TEIELR AT 5000 ASFE A HRIEE 200 4FE A, 2R
JE MR A WGCNA BEAT ISR R R e iy IR 51, I Jk
FAELL 53 #71 T. 2 OmicShare (http ;//www.omic share.
com/) 2zl HE F Rk W 2% K], [#] 1a(Figure 1a) AL A L
FIRBHGR (BB bR IE N AR BB ) ; 15 1b
(Figure 1b) A % [HJZ YR ISR AL BB b A 47 50
— IR BRI — AR TR P R B 2
SN FoR B RB AR ALE] & . K 2(Figure 2) 0
SEP LRI MGG I, AT LA s ik [R5 ik PR 22 Ji) A 3

Cluster Dendrogram

Note:a:Gene co-expression module recognition;b:Gene hierar-
chical clustering.

Figure 1 Hierarchical clustering based on WGCNA
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Figure 2 Gene co-expression network map
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Figure 4 Partial classification results of 10-fold cross-
validation (Dark blue represents normal and yellow
represents tumor ,black words indicate classification

results,red circles indicate classification errors)
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Note :a:original gene heat map;b:BW primary 200 gene heat map;c:integrated DIF selection 2 gene heat map.

Figure 3 Heatmap analysis of gene selection
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