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Gene expression data classification based on FCBF feature selection and
ensemble optimized learning method

Ma Chao
(College of Digital Media, Shenzhen Institute of Information Technology, Shenzhen Guangdong 518172, China)

Abstract: In order to solve the problems of microarray gene expression data with the characteristic of high dimension and small
sample, high redundancy and a lot of noise, this article proposed a novel model FICS-EKELM, which was build based on the
combination FCBF feature selection and ensemble optimized method, for gene expression data classification. In the proposed
method, Fast Correlation-based Filter method(FCBF) firstly used to eliminate the irrelevant features and noise, and chose the
discriminate feature subsets. Secondly, bootstrap technology produced many sample training subsets, by means of these subsets,
the improved crow search algorithm(ICS) used to select optimal feature subsets and parameters for kernel extreme learning
machine(KELM) synchronously. And then, ensemble classifiers were constructed for target gene data classification, which based
on the basic classifiers. Moreover, the model implemented in parallel on multi-core processor, which used OpenMP to speed up
the search and optimization process. Experiment on six public famous gene datasets, the proposed method not only achieves a
higher classification performance with less characteristic genes, but also greatly improves the classification accuracy. It proves
the effective and validity of the proposed method.

Key words: feature selection; ensemble learning; microarray gene expression data; crow search algorithm; kernel extreme
learning machine
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BARHIMEREDS. FET BRI, AT R ERAE, 153
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1.1 FCBF & k(fast correlation-based filter)
TP e BE R L e Bk FCBFULE —F st AU i) J3 & 2%
UG TE BRIk, X AR I AH 2 FE 2ok A = 3 AN FRAE AR
Ktk HIEZ O B AR KX A 1 € 1 (Symmetrical
uncertainty, SUME N S ARE, U158 —ANRFE -5 3800 2 T8 AN
EMRRE R, H5HE CIERHIE 2 [ As e R E, WK
TZRHIEFR I N B BRI
FCBF Sy fai sk an R
EEIEEE (s 1), i=1, .., N, P xi=[xa, xo, ..., xa]"ER, 4=
[tits ts -..r tim]"ER™, FEARIEHA Y=(y1, y2,..-yn)-
Stepl: WUtk THIS;  /*T NFHEFEES, S ARIETHEY
Step2: % FRA €T, HHHAFESRAN SU M, B SUG.Y), HitH
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Step3:i&th T 1 SU, Yy>r FIFHE, 1RAE SU HFEFHEFF IFAEN S

Stepd: )\ S HUIESFE—ARHE 6, ¥ aFEN SES T, FEN S AL 4

Step5:it 5 6 5 o PIXTFRAH & M SU M SU(, 1), 5B o T REFE,
Wik SU®, 1> SU(,Y), T S b4 45

Step6:Repeat Step4 1 Step5 until S 754

Step7:4i th 13 B K RHIET-4E S.

1.2 #%iRPRE S HL(KELM)
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KELM % tH AL R T A R R
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PHtt, KELM fii th o6 $ i ik 208 :
() =hB=hCOHT (VL +HHT)?T 4)

2 [ JZE WSS B h (o) AT RN, A% bR B BE T A A R
Qe =HHT 1 Qs =h(x)-h(x;) = K(x;,X;) (5)
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2 MBI EREL ICS(improved crow search
algorithm)
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31 FHIIETE

ORI B R AR I Z RE M, TINIEFE AR B AR, JE
1 boostrap ¥ 77 ik IR AGHUE - BEALAMEURE A, FRiEAT PCA
B, FEERREARSE . MR IR B EREA N X, KRN Y,
BRI FREASON b PEEINGHEARER AR
TR

Input: Original datasets X
Output: sub_datasets(71, 72, ..., Tk)
Begin
Fori=1tok
[sub X, sub Y] =randomsub (X);
trainX_subnew = bootstrapal(sub_X, sub_Y); /*#E4THlikE*/
Coeff = peasky(trainX_subnew); /*#£47 PCA #4#/5 Hi B BE A/
R_coeff = sort (Coeff); /AT HERR*/
New_sub (i) = trainX_subnew* R_coeff;
End For
End
Return: Final sub datasets (71, 72, ..., Tk)
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SCHR[22] 9 B R e X TR R o T, EAR BT
DFRNE LM FEE SR R B IR W HAFE 2 1, BIA
AR 71 77 KA R BAT S aR VR, DRI 22
PR RBRE—ANEE WG, 5 SVM —#, KELM ZHET
FF C AL TR y FIREMECR, HREARY, 2B
R 7, My sET KELM A8 72 e vh SR Rl 4y 2R 2%, WIE R LA R
PN SR S2 B (1)ifid boostrap SRFEFN PCA RRiF % #um] 15
FIARF B, 1354 KELM 5815 B4 [1] (1 i A AF
A, PRAEEA F R IIZR 800 5 Eilgk KELM B34 (2)%2m
KELM 73 25V E 0 B ESHUIE TR T C AL y, MDA
B, RHICS BuEHHTHAL, RefS BRI 2 K888, A Or
TEHHE 2 REVE RN 2 208 22 S 1k

AR SCHL Sy HEE ICS-KELM [{#Z.0 AR R R ICA BE
AL R BEAT R AR F SRR B S 5L, T3 2 et 3 4
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a)FPEERI AL, B T AN A 22N REAE S M B AU
PARIESTR T C AL TS y WA IESEM . FiTEAN «
=(1,0,..., L1,C,p), Hrh 1 RIEFIHRHE, 0 AAREPHRE;

b)Fl| F 146 A AN s A 15 T 45 21 (1 2 0E I 57 2 B AT
KELM Il %k, tF AR ANAIRE B FEAE , & B THR A XN

N — | Subset |

N

Forbr acei Fom 8 i ANMREI I BHRERE, N NRHE S HL, |Subset|
FoRIE I R ARRRAE AR IVRRIESL, o DNVR TS o SHE FERIRRAE
THEREPIH I FIALE, 0<a<l, A3 a BUH K 0.8, Fitness
F 7R K #7738 XISIF(K-fold Cross Validation, K-fold CV)F#1{H .

o) B INIEARIREL;

) HR BRI AL B ACAZE, LR AR RS N A,
TS LA R T EU A, A e D L A A BT od B 5
fa:

o) F b — 2545 B 109 A 1 B0 AT il 15 i 49 21 10 2 e
KELM EllZR, FFiR#EARA4)THE ISR EAE:

Fitness =« -acc, + (1— ) -
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K
T (X) =argmax > Sunrucxy.y (15)
k=1
0,i=] . = o
He o, —{1 iz YE {-1, 1} 2R Khn s, A

2 (15) TR K 93 8% Thix) RFGE RA B
34 HTIREGE
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FE, BB S 5 EA R,

b)OpenMP “F 5. %2 N RIIE SE AT B [F)25,
BT FIERE RGHFE R, FAROAL R R, f
SHRAE R GUHR ALV b B AN S

) Z A . FNIE 1% Ei#EId OpenMP # R4 TR

HATHRLM FICS-EKELM B RS an F :

initialize model parameters
train KELM;
calculate the fitness; /*fitness i W & {1 */
while t<max_iteration /* max_iteration i Ki%kfCIkEY/
for each solution
update position;
update memory;
train KELM;
calculate the fitness;
calculate fitness best;
calculate memory_best;
end for;
calculate fitness_global;
calculate memory_global;
=t+1;
end while
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41 SEIRE

N T VAR AT 00 v A B 1) ik DR Rk s A e, 7y
3% HY Breast Cancer, CNS. Leukemia. Lung Cancer. Lymphoma
LB Prostate N AIE e R . &L IEHE LK EE
R 1 fizs.

]

(a]ay

®1 ERHHEGER

Ko R R FEA R e
Breast Cancer 24481 97 2
CNS 7129 60 2
Leukemia 7129 72 2
Lung Cancer 7129 96 2
Lymphoma 4026 62 3
Prostate 12600 102 2

X HSEIGTE Windows 7 #E1E R4 k4T, Intel Core(TM) i5
RhFESE, 45 3.2 GHz, NAF 4GB, 1E MATLAB 2014b 335~
YnFEsLEl. ELM Fl KELM X | MATLAB T Hf§. ICS-KELM

HENSHAINER 2 PR .
# 2 ICS-KELM 5 S8k 8
ICS 554 iy
it A e 30
BRRIEAIREL 80
AT A 2
IRENF AP 0.1

Ak, ICS-EKELM f B Ste 45 5 ELM. KELM, SVM
PA K BPNN % 53047 T W, SRAKFEHSHRENT: A
TAFHE, KELM 5 SVM A SH EME, ¥HRHEMN
ISR, A C My M RIEHEDy Ce 271, 21 iy
e {21,211, ELM F1 BPNN J7yZ ({1 F2)Z 35 s AN HiUE
1345, ELM Al BPNN &2 37 5 8075 58 18 Al 21 4,

4.2 FTWEERTHE

T IRAESE VAR A R, S e E N H AR R
b, SR 5V DU RN i, B4 JJE T ReliefF . mRMR
1G . CFS FHIEEFE 71510 73 R 45 RAEAT X Lo by, nsk 3 Fios
R 3 BTGB HUET 2 DL RARAE T . N Sgn g R
ALLE M, FEIX AR, S R VIR T R R 43 S
i, MHET ReliefF. mRMR. IG. CFS $3iEk A5 045
1153 25285 Fe ) BARF A T772:, 451 W LA Breast Cancer £(4E 4 41,
ARIF R FAEEEIE R T 92.98%, T H e U 73240 5 K
B3] 7 88.42%.85.57%- 83.51%F1 81.92%[11 T34 73 K UEHT R,
B BB T R AR BRI R 2R S, e AR e
LRI 6 o HUERf % . EAh,  MBRET7 ZE 48 AT WA T i1 7
ZEAERUN, WAF T %07 B RIFHRRE .

N T FANE B TR O VAR PR R, RAGHT
FARIE P FRAE /S B S TR R AEAN B Hoh, AT
HEFT IR B AR EAN Bl /b, FCS F ReliefF k2, XEH T AN
248l FCBF §if it 5 K &AM SR IE AN SRR S SR A
ICS R —BRAKHEFRIESE, HRGRE T IR RS
RARRALE -

3 LRMEES RRE EELLEL

. Fisher
By AL ReliefF mRMR FCS
Score

Breast 92.98 88.42 85.57 83.51 81.92
Cancer +0.21 +0.30 +0.34 +0.42 +0.33
91.87 90.13 84.34 88.39 80.96

CNS

+0.27 +0.44 +0.42 +0.44 +0.73

99.71 94.58 93.92 98.52 94.83

Leukemia

+0.18 +0.33 +0.38 +0.25 +0.45

90.79 85.67 86.91 67.67 78.16

Lung Cancer

+0.25 +0.31 +0.29 +0.54 +0.38

95.26 90.13 85.21 82.67

Lymphoma  100.00

+0.46 +0.35 +0.39 +0.44

97.43 92.98 86.27 87.95 84.31

Prostate
+0.31 +0.39 +0.47 +0.36 +0.30
F4  LBNIEE PR RE A H AL
EreE S AR T5 ReliefF IG mRMR FCS

Breast Cancer 8 28 30 28 21
CNS 9 45 32 32 29
Leukemia 4 30 34 32 33
Lung Cancer 9 31 45 44 32
Lymphoma 7 31 28 35 31
Prostate 5 26 30 34 25

N T ARG S KT VE I ERE, R S A T AT ST
JUH 2> 254 SVM . ELM . BPNN H1 NB 75 i 3HT 1 Lh# .
MGG TR, A SCOTVEAE 4y Feik e L2 B T H e DU
ik, XA T AR RAERAT R 1ICS B AT R R B 0 ]



ECEE) I . AT FCBF it A MR FE AR EA XIS L H &
B AL T B4, TR A 4 A 2 A st e v il B — 4 Leukemia 134.653  336.528 99.71 99.52
KRGS WA I MBI, FE— 5w T KU Lung Cancer ~ 132.879  327.434 90.79 95.45
F5 IR AE S A TTE S A R Lymphoma 85.696 212.177 100.00 100.00

B AXTFE  SVM ELM BPNN  Naive Bayes Prostate 178.320  296.595 97.43 97.47
Breast Cancer 92.98 88.62 87.83 86.60 91.75 350

CNS 91.87 9233 90.05 89.39 90.00 - ¢ e - -
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