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Abstract: To address the problems that the optimal feature subset of high-dimensional gene datasets is not easy to be determined and
the traditional Bayesian optimization algorithm is prone to falling into local optimum, which cannot quickly select the optimal pa-
rameters, in this paper, we propose a gene selection method based on the Stacking integration and partial exploration Bayesian opti-
mization. Firstly, the Chi-square filtering scheme is used to eliminate the redundant genes in the original feature space, so as to ob-
tain the genes with high correlation. The acquisition function of the Bayesian optimization algorithm is improved, and the jump out
coefficient is introduced, so that the Bayesian optimization algorithm can adaptively jump out of the local optimum. The cost can be
reduced and the efficiency of optimization will be speeded up. Secondly, the partial exploration Bayesian optimization is used to find
the optimal parameters of random forest. Then, the optimized random forest model is employed to screen the optimal feature subset.
Finally, a framework of the Stacking integration model is designed to construct classifier and classify the optimal feature subset, and
then a gene selection algorithm based on the Stacking integration and partial exploration Bayesian optimization is constructed. The
experimental results on nine public gene expression profile datasets show that the proposed algorithm can quickly select the optimal
gene subset with higher classification accuracy.
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Table 1 Information of nine gene datasets

7 g S FERANEC REARA R N
D1 Conlon 2000 62 2

D2 Breast 9216 82 5

D3 SRBCT 2 308 83 4

D4 Leukemia 7129 72 2

D5 MLL 12 582 72 3

D6 Lung 12 600 203 2

D7 Brain 10509 102 2

D8 Prostate 12 600 136 2

D9 DLBCL 5469 77 2

7 : SRBCT: Small Round Blue Cell Tumors (/]N5 W 40 i i )
MLL: Mixed-lineage 1.eukemias (& &% 2 1L ) ; DLBCL : Dif-
fuse Large B—cell Lymphoma (5718 < B i g bk 2987 )
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Table 2 The optimal parameters of the RF model based on

the Bayesian optimization on nine gene datasets

Bnte WA EC WRRIE BORRHE bRl o
Conlon 172 8 0.37 18 5
Breast 736 5 0.6777 7 5
SRBCT 100 5 0.1 21 5
Leukemia 186 16 0.8855 7 20
MLL 171 25 0.8917 10 12
Lung 357 32 0.967 6 24 5
Brain 195 5 0.05 5 5
Prostate 165 15 0.999 9 39 6
DLBCL 180 16 0.695 0 23 19

BB 2 T BRI R IR 2, DALY S £
VR A A B o — H S
BRI ERAR . FEYIZRBY B, FI| FH Stacking 4 B
AL XoF O i 35 DR 540 4R b A 43 S T A AR o
i R 7 1 U8 R BRES 550 3 0 18 2 PRI R 46 1Y
B PR AR AR A o AN, TR 2R
L AR, fd ] B8 — 28 LB (Leave—one—out
Cross-validation , LOOCV ) £ B | X} #£ 7% 19 F1]
FM R, U HAE A e B A A B . X
T & —Z 0 KBA ff H SVM L KNN 1 NB #y
SR o I B R AR R A
PERE , i FH 32 88 0] 9 500k E A7 e Jm i 43 25
3.3 FAURERER

i A~ 7 2ok DB B, XA [ I DRI B A 0
553 d5 e B DAL VR 0 20 BE IR 7 4 TR R AIR
Acc B RTHE T BRI GBI LA J2 5 7 2 QR
AR L, HUL, R g 9 4 4 5
DRI B SR (R 4 B . X3 9 A%k 42 18 RE 79 2%
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f 3 A [30, 500 1, B O 0 26 139 ) 326 25 A
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Table 3 Comparison between results obtained using RF

classifier before and after chi-square filtering

— SRR WIERHIE T4
FER%L Acc FEPRIBL Acc
Conlon 2 000 0.8327 300 0.878 9
Breast 9216 0.8597 155 0.927 8
SRBCT 2 308 0.952 3 90 1.0
Leukemia 7129 0.973 2 75 0.9857
MLL 12 582 0.9 255 0.957 1
Lung 12 600 0.97 55 0.99
Brain 10 509 0.880 1 70 0.909 9
Prostate 12 600 0.88 90 0.91
DLCBL 5469 0.8857 50 0.92

3.4 BRFSHERFHSBERS

T K AIE BRFS 83k 098 801k, 506 1 i 48
Z L3 £k 5 B9 RE AL LR 3 FpJp 26 88 oF
T8 PEe b . % 4 0 RF A BRFS X i fp &
FE SVM L KNN Al NB X 3 Ff 40 2548 T 43 2%
RO, H T I R B A R A v, TR 4 P Al 4R
Je it ROy o UE S 0k R AS Bl o R
40T, fE SVM 4 KA T 9 A B4 b,
BRES B 09 Ace LT RF B k. HIEKE,
BRFS 5 ik 76 SRBCT %95 45 I ik 3] 4 & /e
{8, Acc iK% 99.60% , 2 B L 5 78 Lung £ 5 4
I, RF 5 BRFS & ¥: ) Acc 2 Jll A~ K, BRFS &
AT RF B 509 Ace /& 1 0.17% ; 7F Conlon
BG4 I, BRFS 8 3 i) Ace [t RF B &
3.34% . I, 7£ SVM 43 2548 T, BRFS & 1k 4%
R BB, 8RR R 0.17%0~3.34% ., TR
KNN 432588 T, 783X 9 4~ 3 [ 404l 48+, BRES
B Ace B T RFE . BiRKE,
BRFS % 9% 1E Leukemia 5 Lung ¥4 48 | ik 3] &%
i, Acc 15 3] 98.68% ; 7F Lung £ 4l 4 I ,RF 5
BRFS B & 09 Ace % B A [W] 5 78 Breast ¢ 45 4
I+, BRFS & 3 9 Acc [t RF & 3 @& i 4.29% .
K, 78 KNN 20 2848 T, BRFS 575 3% K | &R
AT, T T 0%~4.29% . FENB AT, X
94N F R B 4E v, BRES 2895 19 Ace 8 T RF
Bk, HIASEF ,BRFS % 78 SRBCT ¥4 4
Ak F 4 R AR, Ace 355 99.20% , 7 It B4
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MLL 45 4 I, BRFS 5035 US54 i 42 71, L
RF 89519 Ace syt 4.55% . R, 78 NB 43 28 4%
T, BRFS 53 #8 AR R A7 |, 482 TR B i 7]
ik 4.55% . 454 E SVM KNN HI NB iX 3 Fft 43
Zedn b Ace FYSEEE X HE , AT RF 5536, BRES
BULTE Ace LRI R,

Sy Y B EOULHE B AN R A3 e AR B 2R
ROR B 1—3 245 1 3Fh 70 2548 T 10 IR 2 B 45
. SR R R E3IM LS L
BRFS JvE 0T RE 5%, JUH 2 7E MLL ¥4
B ERFABCR RN BE TR R 30~5%
TE53 2545 SVM L, 43 ZE$00 A B 1B 5 e 0, X
JE S SVM I ZRoe il a B 5 3 m & A ¢, fif
PSRRI N m 3. 78 SRBCT %4t 4 -, BRFS HI
RF 3X P F 38005 1Y Ace #RAR i, 3 28 W AR SO ]
RO7 b USRI BRI EE R A AL . R, RS
[m Y 3L B 4 | BRFS Bk E& K28 T Y
Ace 22 FEAR/IN, R 50 R J7 b 0B J5 1 i — 20K
RSP DR 1 J5 221 53 AT 55 AR e 1k

F®4 34 %% EBRFSS RF £ IARH AL Lad o &
Table 4 Comparison of accuracy between BRFS and RF on

nine gene datasets under three classifiers

SVM KNN NB
RF BRFS RF BRFS RF BRFS

Conlon  0.8842 09176 0.8894 09157 0.9 09105
Breast  0.9384 095 09023 0.9461 0.9381 0.9538
SRBCT  0.9920 0.9960 0.9799 0.9840 0.9920 0.9920
Leukemia 0.9454 0.9772 0.9545 0.9868 0.9636 0.968 1
MLL  0.9272 09545 0.9227 0.9636 0.9090 0.9545
Lung 0.9819 0.9836 0.9868 0.9868 0.9819 0.983 6
Bram  0.9225 0.9451 09193 0.9290 0.9122 0.9354
Prostate  0.9121 0.9268 0.9043 0.9268 0.9024 0.926 8
DLCBL 0.9041 0.9208 09125 09167 0.9 09125

J T HE— 5 4> BRES 885 A 501, %
B T RF Ml BRFS 76 ¢ 30 5 47 1% 0~ 0 &
R R R . PR VR T RE ALY 2400
Ry AR S ek DL B f AR R 1S B Y R S H
% B PL SVM L KNN F1 NB 7025 %8 | ) % i 1540
fE 8 H Acc. # 5 RF 53k 5 BRFS 5% 1)
Acc fify &£ A1 1E L KA E089 X EE, Ace B3
KA R . WERSATLLE I, BRFS &
W I T RF 89 Ace &5 L K 35 RV B (9 48
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Fig. 1 Acc of BRFS and RF on nine gene datasets under the
SVM classifier
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&5 RF 5 BRFS# Acc e i itk B Ao bk
Table 5 Comparison of accuracy and number of
features selected by the RF and BRFS algorithms

y RF BRFS
R Acc PERERER %L Acc PERERER %L
Conlon 0.9 7 0.917 6 7
Breast 0.938 4 12 0.953 8 6
SRBCT 0.992 0 12 0.996 0 5
Leukemia  0.963 6 10 0.986 8 6
MLL 0.927 2 10 0.963 6 10
Lung 0.986 8 10 0.986 8 6
Brain 0.922 5 10 0.945 1 7
Prostate 0.9121 8 0.926 8 6
DLBCL 0.912 5 0.920 8 5

A, HiASEFE 75 SRBCT ¥4t % I+, BRFS &
% 7E 0 3k 5 A4S B Ace 15 #1) 99.60% , 3
A5 A s 78 MLL %048 4 b, RF 5 BRFS 531 B
TE R 1Y 3 B[R], 245 10 4>, {H BRFS B34
Acc H RF 8.3k 5 3.64% , [A] #£ 7E Conlon %% #ii 4
W BERESE B O T AN BB, BRES B
) Acc H RF %3 55 3.64% . It , BRFS 8 ¥
e AR U AT UL 4R TR RO B Tl ak 3.64% , 1T
LU B DU S Ak -0 R A R . B U Y
J&, 7F Lung 2088 4 [, 30 P FR 3826 09 Ace ¥R
0.986 8. fHJ& , BRFS & 3% ik H il 5 KA~ #k e
RF $RAF S B0 7 44, KW T BRFS & 4%
PEECT B oGk A LN T
3.5 BRFSE5BRFS-SEZWRLERH

R 5 E Stacking £E Ji AE 48 X T L Ay AR
fiE A 3R FE RO, 78 9 N L IR B 4B 1 3 Ry 26
24T W # BRFS F1 BRES-S 3 W fh 83 19 Acc .
26 45 X R RP R 1 AR 9 S 6 TR B0 4B L R
¥) Acco M3 6 45 S AT A, BRFS-S & ik 78
SRBCT #1 Leukemia X P > % 98 42 I 19 Acc ¥
S 100% , 1 BRES %5 % 76 3% W A~ o 4 Ly
Acc 439 R 0.996 0 F1 0.986 8, ¢ Bl 8 73 2 28 7
TE— M 2R 22, 38 i 51 A Stacking 4 Bl 5
AT DAAR B Hb i e 3 S 7] R 5 #E Lung %548 4R
I, BRES-S 33 8 R IO e A 18, 15 6 b 530k

1 Ace 2 #5435 /N, A A 0.23% 5 7£ DLCBL %0 ¥
££ I, BRFS-S 5 ¥ A9 Acc [t BRFS & ¥ & H
6.25% TR N B . BEORE , 7E K
3 BUPE 5 I, BRES-S 51k 68 08 45 o 58 45 19 43
BRI R 0.4%6~6.25% -

AT W JE % R R BRES Ail BRFS-S X i
P g, RTA BT O EUEE B
TE A3 [ 3R (recall ) ' 4 B 2% (precision) "* L K&
R FUORS i 6 A0 A [0SR B (F1) T2 52 56 25
B HFETEH, M recall 1§45 K F , BRFS-S &
7 Brain . MLL 5 Lung iX 3 M 40#E 4 ) Acc
Al L3k #) 100% ; 7F Leukemia 5 SRBCT X i 4~
B4 I, BRFS Bk 5 BRFS-S H.3L ) Acc 3
1 100% ; 7E Conlon £ #i5 ££ |+, BRFS-S 575 1Y
Acc H BRFS % 3 @ H 5.55% ; £ DLCBL %% 4%
£ I, B SR BRFS-S 516 1Y Ace % ik T BRFS 55
P, A2 HE A 1.67% . BR 78 DLBCL 44 % 4
I+, BRES-S # ik ¥t F BRFS 5.3k . M preci-
sion $8 b1 2K F , BRFS-S B3k 78 9 4~ 35 P # 4 4
R . #E Conlon 4 45 I, BRFS-S 51k
) Acc It BRFS %3 3 & i1 5.87% , #& F+ & A W]
s fF Leukemia 5 SRBCT X Wi % fE £ I,
BRFS % ¥ 5 BRFS-S 5 ¥ ) Acc #  1.0;
BRFS-S 5 i 7 MLL 5 Lung iX P 4~ % 4 45 =
) Acc 35 # 100%, ifi BREFS B9 Acc 43 4 N
99.28% M199.24% . M F1#845 3k F , BRFS-S &
BAE O MR 4 E R AR 0 T BRFS Bk . 7
Breast ¥ 48 I+, BRFS-S % 3 9 Ace [t BRFS
VLR 4.08% , $2 8 B i BRFS-S 5.
1E Leukemia , MLL I Lung iX 3 /™ % ¥ 45 I 19
Ace AT LLEE 100% ., Bk BA, £ 3Fh B bR L,
BRFS-S 83 75 48 8 43 5 P 8 4 Y RE %
R B I 4y R
3.6 HHMEXMITETLE

Sk it — 25 B AR SO R SRR A st 5
A 8PP H A SR AT H B, B A SCRk[ 8]
456 XGBoost 1 Z H b1 5t £ 574 (Genetic Algo-

®6 9NIKMAELE L BRFS A2 BRFS-S 69-F 3 Acc
Table 6 Average Acc of BRFS and BRFS-S on nine gene datasets

Bk Colon Breast SRBCT Leukemia MLL Lung Brain Prostate DLCBL
BRFS 0.917 6 0.953 8 0.996 0 0.986 8 0.963 6 0.986 8 0.9451 0.926 8 0.920 8
BRFS-S 0.947 3 0.9615 1.0 1.0 0.986 3 0.983 6 0.974 2 0.975 6 0.983 3
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x®7 9INAWEIESE L BRFS 5 BRFS-S % T 2 ® & (recall) #4574 % (precision) #3418 (F1) 09 3 5 R
Table 7 Experimental results of BRFS and BRFS-S in terms of recall, precision and F'1

abr Bk Brain DLBCL Colon Leukemia MLL Prostate SRBCT Lung Breast
BRFS 0.967 7 1.0 0.905 2 1.0 0.990 9 0.914 6 1.0 0.991 8 0.9153
recall BRFS-S 1.0 0.983 3 0.960 7 1.0 1.0 0.9317 1.0 1.0 0.950 0
o BRFS 0.970 0 0.968 8 0.916 3 1.0 0.992 8 0.927 1 1.0 0.992 4 0.937 2
precision BRFS-S 0.977 2 0.984 9 0.975 1.0 1.0 0.937 8 1.0 1.0 0.963 9
1 BRFS 0.967 7 0.974 5 0.905 3 0.994 1 0.9911 0.9151 1.0 0.991 8 0.9100
BRFS-S 09751 0.983 4 0.916 0 1.0 1.0 0.9317 1.0 1.0 0.950 8

KR8 Ok S AMRAMA R HIEE Ly E5F (Ace) g AR E, 5 HAL S FE A L, BREFS-S

xFHgE R
Table 8 Comparison results of nine algorithms on five

representative gene datasets in terms of accuracy (Acc)

Algorithms Colon Leukemia Breast Lung  Brain
XGBoost-MOGA 0.9024 09857 0.8233 0.9889 —
AdaBoost-RF  0.9667 0.9846 0.9088 0.9992 0.9634
AdaBoost-SVM  0.9035 0.9631 0.8834 0.8969 0.8370
AdaBoost-BPNN 0.9381 0.9897 0.8962 0.9758 0.9111
SLFDD 0.9030 0.9860 - 1.0 -
IG-SGA 0.8550 0.9710 — 1.0 —
TSLR 0.9380 0.9370 — 09640 —
BRFS 0.9176 09868 0.9538 0.9868 0.9451
BRFS-S 0.9473 1.0 0.9615 0.9866 0.9742

rithm, GA) i & 8 XGBoost- MOGA & ¥ , ¥
RF") SVM F1 )2 1] % #%& ( Backpropagation, BP)
P 25 I 2100 43 51 5 SOk [9 1Y AdaBoost 5. 1k 45
A BT 3 Bl 3% - AdaBoost-RF . AdaBoost-SVM
1 AdaBoost-BPNN,, LA Bz 2 Wi 7B 2 > i s 45 )
512 Wi B 7% (Semi-supervised Learning Fault De-
tection and Diagnosis , SLFDD )% {5 & 3 25 FlAR
HE 13 A4 2072 (Information Gain and Standard Genetic
Algorithm, IG-SGA)"" F1 ¥ B B 7 i 2 %5 [0l )5
T % ¥ (Two-stage Sparse Logistic Regression,
TSLR)™ . Z W SCwk[16 ] L5 L HE, N FE 1
k4 5 SRR M Y SR RS A, XX 9 R AR Ik
TFJR Ace XF L S5, 45 AN 3R 8 i .

M F 8 H[ I, XGBoost-MOGA # % f: 8R 1
Lung FI Leukemia 3% % # £ 45 48 F R BB, B
1E Breast 095 4 F 1 Ace 8%, P sh#e N A .
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B Acc A 3k 100% , 2 7£ Conlon % 4% 4 I+ Acc
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