540 & 45 4 M) HEREARFEFZR( BARIFE/M) Vol.40 No.4
20254 8 A Journal of Hunan University of Science and Technology ( Natural Science Edition) Aug. 2025

B, R RGE , B, 55 SR T IR R IR 5 s AL 7 ST RRE e R VR [T ] W RHE R 2224 ( B ARRLARR) , 2025, 40(4) -
79-88. doi;10.13582/j.¢nki. 1672-9102.2025.04.009

XIE J, LI F L, YANG J, et al. Graph Convolutional Network-based Reinforcement Learning for Feature Selection [ J]. Journal of
Hunan University of Science and Technology ( Natural Science Edition) , 2025, 40(4) :79-88. doi: 10.13582/j.cnki.1672-9102.
2025.04.009

ETESRMERRLFSIFEERFETE

W FRE e,

(LR TR B B TR A B, (P R 030024
2.9 B BCK RO RE BFFE A R, b3 10007633 P48 A REERE M2 AL, tiph K5t 030024)

W EHTEEAHANARE AFHEEBEECGRENASME, Ao X E ARG TR FEXER -—HARERTA
HENBEFALEER, AT, EHNBERE T EZLEZER B AR ENRA R RIEEAREG N2 X EHE N T BHIK
FIAL,BHT —HETEERNENBEMFIFMEEB T EURE QNA W EAEL UEEEER ARG NI RTX
REARER BRI T —HETEHERHENRISR T T L, AR ETEL R EEN, UGRAFRETEE X R H5
RET —HECHXEBLEEEE BERNMX B> X RO ER BRI S HEEREES Q ERHE, UEREANBFETE
GAERNTEWE A WAL EBREEMREPHFEREE EHATER ERLA ML TEANEE Q MERKIERF
Wik, TR 77 iE 4 Congress 4% & 0 i 2 0 £ B8 & 00 B 94 2 9 7 5 99% 70 85% , 2 B R T 11.0% %0 3.6% , B3k T %
7 WA RO AR AT

EFEIE B ERE RE QN BRTRARLER RART LM E

thE 4 %2 TP391 SCERAR SRS A SEHS1672-9102(2025) 04-0079-10

Graph Convolutional Network-based Reinforcement Learning
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Abstract: Due to the development of information technology, data in various fields often contain a large number
of redundant features, which leads to the degradation of classification model performance. Feature selection is a
data preprocessing technique that effectively removes redundant features. However, existing feature selection
methods are unable to select effective features while ensuring high classification accuracy of the model. In order to
solve this problem, a graph convolutional network-based reinforcement learning for feature selection is proposed.
A deep Q-network is used as the basic framework to map the feature selection problem into a Markov decision
process. Firstly, a state representation method based on graph convolutional network is designed to convert
feature subsets into graph structures to capture inter-feature relationships efficiently. Then, a reward function

considering feature importance, feature-to-feature correlation, and classification performance is designed to guide
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the agent to select high ()-value features, so that the obtained feature subset combines several aspects of
performance. Experiments are performed on 14 public datasets and stroke screening datasets, and the results
show that compared with the existing deep (-network feature selection method, the accuracy of the proposed
method on Congress dataset and the stroke screening dataset is 99% and 85%, respectively, which shows an
improvement of 11% and 3.6% , respectively, and verifies the validity and feasibility of the method.

Keywords: feature selection; deep (-network; Markov decision process; state representation; reward function
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PGS AR FEAE 25
Breastcancer (D1) 569 30 2
Cleanl (D2) 476 167 2
Congress (D3) 435 16 2
Credit-a( D4) 653 15 2
Dermatology (D5) 366 34 6
Diabetes (D6) 768 8 2
Ecolil (D7) 336 7 2
Glassl (D8) 214 9 2
Ionosphere (D9) 351 34 2
Lymphography (D10) 148 19 4
Pima (D11) 769 8 2
Sonar (D12) 207 60 2
Spambase (D13) 4601 57 2
Zoo (D14) 101 16 7
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HEFP , R by DRFAEVE W RRAE R AN R SER I by, D AR 1) —2F.

4)RF'™) gt —Fh R R AE 4% 7 s SR U B Gind F5BO0P A ARk T B

5) DQNFSB ( sequential Backward Feature Selection based on Deep Q-Network ) " ; & —Fh 3L F DON $5H4iF
EHEETTIE GRS 5o = 11,1, -+, 1], FoRB BB UM S A5 i A0k HE 59 B AN 1) A6 20 00 44 B Y R AL
SEIG HRE B B batch_size SRy 32, #1462 20 38 0.01, H141N A T4 0.9, Memory_size 7 2 000, e_start 0.9, e_
end 7 0.01, &_decay 2y 500.2 T R45 S I PG — B0, A SO AR X S 240
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SRR E PR AFIAT R
2.3 iFMIERR

AR 303k FHHERA R (Accuracy, Ace) FHURHE (Sensitivity, SE) 455514 ( Specificity, SP) .G-mean  F1 {E}
PR EER , AT 2 A TR BB 7 AR TP AR R ELE BIRE AR, FP AR RIS IE BIRE A SR, FN AR
FARAPIREARL, TN AR BIREALL, HAEA SEC (TP+FP+FN+TN).

TP+TN
Acem—— (5)
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F 2 JBIR T AT GRLFS 15 Fioth F 7V Ace DU SE R AE B0 19 F a4 5. o, RF 7231145
BRI R AN T RRAE Y B 25V BURRAE RS N SR R B)— 3 43 R, 36 2 vp R (AR Eh it it Ji
FRIEE .

S3HTEE 2 A%, GRLKFS YE R 258 b DI/ D IR IE RO 1 MR X T4l 4R D13, BARA SOy
12:(0.95,26) ) Ace A& fe i (1), (HHAFIERCRE A 57 AN KiE/ 3 26 4>, HAEGESUX T RF(0.96,57) , Ace {T
REAIR T 29 1% . 5 THARAE D7 F1 DL, AR SCIT R Ace AR AL, i A BB & iX 2 B4 40 & B e 4k
R AN T A8 ANRHE , X BRI TR BEAAR AR AR 23 ), A DL R B A LR AE .

%2 72 UCI M ERF F ik Ace Fodb 42303 2 1k

R RF LASSO MIC K-Best DQNFSB 37
DI 0.97 (30) 0.97 (15) 0.96 (16) 0.96 (15) 0.97 (15) 0.98 (12)
D2 0.82 (167) 0.81 (83) 0.76 (54) 0.77 (54) 0.81 (84) 0.84 (69)
D3 0.98 (16) 0.95 (11) 0.98 (6) 0.94 (8) 0.89 (8) 0.99 (5)
D4 0.84 (15) 0.84 (14) 0.84 (8) 0.84 (8) 0.84 (4) 0.84 (8)
D5 0.98 (34) 0.97 (17) 0.88 (17) 0.84 (17) 0.93 (17) 1.00 (19)
D6 0.73 (8) 0.74 (8) 0.71 (4) 0.73 (4) 0.73 (4) 0.75 (4)
D7 0.90 (7) 0.90 (5) 0.85 (3) 0.83 (4) 0.91 (4) 0.90 (5)
D8 0.84 (9) 0.78 (8) 0.79 (5) 0.83 (5) 0.79 (4) 0.86 (6)
D9 0.94 (34) 0.93 (24) 0.94 (16) 0.93 (17) 0.94 (17) 0.94 (10)
D10 0.87 (19) 0.80 (13) 0.74 (10) 0.84 (10) 0.80 (10) 0.90 (7)
D11 0.75 (8) 0.77 (5) 0.75 (4) 0.74 (4) 0.73 (4) 0.74 (3)
D12 0.80 (60) 0.75 (35) 0.79 (23) 0.76 (24) 0.82 (30) 0.86 (22)
D13 0.96 (57) 0.94 (13) 0.94 (27) 0.90 (24) 0.88 (29) 0.95 (26)

D14 0.95 (16) 0.99 (6) 0.95 (12) 0.95 (8) 0.95 (8) 1.00 (5)
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242 FEHHEBHH
I DA SR T DUR I : R R 5 R RSB T YA A L, AR SO AR TR0 P e ELA B A p A
N T ARG AT EER A58, 25 R ] Wilcoxon signed rank test PEAAN ] 5 ¥4 Z [ & S A7 AL 10 & V25 5.
3 JB/R T GRLFS 5 5 Fixt b 7 iE A RIMERE P HE 45 LR AE S BRI 45 5L, Hoh b = 1 FRoR$E 4
Feflsise, BV W 22 [RIAF A S 3 P 22 . S g v i B & 7K F 0 = 0.05, ] LU HY : LASSO, MIC, K-
Best, RF I DONFSB 7£ Acc [ p {H#4/NF 0.05, 3 HLAEHAth 4 A EREPEA 55 (SE,SP, G-mean 1 F1) [ p
BB /T 0.05, 3 78 3 BB A SOy vk 55 HAth, 5 Foxt b VA A o e 2 5%

% 3 GRLFS vs. 3Tt %89 Wilcoxon signed rank test

. Acce SE SP G_mean F1
AT vs.

p—value h p—value h p—value h p—value h p—value h

RF 4.92E-09 1 1.00E-06 1 0.008 1 1.07E-07 1 4.94E-09 1
LASSO 1.83E-11 1 8.95E-12 1 6.88E-06 1 1.04E-12 1 3.90E-13 1
MIC 1.53E-17 1 2.24E-14 1 4.60E-11 1 8.41E-19 1 2.85E-18 1
K-Best 4.16E-21 1 1.43E-19 1 1.26E~-11 1 1.20E-21 1 1.95E-21 1
DQNFSB 6.48E-20 1 9.11E-18 1 4.54E-14 1 1.67E-22 1 1.40E-20 1
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A3 v v
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Or A TN PERE. B AR AR BEE N 50 = 10,0,-+-,01 , Fn B REAMK U SRR FRIE £ 2 25 I 1 A5
TUFSIA: RE S

2) DQN_RF: /£ DONFSF FryFEAli I, RA ) i Fm B HR ] —AE AR T7 %, 22 il pR OB Bk T BE A 2

3) GDQN_GCN - /£ DQNFSF fryHEff] | IR 1) i F R BRI T GON (PR ZS 1) 2 Tk , 2 il ki
KL HR F 20 28 e A T P RE.
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M6 AT LA i HE T GON FRR A [7) 5t R B HR AT 9 2 il ek ZUEH6 DQNESF (1) VEfREA W 2 1Y
HGEEAE T AE DONFSF J7 3 (0 3l b, fi ] GON AR ZS ) i /R A HO AN B T 1 2 Jilh R 88 1) 416 T 123 7T 3R A%
e EPERE. X R W] GON RIS 1) 5t R BRI T 0% 22 3l R AR A5 32 25 R BRI TR R — R HT A Bk, DT 5230
BA SRR IEE £
2.5 TERZEHREEE LRERERTLE

AL — 2% GRLFS Jij T figi 25 vh i A5 B0 98 4, JF 5 5 FhXF L J5 i LASSO, MIC, K-Best, RF F
DONFSB #fTHERELL L.

5 R TYEREXT LLES R AT LAE Y, GRLFS 7E Acc,SE,SP, G-mean FI F1 JyTH#RIA 3 | e fEERE. &
A 30 NRFAEAR LG, GRLEFS BE#E1) 27 A fii 25 o XU P 2R 9 43 28 1 Ace 2 0.85 4215 T 3.6%.

£S5 RREFREREFHIEE ey

Tk Acc SE sp G-mean Fl HRAE
RF 0.82 0.74 0.86 0.80 0.72 30
LASSO 0.83 0.75 0.86 0.80 0.73 22
MIC 0.82 0.75 0.85 0.80 0.72 15
K-Best 0.83 0.72 0.87 0.79 0.72 15
DQNFSB 0.82 0.76 0.85 0.80 0.73 15
ATy 0.85 0.77 0.88 0.82 0.75 27
3 ik

1) Frde th YRR 64 77 3% GRLFS & DON HEZUA A  F AR 0 % 1R R S Oy By 7K m] R BRSfEd Ae , H
X ERBE IR SR 7 EE A T RO, S R A T R e o TR S A B, R GON S HICRFAL 8] 1 P9 7 5%
Z , LAVERS SR RE MR T AR PRIE £ 5L

2) GRLFS i3 T Z2 A BE M R PAS I, 275 75 JE A AL 32 24 VRPAE R AH S 1 LA S RS A 14 73 64k
AE, 51 TR BEMMB B4 A BRI B DR I BRI S e 5 X PR AR DU A P 1 il 572 36 24 SRk P Bl a4
PRI A R

3) HE > SCRHR SR AN A= o i 2 i SR MU, GRLES J57 3% 508 Ace, SE, SP, G-mean Ll F1 11 3%
$&T+, IEW] GRLES J7 3% B e R ik 15 BAT B8R ) 73S BE T , ) A3 S8R ARG D ik s ) T CAR
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