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Improved Forest Optimization Feature Selection Algorithm for Credit Evaluation

HUANG Yuhang,SONG You and WANG Baohui

College of Software,Beihang University, Beijing 100191, China

Abstract Credit evaluation is a key problem in finance, which predicts whether a user is at risk of defaulting and thus reduces
bad debt losses. One of the key challenges in credit evaluation is the presence of a large number of invalid or redundant features in
the dataset. To solve this problem,an improved feature selection using forest optimization algorithm(IFSFOA) is proposed. It ad-
dresses the shortcomings of the original algorithm FSFOA by using a cardinality check-based initialization strategy instead of ran-
domized initialization in the initialization phase to improve the algorithm’s search capability;using a multi-level variation strategy
in the local seeding phase to optimize the local search capability and solve the problems of restricted search space and localization
of FSFOA ;using a greedy selection strategy to select high-quality trees and eliminate low-quality trees when updating the candi-
date forest. In updating the candidate forest,we use the greedy selection strategy to select high-quality trees and eliminate low-
quality trees,and converge the search dispersion process. Finally, the results show that IFSFOA outperforms FSFOA and more
efficient feature selection algorithms proposed in recent years in terms of classification ability and dimension reduction ability,and
validates the effectiveness of IFSFOA by setting up comparison experiments on public credit evaluation datasets covering low,
medium and high dimensions.

Keywords Forest optimization algorithm, Feature selection,Credit evaluation, Evolutionary computation, Wrapper methods
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Fig. 2 Multi-level variation strategy with LSC=2 and LSS=2
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Table 1 Dataset used in experiment

Dataset Feature Instance Class
Car Loan 50 3968 2
German 20 1000 2
Australian 14 690 2
AER 11 1319 2
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HEAT X e R EE B R B RN AR Bk 2 g,
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Table 2 Information of comparison methods

Name Year
SCAFSL21] 2016
WOAFSL22] 2018
FOAFS[2] 2018

QBHHOFS21) 2019
SSAFSL#] 2019

4.2 FMHIERR
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AR B 4 1 S B

CA=NCC/NAS (3)

220600241-3



Com puter Science ML

Vol. 50,No. 6A,June 2023

S VRV R, TR T S A B AR BH M S8 FPR R BH P
TPR :
TPR=TP/(TP+FN)

{FPR=FP/<FP+FN>

AR PH I 2R oA 8 A6 B | G BH 38 R 90 A A, T L 2 361
ROC M4k, & T M E Ry AUC{H. AUC {Hi#l & R T
R 43 2, AUC B 8RR R AR 73 RO Ak

4 B G DR 1 sl ) iR, H NSF RS S
2 5] (R . NAF AR 36 MU AR %,

DR=1—NSF/NAF (5)
TE 2Bl 54 T o AT 45 255 AR 43 25 68 ) R 4 B 40 s g
JIFTa ke i as . LI T G — I AR i, O 3E— 25 56 T B
PR A R AR SCR 25 5 A TR BT ok T B8 1k AE 2B
o7 FH HR A B L SR A A PR A A ANk (6) TR

Fitness=CA+0.01 X DR 6)
4.3 SHEE

FSFOA INH life time,area limit Fl transfer rate X 3
A S B0R T 48 AR AN S AR R Y L A7 O 4 R )N
FFLAS Li fe time [ 5E N 15.area Limit [# E R 50 trans fer
rate [H5E R 5%, 6 B, ¥ mazx candidates ¥ B R 150,
LSS & &N 10, IFSFOA Hfth 250k & sk 3 i3],
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Table 3 Specific information of parameters of IFSFOA
Dataset LSC GSC
Auto Loan 12 24
German 5 10
Australian 3 6
AER 2 4

AR S B AF VT A b R R A 3B A [ S A S 4 2%
FLCIEWALBEE O L2, E Nk 38 BE 58 O 1. 0, 2R XA
LBFGS., [AB, 2 7 i G N5 #00 6 T R 3009 S5 36 5096 A )
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AL,

4.4 KWHERSW

BERSm%F g RN g 4— 3 7 5, IFOAFS-init 1t 32
X0 B8 4K 5 W 04 £ 4K IFOAFS-local % 32 A3 =) 35 4% b 1 164k
IFOAFS-limit f& R AR il 1 o fb . R b iR R Rz A
Xif Ll S 3 5 A 4 43 kG B L AUC {8 5 48 B 46 0%, 3 48 47
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Table 4 Comparison results for auto loan dataset

Algorithm CA AUC DR
Origin 0.710 0.716 -
SCAFS 0.709 0.710 0. 400

WOAFS 0.709 0.708 0.120
QBHHOFS 0.708 0.706 0. 300
SSAFS 0.710 0.712 0. 400
FOAFS 0.713 0.725 0. 440
IFOAFS-init 0.714 0.729 0.420
IFOAFS-local 0.715 0.733 0.440
IFOAFS-limit 0.708 0.709 0.420

IFOAFS 0.716 0.737 0.500

F 5 TR RO LR A X L R

Table 5 Comparison results of German dataset
Algorithm CA AUC DR
Origin 0.749 0.656 —
SCAFS 0.753 0. 660 0.350
WOAFS 0.756 0.670 0.250
QBHHOFS 0.756 0.669 0.150
SSAFS 0.754 0. 659 0.550
FOAFS 0.752 0.663 0. 300
IFOAFS-init 0.756 0.667 0. 400
IFOAFS-local 0.762 0.675 0.450
IFOAFS-limit 0.757 0.667 0.450
IFOAFS 0.764 0.677 0. 650

EINRL DNGIRAEYIEE/TE SINPONIE S

Table 6 Comparison results of Australian dataset
Algorithm CA AUC DR
Origin 0. 869 0. 869 —
SCAFS 0. 869 0.871 0.428
WOAFS 0.868 0. 869 0.500
QBHHOFS 0. 860 0.862 0.500
SSAFS 0.868 0. 869 0.286
FOAFS 0.862 0. 864 0.428
IFOAFS-init 0.862 0. 864 0.428
IFOAFS-local 0. 869 0. 869 0.357
IFOAFS-limit 0. 868 0. 870 0.500
IFOAFS 0.874 0.874 0. 286

# 7  AER {5 BG4 0 X L &5 2R

Table 7 Comparison results of AER dataset
Algorithm CA AUC DR
Origin 0.981 0.985 —
SCAFS 0.982 0.988 0.363
WOAFS 0.982 0.988 0.455
QBHHOFS 0.982 0.988 0.363
SSAFS 0.982 0.988 0.090
FOAFS 0.982 0.988 0.272
IFOAFS-init 0.982 0.988 0.272
IFOAFS-local 0.982 0.988 0.455
IFOAFS-limit 0.982 0.988 0.455
IFOAFS 0.982 0.988 0. 545

Wad e 4— 3 7 W LIF L IFOAFS 76 4 B0 45 094 2865
B EE AT AUC {H #B AR Al 5 AF 35 45 5305, 76 18 {5 F Al
FOFI A5 S0 45 o0 24 45 B B AR 34, % FSFOA A & &
RAEETE 43 R H0 BE R B FHIE RIS 0. 4% ~1. 6%, AUC {1
WIFEE R 1. 7% ~2.1%,

T35 % L 4 BE 45 0 R . IFSFOA 78 3% % B8 3% . 7 [ 15
FA AER {5 FH 8IS 1 3 0 et /%, 8 M KR W £ 4L
WA L RIAME . KA AR S0 4 A B 48 3 B A%, 4
B B K X 1 5 A2 2% B S i A R L BT L O T BRIE 43 2K g
J1, IFSFOA £ 7 — A~ 43 288 ) B8 4 . 10 48 B B 5 19 AT
T,

WM EE 3 8 W45 G BRIV 48 45 . 7] LU B IFSFOA 7£ %
BlE S LY o, X it — 2 BAE T IFOAFS B & B4
HIZ AL RE F7  AE A5 I PRA 15 25 B4 1oy T 2R, R 65 A sk
TRBE 2 B 48 e 4 25 RE T
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Table 8 Evaluation of combined weights of comparison algorithms

on different datasets

Algorithm Auto Loan  German  Australian AER
SCAFS 0.713 0.756 0.873 0.985
WOAFS 0.710 0.758 0.873 0. 986
QBHHOFS 0.711 0.757 0. 865 0.985
SSAFS 0.714 0.759 0. 870 0.982
FOAFS 0.717 0.755 0. 866 0.984
IFOAFS-init 0.718 0.76 0. 866 0. 984
IFOAFS-local 0.719 0.766 0.872 0.986
IFOAFS-limit 0.712 0.761 0.873 0. 986

IFOAFS 0.721 0.771 0.877 0.987

3 S RS B IR B T AR SCER Y 3 A Bk R R AL
PE K 3 NG RA A3 B IFSFOA B & B F 1%
W, H SRR B & T FSFOA,

FESLPRR A BT R R R R E A —,
T E— 2 B IFSFOA B A B0 AR SO He T 78 [ 55040
£ FARER R WIS L S5 R R o Brgl, @itk 9w L
F B A BOR U R R N R 23 H] B FT R R L IFSFOA 75
25 A B A (9 1 R UL SICHE B #R T FSFOA, BB IFSFOA 11
S RE S FHE RBCE Y AL T FSFOA,

RO EAREBIL

Table 9 Comparison results of AER dataset

Dataset FSFOA  IFSFOA
Auto Loan 40 14
German 120 12
Australian 120 4
AER 15 7

25 b NSZER 45 SR T LUAS L IFSFOA % FSFOA 4 % W
AR, IFSFOA AN ALAE 4325 B 1 7 4k BE 45 0 B 77 07 11 4K 75
TR AR T 0T ELA S R A9 R AR B R A T AR
A M RE .

ZEHRIE A SCE A FSFOA 76454 0k #6072 b 3E4T T 4
Mr I HAFFE R R L4 T 3 by %, 821 T3 Tk
HE R TSRV 1 FR A 1 B 5 1k IFSFOA, I8 H piy F 21 5
FAVEAG 4TS . IFSFOA 38 a2k A4 40 4R Ak 55 1 0 Jeg 35 476 7o
SRS A AHE TR R AR ) 8 2o E RS RR R B B S B
A0 A AE SR T U0 RE 7 0 R L B AR T AR A R
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SR BT I TE S FORE B B L AUC {8 R0 4t B 4 % 8
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