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Feature-weighted Counterfactual Explanation Method: A Case Study in Credit Risk Control
Scenarios

WANG Baocai and WU Guowei

School of Software Technology,Dalian University of Technology,Dalian, Liaoning 116000, China

Abstract The application of machine learning technology in the financial field is becoming more and more prevalent,and provi-
ding interpretable machine learning methods to users has become an important research topic. In recent years, counterfactual ex-
planation has attracted widespread attention, which improves the interpretability of machine learning models by providing pertur-
bation vectors to change the predicted results obtained by classifiers. However,existing methods face feasibility and operability is-
sues in generating counterfactual instances. This paper proposes a new counterfactual explanation framework that introduces the
concept of feature-variable cost weight matrix, considering the ease of changing different feature variables to make the counterfac-
tual results more realistic and feasible. At the same time, by predefining the feature-variable cost weight matrix by experts,a fea-
sible method for calculating the cost weight of feature variables is proposed,allowing users to make personalized adjustments ac-
cording to actual situations. The defined objective function comprehensively considers three indicators:feature-weighted distance,
sparsity,and proximity,ensuring the feasibility,simplicity,and closeness to the original sample set of counterfactual results. Ge-
netic algorithms are used to solve the problem and generate the optimal action plan. Through experiments on real datasets, it is
confirmed that our method can generate feasible and actionable counterfactual instances compared to existing counterfactual me-

thods.
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Frame diagram of counterfactual interpretation method based on weighed features
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Fig.4 Schematic diagram of chromosome encoding
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T P WA A A A BRI B E A 0 A PR
TR A AR L H S S S T A A 20 T AR A e R L 2R
F 45 3 i g B DU 482 Ik L A5 I AT 2P 0K 3.

B3 TEE ZTE SR RIE A8 5 AR B A WL R
He i bl R AT A QA A AT R A L AR B T A E
SCEFRAE AR AU AL AR W,

AR 4 PUTIBACTE AR LIR30 R AE AR AU A
FE I WA ARG AQ A PRRCIE A5 B 0 A% 1R R
DEAAR Ry Ak it R o ST 1A DA S RS SR R Sk e A

4 KWEBRRERSH

SR I B o 1 R 3 24 8 (6 0 250 % P

BEA B AR O AE . BE AE 3L A% 50000 AN T BB
ALEANREARG 28 DR E, XS T TR A
BOE A S DD SO BT R P I SR RO WL R
R F R UK B ) Wy 0 Y 4 22 T 2 Y B T P A L R
Rz 1 fra,

AR T ANN A A Sy J2 75 41 28 70 7 6% 1 751 00 4
A, ANN R BAR S R0 2 fral, AR SOR F Y s 55 1
B RS HN R 3 BT g FRAE AL 1 AR A A R B E LR 4
1P

A AR AR B UK AR R AR TR ROE
A 0 A5 A DX ] AT AL B A AR A L AU A S [0 1], 2R
AR 8 4 7 A DX AN AT O Y AR A A S SO oo
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Table 1  Description of feature variables
AR K B AL & B 4 AR AR K B AL & B 4 AR
vy J PS4 R G R I A s U5 REERZHETGNA
vy i3 v #3IAMNAAHES Ik
U3 RERRFEEEZP V17 Y RFELAEMN AT %
vy EERBALBEF Vg Y ARGE MBS RE
vg EERAG THEEF vy LAEEERY
Vg J P Vg LAELHELE A
2 APRE—-—KRHEFEASKC) Uy YARGEREEH R
vg EE SN S Ear & & &3 AC) Vyy ENRCR YRR SR E
vy BRI 6 A A % ) Uy R v P kMR BE R %
V1o Pk YA R E RO 2N Y F 4N RN R R R K
vy FP SR K P A& ROT) Uys ENE N5 IR E Y e
U2 WEH P S RE R Vs LA KA R R
v)3 PR Vg7 ENB S YRR S
vy Y F G E A AR Upg %A ik e T KRR E Rk #

# 2 ANN BB ZE

®3OMEA®RBH

Table 2 Parameters of ANN model Table 3 Parameters of genetic algorithm
R O E % % # W
¥ P=%" & 2 N . itness(x | x2) = —cost(x | x)
KEEHETHE 12,6 R f/\1*0.7.‘/12*0.2,/13*0‘.1
i E H ReLU A 46 F B E 1000
Hr R R Sigmoid ST W 100
1% 1t 28 SGD o Tournament(size=4)
EES 0.01 RAR 0. 7(two-point crossover)
oK% RARH 10000 xR 0.1
F4 L RBUE SCHYRAEAR B 5 b
Table 4 Feature cost weight matrix predefined by experts
HEAE R EF K FEAE AR R AR E
& Ad (—o0,—3Ad] (—3Ad,—2Ad] (—2Ad,—Ad] (—Ad,0] (0,Ad] (Ad,2Ad] (2Ad ,3Ad] (3Ad . +22)
) 1 +oo +oo +oo +oo 0 0 0 0
v, 1 +oo 400 400 400 0.1 1 400 400
v 1 +oo too +oo too +oo too Foo +oo
o, 1 +oo 4o 4o 40 4o 4o +oo 4o
Vs 1 1 1 1 1 1 1 1 1
v 6 +o0 +oo +oo too 0.6 0.8 +oo
vy 1 0 0 0 0 0.1 0.6 0.7 1
Ug 300 0 0 0 0 0.1 0.15 0.2 1
Vg 100 1 0.8 0.5 0 0.5 0.8 1 1
vy, 1000 1 0.3 0.2 0.1 0.1 0.2 0.3 1
o 1000 +oo +oo +oo +oo 0.1 0.2 0.3 1
Uyg 1 0 0 0 0 0.1 0.1 0.1 0.1
vy 1 1 0.6 0.5 0.5 0.6 0.7 1
vy 20 0.25 0. 15 0.1 0.1 0. 15 0.2 0.25
Uy5 1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
U6 10 0.1 0 0.1 0.1 0.1 0.2 0.3 1




FEW A B TR AL A S SRR 5 1k - DAMR B R 3 5 R 11 265

(8:3%)
HEAE FAE R R ¥ K FEAE AR R A E
& Ad (—oo,—3Ad] (—3Ad,—2Ad] (—2Ad,—Ad] (—Ad,0] (0,Ad] (Ad,2Ad] (2Ad ,3Ad] (3Ad )
o1y 1 0 0 0 0 0 0 0 0
vyg 1 0 0 0 0 0 0 0 0
vy 1 0 0 0 0 0 0 0 0
Vg 1 0 0 0 0 0 0 0 0
o 1 0 0 0 0 0 0 0 0
Ugg 1000 1 0.3 0.2 0.1 0.1 0.2 0.3 1
Vs 500 1 0.3 0.2 0.1 0.1 0.2 0.3 1
Uy, 1000 1 0.3 0.2 0.1 0.1 0.2 0.3 1
Ugs 10000 1 0.3 0.2 0.1 0.1 0.2 0.3 1
Vgg 500 1 0.3 0.2 0.1 0.1 0.2 0.3 1
. 50 1 0.3 0.2 0.1 0.1 0.2 0.3 1
Ugg 100 1 0.3 0.2 0.1 0.1 0.2 0.3 1
VLA B P o ), 3% F0 P 00 D R AE A% St M 45 R FHYTF RIS RN 5 T,
K5OG R MRT L
Tabel 5 Comparison of experimental results
BT E EREM x TCE ECCE UCCE BAELE EREH x TCE ECCE UCCE
vy 1 1 1 1 Ui 0 0 0 0
v, 69 15 69 69 vyg 0 0 0 0
vy 0 0 0 0 vy, 0 0 0 0
v, 0 0 0 0 Vg 0 0 0 0
vs 0 0 0 0 Vg 0 0 0 0
Ug 1 1 1 1 Uy 0 0 0 0
U7 0 0 0 0 Ugy 0 0 0 0
vg 0 9.8 0 0 Vyy 20 20 20 20
v, 11.66 11.66 195.45 11. 66 Vg 0 0 0 0
Y10 41.66 41.66 41. 66 41. 66 Ugy 6 6 6 6
vy 50 50 50 50 Vys 42 42 42 12
vy 0 0 0 0 Vg5 0 0 0 0
Vi3 5 5 5 5 Uyg 0 0 0 0
Uy 1 1 1 58 Ugg 0 0 0 0
AL RIT HUR 3 AL R SRR AR A AN BCEE S B 9 E AL
BRI il R R BUE SCREAE AN AL TR AR B AT (AR H P P xR A AR AL TR HEAT IR R P HF AR S 3 S A
FRIE A & E BOE A K/ sk 4 JinF SR L e S A EE B A B AR AR B A A AR AT

B2 HRE 3 AR T AR L, e B LA R
1% B A A0 B A X R AR SR R AT T — Ak A K R AR
A AR T R0, VT2 1] (1 52 85, i BREL 4 i 78 AT 2 DR
i, ARG D TR R AN PR 35 R SR AE . SRS R
ATRERE 28 X AR SRR, BB R A5 Ak A 0 b o AR I I
PRBUE A B B A S e 924k, AR AE IR 3 Irom i i A2, dn 2R

WAL Wk 6 PrE, S X AR AR A A o o AU L
AT TR

A4 KR R R RS — U R AR A
AR AR 6 PP A RE SCHY R AE 7S B A A AR
W v 0T 7 R . AR AT I L 38 S SR AE L )
SR A5E 1l 2% 1 D 1k, AR T L BE B BR(E AT B e A0 B0 S 5K

FH P X 2 s 2 S ik R L IR Ok, O AR 3, K
F 6 FHFTHE XA RRAEAR M BCE S B
Table 6 Feature cost weight matrix defined by users
AR BEREF K HERERHRE
rE Ad (—oo,—3Ad] (—3Ad,—2Ad] (—2Ad,—Ad] (—Ad,0] (0,Ad] (Ad,2Ad] (2Ad ,3Ad] (3Ad . +2)
vy 1 +oo +oo +oo +oo 0 0 0 0
v, 1 +o0 +oo +oo +oo 0.1 1 +oo +oo
vy 1 I oo oo b oo I oo oo oo I oo oo
v, 1 + oo + oo + oo + oo + oo + oo too too
Vs 1 1 1 1 1 1 1 1 1
v 6 +o0 400 +oo Fo0 0.6 0.8 1 4oo
Uy 1 0 0 0 0 0.1 0.6 0.7 1
Ug 300 0 0 0 0 0.1 0.15 0.2 1
Ug 100 1 0.8 0.5 0 0.7 0.9 1 1
010 1000 1 0.3 0.2 0.1 0.1 0.2 0.3 1
vy 1000 +oo +oo +oo +oo 0.1 0.2 0.3 1
V12 1 0 0 0 0 0.1 0.1 0.1 0.1
V)3 1 1 0.7 6 0.5 0.5 0.6 0.7 1
Uy 20 0.1 0.1 0.1 0.1 0.1 0.1 0.1
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HAE FAEBKEF K BAEXTRNRE
T E Ad (—co,—3Ad] (—3Ad,—2Ad] (—2Ad.—Ad] (—Ad,0] (0,Ad] (Ad.2Ad] (2Ad.3Ad] (3Ad. +2)
Vs 1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
Vig 10 0.1 0.1 0.1 0.1 0.1 0.2 0.3 1
Vig 1 0 0 0 0 0 0 0 0
Vig 1 0 0 0 0 0 0 0 0
Vi 1 0 0 0 0 0 0 0 0
o 1 0 0 0 0 0 0 0 0
Vo 1 0 0 0 0 0 0 0 0
Voo 1000 1 0.3 0.2 0.1 0.1 0.2 0.3 1
Ao 500 1 0.3 0.2 0.1 0.1 0.2 0.3 1
Vo 1000 1 0.3 0.2 0.1 0.1 0.2 0.3 1
Vs 10000 1 0.3 0.2 0.1 0.1 0.2 0.3 1
Vo 500 1 0.3 0.2 0.1 0.1 0.2 0.3 1
Vo7 50 1 0.3 0.2 0.1 0.1 0.2 0.3 1
Vog 100 1 0.3 0.2 0.1 0.1 0.2 0.3 1

W25 MBS RN R T WITI TR . BHRRFI L
(TCEPMATeh R P ARt 69 2 KN 15 %,
IF HRGE — R sk &%t o JTiEFAR 9.8 7T, IR 4 % 7 ¥
Wk B R B AT R P AR R B RE AR, AR SCER I
B % KT S R AE AR A0 A R 4 B 1 ) 55 i (ECCED

WATE R 2 PR 6 AWM k41, 66 TTHR T+
2 195. 45 o0, B Al I 085K, A n bk . AR SCHR g
F1 52 SCRREAE AR AN A T J6 [ 119 )R 58 9 07 1 (UCCE) 947 3l 7
KRB YA @A T A E 58 AL TR A
P PN R, B AT

KT THHE
Tabel 7 Action plan
& 2SS A B AR R B T8 % cost dist spr lof
TCE v, A P ) 69—>=> 15(—>54) = i ) L
: vy GR . — KA & 8D 0—>>9.8(+9.8) ) i '
ECCE vy (I 6 A FHH % ME) 41.66—>> 195.45(+153.79) 1.34 1.38 1 1.80
UCCE v, (%A EEREEAL 1—>> 58(+57) 1.26 1.27 1 1.66

13 5 AT SR B AR S5 R 4 A i R R LA ST B T AT R
P AN S BE 5 A B FH P B8 1 465 1) i B, W B 5 U P
T A0 HE A DT i 6% KA B 3K

ARSCE X 5 AR SR P Al RS [ g s 5 vk T
PR, Hoh dist 8 F PR 55 F B P B4R 04 4 R
ML dise (E /N R R 5 s pr R RAE AR LB L spr (H /DN
FRAF . Lo f WIS S R A O B R R Al DG
BAEbR lof [HAE /N, 7B A KKK, cost HMELZEE HET
dist sspr Fllof s T e VLAl ) 35 5805 % L cost {H #/)N , U B
5 AR

M dist Jpooltt, FRLEH MM W BT .t
FSHW M FHF 21 0xs 20 MG R #5271 (TCE) T ik
4 TR

E I R R

Table 8 Comparison of experimental results

5 )] V& 3 cost dist spr lof
TCE o oo 2.00 1.74
T ECCE 1.34 1.38 1. 00 1. 80
UCCE 1.26 1.27 1. 00 1.66
TCE 0.59 0.35 1.00 1.43
Ty ECCE 0.59 0.35 1. 00 1.43
UCCE 0.52 0.03 2.00 1.01
TCE o oo 2.00 1.09
Ty ECCE 1.13 1.07 1.00 1.80
UCCE 1. 00 0.71 2.00 1.01
TCE o oo 1. 00 1.04
kN ECCE 0.41 0.15 1.00 1.03
UCCE 0.30 0.00 1. 00 1.03
TCE 4.16 5.19 2.00 1.27
x5 ECCE 1.30 1.28 1.00 2.06
UCCE 0.82 0.31 1.00 4,07

FEXS 5 ASBAE SE I P B AR bR RO 52 05k (EC-
CEYFIH P A 5 AR M R By i = 52 7 2 (UCCE) ¥ B 45 1
AT, B dist 845, AT LR B TCE J5 ik 78 (5 B8 K45
G T RBGARMES th ] P W B B, ECCE Jr s EA T
T2 R AR AN A A T B T RE 05 A5 3 AR T R Y I
Fe. UCCE AT LUARYE F 52 SRR A8 f AR A AN 2 40 1 75
I HE LA P SEBR S LA A MR R R G S 45 R, TCE, ECCE
1 UCCE X 3 F J5vk 1 spr 8 b5 22 A K, ¥ 7 TP v] 3532
TWE P,

B 4 41528, TCE, ECCE Ml UCCE HY lof {8 #H ¥ , #B
AR, (HTES 5 40, ECCE 1 UCCE By lof 18 i %

1R R A R 2 S G Ay o s B T A R R A X
THFP x5 dist M spr TR F AT 3 B AT AR 4l 7 4L
M Lo f BT A (Y JRURS: o 25 4 Ml 42 52— KU, AT SR I AR S5
9 SR A8 UCCE 5 X A 38T 47, 25 WU 728 24
BEAR M TG TR SR A, o N T RUBE dist,spr B lof $8 45, 3 AT
i cost b5 A= (1) B 2% L 7T LUAR 3 5 A A oll 79 52 PR 15E
DL As oAy A SECNME , BE T W6 2 A W] 00 15 B2 XA 4 = %
SR B S T ST M B AR A 1 BICAR R AE 1Y 4T 30 Jr 2 BB B i AL

GEHRIE AP S A SR R IR R R AR SR T
— P TR A B AR E A R T A . BRI T
FRAE AR AR AT A A A, 2 BB B T OR [ AR AE A o 0 A
SRR RPN RENFGHIEN, I BRI, H
WK B T RRAE AR A A AN A R A A T B R T )
AR AR AR A T B 0 5 20, 4R T — Rl T B R AR AR
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I BE M AT Ik . SRJA 0L 5058 SCRY AT 22 42 1A 4L
o R B S b R LA P X AR A AR A A AL R R I AT
I, A3 2T A AE SCHYRRAEZE B AQ M ASCEE 46 9 AT AT LA i
FER TR X85 2R 25 At 3K . FRATTE LAY F A bR B[] i
BB TRAE I ACER B B g A T 3 SR AR . R AE N
AR B 6 b AR UE T g S 45 SRR AT AT Y B PR AR B AR R T
B A S5 SR BT L 3 Ve R IR 1 B g S R
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AN PN AT RER TR B0 . R o P g B 0o () R AT R
e MAT T S . LI AR AR W A SCOr IR T R X B KU
O 45 SR HEAT ARG B0 A R (] I B AT AT MR A AT R AR R
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FAT AT AR R AR A 1 T DU 0% K 55 0 1 A T B
AEL7E R A A [0 4503 0% 5 AR A A 1 5 & SR AR 45 4
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TPER L SRR R . X T R UL A R AE AN A E
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