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Interpretable Credit Risk Assessment Model: Rule Extraction Approach Based on Attention
Mechanism

WANG Baocai and WU Guowei
School of Software Technology,Dalian University of Technology,Dalian, Liaoning 116000, China

Abstract Due to the limitations of traditional statistical models for credit risk assessment, machine learning techniques have sig-
nificantly enhanced model accuracy and predictive capabilities. However, the complexity and opacity pose significant challenges in
terms of interpretation. To address this issue, this paper introduces an interpretable machine learning model for credit risk assess-
ment that integrates the attention mechanism with tree ensemble rule extraction approach. This model automatically identifies
complex nonlinear relationships within the data, extracts a large number of interpretable rules from the trained tree ensemble
model,encodes these rules into new feature variables, and inputs them into an attention neural network to obtain attention
weights for each rule. Subsequently, based on the attention weights,objective function,and constraints, the model balances the
predictive performance,stability,and interpretability of the rule subset. The optimal rule subset can be derived in O(n) time. Ex-
perimental results,based on three public datasets,demonstrate that the proposed approach not only maintains high predictive ac-
curacy but also substantially enhances the model’s interpretability.
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HC_CMPR.RF+HC {43 i, 5% FH 37 (0 8000 34 7 1205 5
3) RF + SGL, Ffi ¥l £k Mk &5 & # 6 ¥ 241 & R (Sparse Group
Lasso,SGL) , FH = M Bl HL 25 M 3 5 i) B0 0] w45 R 670 A 2 )
#1271 ;4) RF+MSGL,RF+SGL B2 &, % JH £ 25 I 7 wi Bt
#H & (Multiclass SGL,MSGL)PY | ix 4 FhiE e 54K S0
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Australian 5054 F A9 SEse 25 sk 4 Brd), 7EXT LA
HE L, AUC R A B RF_HC, H AUC R 0. 806, #1
MR 135, SR R A3 AR KRS e E N
0. 806 , 3K 15 14 F KL I 4 r B8 0 B8 it ok 635 B AS SCHR 75 RRFA
T 63 ZH NS T RE_HC 24 1y B g, 35 48
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X LB T D0 5 R D i ARk SGL, A I B
S 57T AUCE R 0. 773, 8 32X (13) A9 20 3 5% 1 o A9 2 Ble, 12
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F 4 Australian B0 5 bS5 45 7

Table 4 Experimental results on Australian dataset

Hx AUC Accuracy  Precision Recall num_rule

RF 0.871 0.874 0.858 0. 850 5042
RF_HC 0. 806 0.786 0.742 0.812 135
RF_HC_CMPR 0.803 0.784 0.747 0. 805 123
SGL 0.773 0.760 0.734 0.763 57
MSGL 0. 800 0.783 0.758 0.788 74
RRFA(43) 0.778 0.791 0.828 0.669 43
RRFA(63) 0.808 0.815 0.812 0.751 63

German F(E4E FRySCs g5 R an sk 5 pral, 7Exf LAk
H, AUC 55 5 19 55 15 52 MSGL, H AUC {835 0. 624, #11U
oy 236, 4 (13D LR FAF I S 8 IEH N 0. 624,
SRAS Ay T 0 U v R ) B B N 176 B SCHEE RRFA i
T 176 MM A E T MSGL Bk il he . B 48w T
A R

#5 German B4 LY 5206 45 1

Table 5 Experimental results on German dataset

i AUC Accuracy  Precision Recall num_rule

RF 0.653 0.563 0.391 0.873 5667
RF_HC 0.554 0.551 0.362 0.593 146
RF_HC_CMPR 0.582 0.571 0. 380 0.630 145
SGL 0.596 0.569 0.372 0.639 94
MSGL 0. 624 0.586 0.389 0.652 236
RRFA(70) 0.596 0.567 0.371 0.667 70
RRFA(176) 0.624 0.562 0. 380 0.776 176

X LSRR b 00 B3 R D B ARk 2 SGL, A ) B
S 94, AUC A2 0. 596, % 30 (13) AU LY s 45 14 F 19 B Be) IR
T 0,596, 3R AT 9 T B0 I £& b B U AR Ol 70, BDAS SCBE
RRFA 7E38 8|5 SGL 58754 [F] (% 000 1 g8 B, o] DLtk — 25 9
200U 4 B0 A AR T e R

LCHUIESE B scs g Ransgk 6 fral, Xt ea s,
AUC {5 & 87 & RF_HC_CMPR, H AUC {4} 0. 603,
PR N 159, R ADMARKZHE TS BEN
0. 603, 3R A5 Y T HL I £ v L I 450 2=y 54, BV A SCH L RRFA
BT 54 4cHN A % T RF_HC_CMPR 5535 i 39 0 1 AE .
PIRER I (9 nl T OB O = = 7 B = B =T

# 6 LCHUESE Lmai R

Table 6 Experimental results on L.LC dataset
7S AUC Accuracy  Precision Recall  num_rule
RF 0.661 0.576 0. 320 0.814 15398

RF_HC 0.599 0.599 0. 300 0.591 166
RF_HC_CMPR 0.603 0.603 0. 304 0.585 159
SGL 0.602 0.602 0.301 0.611 103
MSGL 0.602 0.602 0. 305 0. 560 92
RRFA(54) 0.603 0.627 0.305 0.561 54

4.5 ZWHERHW

S A7 L0 AR T 2R G o SR AL T P AR S AT A R
P4 A P F «=0.5. 76 3 MRS L. 1%
3 i) 42 SRR D) % T g ACEE (i DA g 0 AT X RO SR AT HE T L 4R
e T R0 B v g DU SR RO R A IO TR A A
8 h7 .

Australian B 5 1, BE & F0 0 42 0SS 09 154, 10 00 48 1Y
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Fig.4 Performance metrics of rule subsets for Australian dataset
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Fig. 6 Performance metrics of rule subsets for LC dataset
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Table 7 Minimum rules that maintains at least 80% of the original

RF prediction performance

B & A FM B E AUC  Accuracy Precision Recall
RF 5042 0.871 0.874 0.858 0. 850
Australian

RRFA(46) 46 0.792 0.802 0.827 0.701
RF 5667 0.653 0.563 0.3911 0.873

German
RRFA(85) 85 0.593 0.550 0.363 0.699
LC RF 15398 0.661 0.576 0.320 0.814
. RRFAC(86) 86 0.622 0. 604 0. 309 0.655

HAAD P AR FAM NS ER E ey = AUC, X0. 9,
e, = Accuracy,; X 0. 9,e; = Precisiong X 0. 9,¢, = Recall; X
0.9,65=F1,X0.9,6,=0.9 i}, 52825 R 8 pral, L
S5 F R WL, AE 0 00 £ 09 45 J00 T80 P e 4 A 1k ) an B B
AR MRS T T P R 90 Y6 LA AT EE T L 76 Australian 2095 4R
Fde /N F AR Sy 73 6B, 7E German (8R4 s /NF 31
M4y 188 S0, 76 LC #Hlm 4 Ffm/hF RN R 117 &
L,

X8 AR A RE HIN 1 AR 90 %6 LA b B8 /N7 B 4
Table 8 Minimum rules that maintains at least 90% of the original

RF prediction performance

H A & A FM B E  AUC  Accuracy Precision Recall
RF 5042 0.871 0.874 0.858 0. 850
Australian

RRFA(73) 73 0.818 0. 825 0.818 0.769
RF 5667 0.653 0.563 0.3911 0.873

German
RRFA(188) 188 0.625 0.560 0.379 0.786
Lo RF 15398 0.661 0.576 0.320 0.814
. RRFA(117) 117 0.641 0.589 0.316 0.734
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Fig. 7 Number of rules required for the rule set to achieve the

specified prediction performance
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Table 9 Comparison of algorithm computation time

(s)

HAE & RF_HC RF_HC_CMPR SGL  MSGL RRFA RF

Australian 16 18 14 11 22 1

German 29 36 22 19 38 1

LC 2137 2549 1837 1432 2372 35
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