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Abstract: The combination of big data, cloud computing and artificial intelligence technologies has significantly enhanced
the capability of enterprise financial data processing. In order to improve the accuracy and reliability of financial risk
prediction for small and medium-sized enterprises (SMEs ) , an financial risk prediction framework based on multi-verse
optimization( MVO ) algorithm and bidirectional gated recurrent units ( BIGRU ). Initially, complex financial data are
subjected to feature normalization, followed by the selection of the optimal feature subset using the MVO algorithm.
Subsequently , the evaluation of economic benefit risk for SMEs is accomplished using the BiIGRU deep learning model. The
sequential model-based algorithm configuration (SMAC) is employed to perform parameter tuning for the BiGRU model,
optimizing its parameter configuration to enhance model performance and generalization ability. The SMAC algorithm
automatically searches for the best combination of parameters in the parameter space,thereby identifying the optimal model
configuration. Experimental results demonstrate that the proposed hybrid model exhibits higher accuracy and predictive
capability in the task of predicting financial risk for SMEs, outperforming similar state-of-the-art methods, thereby
confirming the potential and importance of feature selection and deep learning models in economic benefit risk analysis.
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Fig. 1 The flowchart of the proposed method
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Table 1 SMAC algorithm
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AL 1000 DMEEAS, AR AL 24 ANMRFAE. FRAIE AL & PEAIE S5 R, AN PSS 00 BE O i A A i
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24 AFFAENCT
2.2 XWFEMITFEIER

JI T 1 SEBR FREE h Winl0 484 R 58, BEAF L # D Intel i5-12400 CPU,NVIDIA GeForce RTX 3080
GPU Fi132 GB RAM. {fi FH TensorFlow 2.1.0 Fl Cuda 10.2 HEZZ  Jf-fi FH| Python 3.7 WFEiE 5.
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23 ZWER
2 45 TR ITIA M MVO Bk 7E SR A ®2 HIEERER
?E % J: flﬁ Hj E/‘J fr”j-j:‘?E % % }J\Qlﬂ:l: %EPEI Eﬂ—l MVO %:{215 Table 2 The results of feature selection
TEBHESE CGerman credit iE#HE 11 MMR1E, 7E 50 PR 4 Btk HETE R
Australian credit J:ii?j:% 8 /I\ #?E MVO %:Hiﬁﬁ%—é German credit 1,3,7,8,9,10,12,14,18,21,23
RV, BEREAS ) 2 MG RS AF 2 L B gy dutrelion oredi L2485 L1

AR, RERS 783 A FHC A 015 B, AT 7E R AR 8 et A vp B o 1 1 A7 3 2ok AR B 4, T A /D A
FHOCELTCAR ML, B TR AL I 52 292, A B Tl o 40045 1 XSS

223 B T ERMR I, A3 BGHEAR 4K (ant colony optimization, ACO) B3 JKIRPEAL ( grey wolf
optimizer, GWO ) .3 Rk T BEAC AL ( particle swarm optimization, PSO) 5.9 5 MVO B 15 75 4E German
credit EARZEACTHY BCC 4558, bl 23, Fri Ik i B9 MVO B BUS 1 S b MEBE, X2 ol
ACO B .GWO BHH PSO B R 5 TR M LA 1 BT TR BE 23 B A Jm & e DL i 11 JC 12 4 Jmy 48
REVEACAE. 5ZAHE, MVO B35 1 AP0 55 v i R A R S AL B s i 4 Jm 48 R e, 5 A
Al RER B AR . HEAh, ACO 553 .GWO ByE AT PSO Bk AE R % | W T 2 553l ad B 45 v &= 2% i858 oy
AT FVRFIE Z [B] Y9 5C 22, TovE AT RO I % BB S5 T MVO B3,

F3 HIEE German credit LA BCC 4R

Table 3 BCC results on dataset German credit %
HAWE ACOTE  GWORME  PSOBE MVORE || AW  ACORE  GWORME  PSORE MVOHE
1 16.77 17.82 18.95 12.35 6 16.72 17.53 19.33 11.43
2 15.72 17.53 18.05 13.01 7 15.39 18.22 18.75 12.81
3 16.28 16.92 18.11 13.25 8 17.82 17.45 17.99 11.44
4 14.92 16.99 17.92 12.95 9 16.92 17.32 18.52 12.55
5 16.55 18.05 19.73 12.75 10 16.58 17.19 18.74 12.08

4 F1E 3 A B T AR T ELEBIELE German credit FI1 Australian credit _E 447 FRP AT 4515 14 45
NG AR R B, A SO $E T IR AE P B 45 LIS T e R RE. IEBHAR SO ik gi AR T
MVO B AR AE 24 . BiGRU BRI AT 432 F SMAC Bk kAT 28k, Fe 0 I T & Fh s g e 3,

s TR,
M3 1 HE IR AE O Sciik[s] O o] B Schi[10]

F4 FREFEEHIEE German credit HIERELLE 100 WAL
Table 4 Performance comparison of different 00
methods in dataset German credit
< 801
- . Iy ISy
iz T IR UR Sen Ace F, E 70
k8] 71.95 73.37 71.45 # 6oL
SCHR[ 9] 81.79 82.95 80.30
SCHR[10] 90.11 92.54 91.03 0
40
A3 96.52 98.43 97.52 Sen e F,

KT MVO Bk S TR ESE B, A HE T SCHR[10] B3 FEZTEESURE Australian credit HHIMAELLE
;Fu{ﬁ }Eﬁ B(] %ﬁ’fjﬁ /f t% /f , MVO % {%ﬂ‘ﬁgﬂﬁﬁaﬁ E{J é Fig. 3 Performance comparison of different methods
)%%E%ﬁléjj *”Eﬁ? E/‘J ﬁ@‘l‘ , ﬁlé ﬂzﬁﬁ&ﬁ iﬂiﬁ?% ?U L:j ﬁ:}' in dataset Australian credit
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ARSCHEH T —Fh LT MVO B35 BiIGRU A2 B33 25 AUBS: TR AE 42 | LA w35 X6 Hh /N Aol 28 T 55025 KL
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