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Abstract

Financial statement fraud poses a severe threat to the healthy operation and resource allocation of
capital markets, making the development of accurate and efficient fraud detection models highly
crucial. With the advancement of Graph Neural Networks (GNNs), anomaly detection based on corpo-
rate association networks has emerged as a promising research direction. However, most existing
GNN models rely on the homophily assumption—which presumes that connected nodes share sim-
ilar characteristics—and thus struggle to handle the extensive heterophilous connections deliber-
ately forged by fraudsters for camouflage. Furthermore, traditional methods often overlook the mul-
tiplex, complex relations among enterprises, such as supply, distribution, and investment links. To
tackle these challenges, this paper proposes a Multi-Relation Heterogeneous Graph Detection Frame-
work (M-RHGDF) based on spectral graph feature extraction. Specifically, an edge-aware module is
first utilized to predict whether the relations between nodes are homophilous or heterophilous,
dynamically splitting the original multi-relation graph into specific positive and negative subgraphs.
Subsequently, an adjustable Beta Wavelet Graph Neural Network (BWGNN) grounded in spectral
graph theory is introduced to perform frequency-specific feature extraction on different subgraphs,
effectively separating low-frequency signals that represent normal patterns from high-frequency
signals indicative of anomalous behaviors. Finally, the spectral representations across various re-
lational networks are aggregated to achieve a precise classification of fraudulent nodes. Extensive
evaluations are conducted on FDCompCN, a real-world corporate association dataset characterized
by rigorous pre-processing, anonymized fields, and temporal independence. Experimental results
demonstrate that M-RHGDF significantly outperforms existing mainstream baseline models across
core metrics including AUC, GMean, F1-macro, and Recall, thoroughly validating its superiority and
robustness in addressing heterophilous graph fraud detection.

Keywords

Financial Statement, Fraud Detection, Graph Neural Network, Spectral Graph Theory,
Heterogeneous Graph, Feature Extraction

Copyright © 2026 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 3]

W 55 AR ARV ™ F D A T MR RIS AT S IEB AR 0o IR 2 e s I 35084, B3k
ITRNA BRSNS Z EAUE T 2R, TR i RIRR AR E, BE TR E KA
fi[1][2]. BIL, AR AW SRR VER ISR, T AL L T, B DL AR
BHEME, HARERERNEREMIEE X

FLI S T JVEAS I AT 7 2 AR T B AR BE RO AN G i T ik W 9T 3 B R I 95 H R IR VE AL Oy —
oA, BAERNIRVES R EM SRR Z R ER KR . Hd, i Beneish [3]JF A1 M-Score #A4AN
Dechow 55 N [4]71 A& ) F-Score 15 7, id — R FII 55 LRV 23 =] B0V KU, ZEARK — BU TR A
M Z VR AR YRR . BEEHLAS o ) FA I D T SERE T 3R T, WF 70 K0 ZECoiZ T M AR 1 S
TR B [ N 1k I HL A 2 ST, DU i S8l v B 322 I IRVEAT I R 2. i, Cecchini 58 A
[S] FH 2 T 55 LU AR A SCF [ BAL(SVM) B, R 1 AT FEREAS 0% VE A 7] . Perols [6]i8

][l

DOI: 10.12677/csa.2026.164111 77 T LR 58


https://doi.org/10.12677/csa.2026.164111
http://creativecommons.org/licenses/by/4.0/

i
i
bl

IS EEASFLAS S S S, RIUE AR SVM 78 & i VE IR BT 55 h R B . B T BUE A 4545
%, Purda F1 Skillicorn [7]FFAHRER SCA(E BAERVERIN A A RLA A0 0 254 5 I B 0 0e 5 0 i
(MD&A)HB AT A M, EW] T AR5 A SCAR AR 2 & 7 F 8 IIRVEZR R . M5, Bao % A[8]KH
RusBoost 5321 J5 4 1 55 4 &, Brown 55 A [9]5] A 32 RS AY 73 47 I 554 45 1 32 R A 25, Bertomeu %5 A [10]
KRR T EE R (GBRT) IRl & AR 55 K 2, #E— BT TR IPERE . IX KRB TR GebL a8 22 I 7%,
FARIBAE T HERAEXS T B, B BORM AT RREE . SR, BT S B A R IR AT F LARIE TS, H
FA AR B AL [F] 73 AT, U TEIE R AR A B 2 AAETE R A ORBR M 2%, T axX 546 2 0 S5 IR VEAT N
WA SRR E

SRBEERARE A B, AnliEid fEREE . AU S RERE R R T B A 4 254
Pl b 22 I 28 (GNIN) A g — b B T3 Ak BB S 435 M A BRI B8R 1R it K L, Dl BRI P g B ORIBR I 443 13
(AT RE T P 22 0 288 PR S VE A il D77 2 40 0T B8 ) B AR AL, T DAy o T () o AR A 1) g R A
BT R R 7. R 5%, W Dou 58 A[11]. Liu 58 A[12]80 Liu 88 A[13]1) T4, @# TR
J A R (Homophily), BRI ARZE Y s B A AL R IE bR 2, DR AE A JE BRI 32 2R PRI U8
a, DABRALIXFPARAIME . SR, IS tH S e R VR AT AT S B S R RRAIE (Heterophily),  BIAHEE S £ifE]
AFFEEAR SRR EZ R NTEREMAC, TEHESZIEE KE RIESR @I AR, Flansi it &
R IR P K-S 3T 8 X RO AT N 3 BOE T s R VEE 5 R S (AR AE B 25 22 7
EX, MHEEY TR, BB T R B GNN S 7ERVETT SRR 5] KRS,
N 55 ST (R U e

DRV B R I R S B PR, B T R AR I R R W A T AR . AR SR TR A T
Fifre — i B A5 2 o) ok /b e R, SR B, Ban Suresh S8 A [14]109 TAE; 2B
UKV B G e, [R5 B 1 5 S o, 1 H2-FDetector 3883 [A] I =5 JE 15 s 18] [ Jo3 4 11
SRS B R A ESEUS T RIS R . S, Tang 28 A [15]3H 1) Beta /NBEAE i i@ g 2%, ] LA
(7 i B ] e R AR ([ 5 ) R i A G S ) 15 5, i — 2B 3T 1 IRVER I A M i

S IR LT RPN 25 (1) 7V AE AL B e S 1 1) AR AR TR, (B TE R 2 AR T — 2R
R R E 5. WS HCRIRVEW LR B R R R RFZ MR, W7 M2 KRR E.
WA AE— AN —HIAEZE Y, AR X FI 2 0 R s 7 R e M2 S5, AT ek A A 70 2 3 X
AFISB RFE S 2, R B AR, Je Tk, ASCETIgEER, B4R —MEHTZXAR
) PR 4 222 ) 2% [ A DM 5 2 (M-RHGDF), 3157 B AT AR BRUAS [RIBSUS AR AF (19 BWGNIN RS H, b b T 48 ) 4 2%
WRAVEHEATAE N . 38 7E B S Hd 4 FDCompCN (15288 [16], 5 EMAIEZ 5 e AL FE £ 3¢ R S ik
WVEMIZE . SRTHIRVERE A [81 232 07 1 (1A 280 5 A0 e

2. TRBINE
2.1, =EES

T 115 55 R 5740 1L I 24 46 DIUAE 42 (M-RHGDF) 1 ] 1, 3R FH) BWGNN HEBUR IR [ U1
A4 T B4 5% PRI VE L FDCompCN 1 3E 4779 14325,
M-RHGDF 3¢ 5 AMBibR, Wl 1 Fis, BT . TRISZ. R, FER A s
%, Forh T B R A AT P TRE, SR BIR S R KRS
GEERREG={V, X &, Y} BN AR, SERE X, , % R
YT IO ST, B BUME B 5 A R R0 € R A €7, ST IR AR 1, 443

DOI: 10.12677/csa.2026.164111 78 LR 5 R


https://doi.org/10.12677/csa.2026.164111

FEARSE

GRRNAFRMRAEE G . RALETERG MXANTRG , 5K G Bl NFFLIRIUREER,
XA B P AT DA AN [ R AR SR R A 4, DASR R REUBL AR AE, e AEAFIE R SR h Rk B
AN T B R, P FRFAE R 5 AR AT SR A R EAT 2 AT B R 4 171 i RALE

=(Rer Voo W_m -I-C

...
@@@

EE=)

[ J
ﬁ'%@ W:(V%—LCK—I W—zc—m Vgo

Figure 1. M-RHGDF overall detection framework
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Table 1. Models of the modules within the M-RHGDF framework in this paper
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Figure 2. Distribution of data categories
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Recall =
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Table 2. Statistics of the FDCompCN
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B T X IEGCRIAE ST, IR A2 KA R, e AT WAL [ HE 7 MR RE . AUC {2 1,
FETR X 43 JCVE (4 6 R
AUC = [ TPR (t)dFPR (1) (16)

e, TPR(t) NHEIE t FRIZLIEGIZ(H ), FPR(t) ARIEGIZ (FP/(FP+TN)) . 7ESbrit5h, 5@
HR FI B TEVE 0 B U ROC AT ) .
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3.2. SCIRIREE

SEUE AR IR L% 3, R 5 TSR Intel(R)Core(TM) i9-10850KCPU@3.60GHz, 4 24 GB
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Table 3. Experimental environment details
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CPU Intel(R) Core(TM) i9-10850K @ 3.60 GHz
M AF 24 GB DDR4
B NVIDIA GeForce RTX 3090 (24 GB {&7)
BERS Ubuntu 20.04 LTS
WG Python 3.9.13
IREESE SIHESE PyTorch 1.12.1
CUDA A 11.6

Table 4. Experimental parameter settings and meanings
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Pi4E FDCompCN FIEAT 1) V2 HIXT U SESG o B4R 7 ikiiias | AL GpLae 5 S B | Gl F IR 22 I 265 . Xt
S I AR ) A28 DA R o P S ) A 2 . LR MR e R I e 5 R 3 i

SEGSE LR, AR AR E R XGBoost A1 MLP 7E AUC (43724 0.6067 5 0.5732)F1 F1-macro
LAV EAR ERIURAE . XRY TS EE R SR 2% b, Bai i o7 1 55 Fa br A 2 LAAxTH
ZIEIRVEAT N, X284 0 2546 (R i 2R 7™ B 161 2 T R (R R F0 o R, 5] N0 BT T PR A 40 D %
(memﬁmmnﬁ A AUC Fabr MUK AR FE, M T R % 0.5238 A1 0.5235, MhReEE=ARZZ
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Table 5. Comparative experiments of different models
= 5. TEHEEMXT L SE

Metric AUC GMean F1-macro Recall
XGBoost 0.6067 0.6089 0.5036 0.5786
MLP 0.5732 0.5437 0.4245 0.5776
GCN 0.5238 0.5467 0.4057 0.6274
GAT 0.5235 0.5201 0.3769 0.6215
GPRGNN 0.6678 0.6124 0.5047 0.5769
FAGCN 0.6816 0.6350 0.5137 0.625
H2-FDetector 0.6483 0.6178 0.5004 0.6347
BWGNN 0.6293 0.5897 0.5017 0.5386
M-RHGDF 0.6867 0.6437 0.5201 0.6469

1.0

0.8 q

=4
o
L

Performance Score
o
IS

0.2 4

0.0 -

AUC Fl-macro Recall
Metrics

Figure 3. Model performance comparison
& 3. RAUMEREXTEE

AT A5 GNN, %10 572 51 B 3 A R (0 GPRGNIN [19]. FAGCN [20]F1 H2-FDetector) ¥ fig
HRER T #a1, FAGCN F1 H2-FDetector [1] AUC 4515 %] 1 0.6816 F1 0.6483, I H7EH A2 (Recall)
R (5r 2 0.6250 Fl 0.6347). X P HE N MG A E SRR T RIS, BERE AT AL e
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Table 6. Ablation experiments using different modules
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Figure 4. Local neighborhood structure of node #3717
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