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Table 3 Statistics of entities and relationships in the audit knowledge graph
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Fig. 3 Audit knowledge graph of listed companies in China and partial examples

Neo4j



2016

5
2015
2015
3
3.3
Bao
5
5
XGBoost
GAT.GraphSAGE .HAN

HGT

2018

HGT

3.1

~

XGBoost 2 *' ¥ .

100.

2.2

Python

PyTorch Geometric ( PyG)
GAT GraphSAGE

PyG

10

3 80%
1 094

20%

( cost sensitive)

36

Bao

XGBoost  AUC
71.86%
71.89%

31

72.50%
AUC

XGBoost
79.20%
0.83%.

31

78

9 12 24

AUC

20% 4 375
2
5
.37%
70. 83%
Bao
AUC



— 66 — 2024
4
Table 4 Comparison results of company financial statement fraud identification
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Fig. 4 Comparison results of fraud identification after removing the relationships between elements in the audit knowledge graph
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Table 5 Statistical description and test results of audit opinions
t
194 1.78% 0.02 0.13 40 16.88% | 0.17 0.38 —11.43*
70 0.64% | 0.01 0.08 12 | 5.06% | 0.05 0.22 -5.53%%
314 2.88% 0.03 0.17 22 9.28% 0.09 0.29 —4.01 %%
56 0.51% 0.01 0.07 18 7.59% 0.08 0.27 —9.54 %%
10279 | 94.19% 0.94 0.24 145 61.18% | 0.61 0.49 14. 627
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Financial statement fraud identification considering the multiple-dimensional
semantic associations of auditing elements
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Abstract: Existing studies on financial fraud identification mainly focus on analyzing relatively simple features
of audit elements such as companies auditors and audit firms. Few studies can systematically describe the
intricate relationships between various auditing elements. To improve the accuracy of financial fraud identifica—
tion this paper innovatively introduces the knowledge graph technology to construct a multi-dimensional se—
mantic network including companies auditors and audit firms and applies graph neural network models to
analyze the complex relationships among the auditing elements in the knowledge graph to better detect financial
fraud. Based on the auditing information of listed companies in China from 2018 to 2019 an auditing knowl-
edge graph containing 12 373 auditing elements and their 111 194 relationships is constructed. The empirical
results demonstrate that the relationships among auditing elements can indeed help improve the accuracy of fi—
nancial fraud identification. Among the various relationships the auditing opinion of auditors to companies is
more important for fraud identification. Using the auditing element information of a company in the past 5 years
to identify fraud is better than in other historical periods. This study can provide a scientific reference for in—
vestors analysts and regulators to identify financial fraud in the era of big data.

Key words: financial statement fraud; audit element correlation; semantic association; knowledge graph;

graph neural network



