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Abstract: The credit risk of enterprise groups is gradually characterized by network
transmission, and the traditional model with the financial indicators of a single enterprise
as the core is difficult to describe the impact of equity, guarantee, related party transactions
and other relationships on risk diffusion. Based on multi-source public data such as
CSMAR, Tianyancha, and China Execution Information Disclosure Network, this study
empirically constructs a real enterprise association knowledge graph, and designs a
heterogeneous graph neural network credit risk transmission early warning model. The
model takes enterprises, natural persons, financial institutions and risk events as nodes,
takes equity, guarantees, related party transactions and senior executive positions as the
edges, integrates the characteristics of finance, justice, rating and public opinion, and
aggregates neighbor risk information through the relational attention mechanism. The
results showed that the AUC of the KG-GNN model reached 0.92, which was better than
the Logistic regression, XGBoost and basic GCN models in terms of F1-Score, Recall and
KS. The ablation experiment shows that the relationship between equity and guarantee is
the key relationship type in the transmission of group credit risk. The results show that the
framework can identify the external infectious pressure that has not yet been shown in the
monolithic report, and can provide a reference for the credit management and penetrating
risk control of group customers.

1 Introduction
1.1 Macro background and research focus

Preventing and resolving financial risks, especially preventing the occurrence of systemic
financial risks, is a basic task in financial supervision and risk management of commercial banks. In
recent years, China's financial system has maintained stable operation, but credit risk, corporate
debt risk and local financial risk in key areas are still intertwined, hidden and conductive. At the
2024 Financial Stability Work Conference, the People's Bank of China proposed that it should
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continue to improve the financial risk monitoring and assessment framework, and adhere to early
identification, early warning, early exposure, and early disposal of risks. The China Financial
Stability Report (2024) also emphasizes the need to strengthen risk source prevention and control,
monitoring and early warning, and firmly adhere to the bottom line of no systemic financial risks.
According to data from the State Administration of Financial Supervision and Administration, at the
end of the fourth quarter of 2024, the balance of non-performing loans of commercial banks was 3.3
trillion yuan, and the non-performing loan ratio was 1.50%, which shows that the overall quality of
credit assets is stable, but the stock of non-performing loans and potential risks still need to be
continuously monitored .

Enterprise group customers are the key objects in credit risk management. Compared with
individual enterprises, enterprise groups often have the characteristics of multiple organizational
levels, multiple financing entities, and frequent internal transactions. The relationships of holding,
shareholding, joint control, related party transactions, capital borrowing and mutual guarantee
within the group may spread the risks of member enterprises along the equity chain, guarantee chain,
capital chain and personnel relationship chain. The Guidelines for Risk Management of Group
Customer Credit Business of Commercial Banks include equity control, joint control, joint control
by key managers, and the possibility of transferring assets and profits not in accordance with the
principle of fair price into the scope of group customer identification, and requires commercial
banks to establish an early warning mechanism for group customer credit risks . The CSRC's Notice
on Regulating Business Transactions between Listed Companies and Enterprise Group Finance
Companies also regulates behaviors such as arbitrage of funds through related party transactions
and concealment of the true whereabouts of funds . It can be seen that enterprise group credit risk is
a networked risk embedded in a complex correlation structure. Identifying risk transmission paths,
key nodes and types of high-risk relationships has become a key problem to be solved in the credit
management of group customers.

1.2 Existing research consensus and methodological evolution

The research on early warning of enterprise credit risk has long been based on the financial
situation of enterprises themselves. Early studies mostly used statistical methods such as linear
discriminant analysis, logistic regression, and Probit model to identify default probabilities around
indicators such as solvency, profitability, and cash flow. As data scales, models such as random
forests, support vector machines, and XGBoost are beginning to be used for credit scoring and
default prediction. This type of model can handle some nonlinear relationships and has a good
application basis in the credit evaluation of individual enterprises.

In recent years, graph machine learning has gradually entered credit risk research. Das et al.
found that after incorporating the enterprise relationship network into the credit rating prediction,
the model performance was better than that of the table model alone. Lee et al. used graph
convolutional networks for credit default prediction. Wei Shaopeng et al. proposed a multi-
perspective heterogeneous graph neural network method and emphasized the role of heterogeneous
correlation on enterprise credit risk identification . Previous studies have shown that enterprise
financial indicators are the basis of credit risk identification, and the relationship network between
enterprises can provide incremental information that is difficult to reflect in traditional table data.

1.3 Knowledge gaps and research questions

Existing studies have proved that the relationship network has value in credit risk identification,
but there are still deficiencies in the early warning of credit risk transmission of enterprise groups.
The traditional model mostly regards enterprises as independent samples, and insufficiently portrays
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complex relationships such as equity, guarantees, related party transactions and personnel
appointments. Some machine learning models still belong to the tabular learning framework, which
is difficult to directly process topological information such as edge types, higher-order paths, and
neighbor risk exposure. Deep learning models also have the problem of insufficient explanation in
financial scenarios. Based on this, the core question of this study is: can the association relationship
of enterprise groups be expressed through the knowledge graph, and the risk transmission pattern
can be learned by using heterogeneous graph neural networks, so as to improve the early warning
ability and path interpretation ability?

1.4 Research objectives, innovation points and research value

This study aims to construct an early warning model of credit risk transmission of enterprise
groups based on knowledge graph and graph neural network. The study incorporates enterprises,
natural persons, financial institutions and risk events into a unified knowledge graph, and
distinguishes the relationship types such as equity, guarantee, related party transactions and senior
executive positions. On this basis, a heterogeneous graph neural network is designed to aggregate
neighbor risk information through the relational attention mechanism to complete the risk prediction
of enterprise nodes. The innovation of this study is that based on public data sources such as
CSMAR and Tianyancha, a reproducible real enterprise group association network is constructed,
so that the research has an empirical basis. reconstruct the credit risk identification logic of
enterprise groups from the perspective of complex networks; The relational expression ability of
knowledge graph is combined with the structural learning ability of graph neural network to provide
method support for identifying key relationships and potential transmission paths.

2 Research methods
2.1 Study design

This study adopts a retrospective empirical design, and all data are derived from publicly
available sources. The research object is the credit risk network composed of enterprise groups and
their related entities, and the research task is to predict the classification of enterprise nodes, that is,
to judge whether credit risk events will occur in the next 12 months. Based on the samples of A-
share listed companies in Shanghai and Shenzhen and their affiliates from 2019 to 2024, this study
integrates data such as enterprise industrial and commercial information, financial data of listed
companies, announcement texts, judicial enforcement information, bond ratings, and news and
public opinion to form a knowledge graph of enterprise group associations.

The specific research process begins with the determination of sample subjects and risk event
labels. The study first completes the cross-source entity alignment based on the unified social credit
code, securities code and full name of the enterprise, and then extracts the relationships between
equity, guarantee, related party transactions and senior executive positions to form a heterogeneous
enterprise relationship network. After the construction of the graph, the characteristics of the
enterprise and the risk information of neighbor nodes are input into the KG-GNN model, and
compared with Logistic regression, XGBoost and basic GCN. This design not only ensures the
traceability of data sources, but also enables the risk transmission relationship of enterprise groups
to be clearly expressed in the model.

2.2 Study subjects, sample sources and inclusion exclusion criteria

This study focuses on Shanghai and Shenzhen A-share listed companies and their holding
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subsidiaries, shareholding companies, external guarantee objects, related party transaction objects,
and joint senior management enterprises from 2019 to 2024. The enterprise industrial and
commercial information and equity penetration data come from Tianyancha or Qichacha API,
which is used to obtain unified social credit code, registered capital, legal representative,
shareholder level, actual controller, foreign investment and position information of directors,
supervisors and senior executives. The financial data, related party transaction data, and corporate
governance data of listed companies are derived from the CSMAR database and are used to
calculate the financial characteristics, scale of related party transactions, and governance structure
variables of enterprises [8]. Guarantee and foreign investment announcement from Juchao
Information Network is used to identify external guarantees, guarantee balances, guarantee objects
and foreign investment relationships.

Judicial risk events come from the China Enforcement Information Disclosure Network and the
China Judgment Documents Network, the former is used to identify dishonest persons subject to
enforcement, the amount of enforcement and enforcement case information, while the latter is used
to supplement major litigation, judgment results and the amount involved in the case. Bond rating
and default information comes from the Shanghai Clearing House and China Money Network to
extract information on the rating adjustment of bond issuers, bond default announcements and debt
restructuring. Negative public opinion and news texts are from CnOpenData or Tushare, which are
used to calculate the number of negative news, news sentiment score, and public opinion popularity.
The above data sources cover the main information required for risk identification of enterprise
groups from six aspects: industry and commerce, finance, announcements, justice, bonds and public
opinion.

The sample inclusion criteria are: enterprises that disclose financial statements or have access to
business information for at least two consecutive years during the study period; The enterprise has
an identifiable relationship with at least one other entity, including equity control, external
guarantees, related party transactions, or joint senior executive positions; Entities can be uniquely
identified by the above public data sources and complete cross-source matching; Enterprises can
determine whether a credit risk event has occurred. The sample exclusion criteria were: the core
financial fields were seriously missing and could not be completed; Inconsistent entity identification
caused by major mergers and acquisitions, restructuring or name changes of enterprises; The
direction and time of the relationship cannot be confirmed; Risk events cannot be effectively
mapped to feature windows.

This study defines enterprises that have any credit risk event within 12 months after the
observation window as a risk sample, including loan overdue, substantive default of bonds, being
listed as a dishonest person subject to enforcement, major guarantee compensation, significant
downgrade of the entity rating, implementation of delisting risk warning, or major debt
restructuring. This study defines enterprises that do not have the above risk events in the same
observation window, and do not have major litigation outbreaks, credit rating deterioration, or debt
overdue records as normal samples. In order to avoid information leakage, the study sets the first 12
months of risk events as the characteristic window and the next 12 months as the label window.

2.3 Data collection, entity alignment and variable processing

The data in this study includes three categories: financial data, non-financial data and relational
data. Financial indicators are used to describe the solvency, profitability, growth and cash flow
status of an enterprise, including asset-liability ratio, current ratio, quick ratio, net cash flow from
operating activities to total liabilities, return on net assets, operating income growth rate, interest
protection multiple, short-term debt ratio, monetary funds to interest-bearing liabilities ratio, etc.
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Non-financial indicators are used to supplement the external risk exposure of enterprises, including
the number of judicial cases, the amount of enforcement, the number of administrative penalties, the
proportion of equity pledges, the number of changes in senior management, the type of audit
opinions, the number of rating changes and the number of negative public opinions. Relationship
data is used to describe the risk transmission structure, mainly including equity relationships,
guarantee relationships, related party transaction relationships and senior management relationships.

The key to cross-source data integration is entity alignment. In this study, the unified social
credit code is used as the first matching field, and the securities code, the full name of the enterprise,
the abbreviation of the enterprise and the historical name are used as the auxiliary fields. For
enterprises with slight differences in names in industrial and commercial data, CSMAR data and
announcement text, the full name of the enterprise is standardized, abbreviated mapping and manual
review are used to match. For natural person nodes, joint verification is carried out according to
name, enterprise, position and time of employment to reduce the impact of mismatch of the same
name. Only when the entity identity, relationship direction, and occurrence time can be confirmed
can the corresponding nodes and edges enter the knowledge graph.

Risk labels are built based on specific data source fields. The label of the dishonest person
subject to enforcement comes from the list of the China Enforcement Information Disclosure
Network, and the fields include the name of the person subject to enforcement, case number,
enforcement court, case filing time, and enforcement subject; The bond default label comes from
the announcement of the Shanghai Clearing House and China Money Network, and the fields
include the issuer's name, bond abbreviation, announcement date and default; The delisting risk
warning comes from the exchange announcement and the Juchao Information Network
announcement, and the fields include the securities code, announcement date and risk warning type;
The downgrade of the entity rating comes from the bond rating announcement, and the fields
include the rating agency, the pre-adjustment rating, the adjusted rating and the rating date; Major
guarantee compensation and debt restructuring come from the announcement of the listed company,
and the fields include the guarantee object, guarantee balance, compensation amount and
announcement date.

Variable processing is done according to the unified caliber. The continuous variables were
indented by 1% quantile to reduce the influence of extreme values. Z-score normalization of
numerical variables; One-hot coding is used for category variables such as audit opinions, rating
status, and industry type; Embedding encoding is used for relationship types. Fields with a missing
rate of less than 20% are filled with the industry annual median, and fields with a missing rate of
more than 20% are not entered into the model input. To avoid future information entering the
training process, all features are taken from before the label window.

2.4 Construction of enterprise association knowledge graph

The entities and relationships of the enterprise association knowledge graph are extracted from
the above public data sources. A graph is defined as a heterogeneous graph:

G = (V,E,X,RY) (1)

where V is the node collection, including enterprise nodes, natural person nodes, financial
institution nodes, and risk event nodes; E is the edge set; X is the node feature matrix; R is a set of
relationship types; Y is the risk label of the enterprise node. The research focus of this study is the
classification of enterprise nodes, and other nodes are mainly used to supplement the relationship
structure and risk path.

There are four types of edges. The equity side represents the relationship between holding,
participation and actual control, and the direction is directed by the shareholders to the invested
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enterprise, and the edge rights take the shareholding ratio; The guarantee side represents the
contingent liability relationship between the guarantor and the guaranteed party, and the direction is
directed by the guarantor to the guaranteed party, and the edge right takes the ratio of the guarantee
amount to the net assets of the guarantor; The side of related party transactions represents
transaction relationships such as procurement, sales, capital lending, and asset transfer, and the ratio
of the transaction amount to operating income is taken from the side rights; The position of senior
executives represents the personnel relationship formed by the same natural person working in
multiple enterprises, and the edge power is assigned according to the number of joint appointments
and position level. Different edge types correspond to different business meanings, which also
provides a basis for subsequent relational attention aggregation.

Multi-Source Data Layer

Annual Reports Exchange Announcements Business Registration Information Judicial Enforcement Bond Ratings Public Opinion Texts

Knowledge Graph Layer

Enterprise Nodes Equity Edges Guarantee Edges Related-party Transaction Edges Executive Interiock Edges Risk Event Nodes

Heterogeneous Graph Neural Network Laye

Relation Encoding

l

Neighbor Message Passing

!

Attention Aggregation

}

Enterprise Risk Embedding

v
Early Warming Output Layer

Default Probability | Risk Level Key Relationships | High-risk Contagion Paths

Fig.1 Framework of the KG-GNN early warning model for credit risk of enterprise groups
2.5 KG-GNN model construction

In this study, heterogeneous attention networks are used to model the risk transmission of
enterprise groups. If the representation of the enterprise node at the first level is , the relationship
type is , and the node is the neighbor of the node in the relationship, then the message delivery

under the relationship type is:ilhi(l)rjirr

,(1 l l
ml® = wORY o)

where is the learnable weight matrix corresponding to the relationship type. In order to
distinguish the impact of different neighbors and relationships on the risk of the target
enterprise,Wr(Dr this study introduces the relational attention mechanism:

e = LeakyReLU (af [W;h” [W;h"llg,]) ©)

where is the attention vector, which is the relationship type embedding, representing vector
splicing. The normalized attention weights are:a,q||
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r,(1)
ar'(l) _ exp(eij ) (4)
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The target node at the first level is represented as:1 + 1
+1 (1 ,(
hg = U(ZTER 2 jeN, (i) airj( ) mirj( )) (5)

Finally embed the enterprise node into the input binary:
9; = sigmoid(W,h{") + b, ) (6)
The loss function adopts cross-entropy with category weights and adds regularization:L,

L == Yiev, wy, [yillog() + (1 — y)log(1 — $)] + AllO]I3 (7)

The core of the design is to draw the risk of the enterprise itself and the risk of infection from
neighbors at the same time. When the company's own financial indicators have not deteriorated
significantly, but its guarantee objects, holding subsidiaries or related party counterparties have
already had risk events, the model can capture external pressure with the help of messaging
mechanisms. This process is close to the risk investigation logic in bank post-loan monitoring.

2.6 Experimental setting and evaluation methods

The experiment is conducted in Python 3.10. The benchmark model is implemented using scikit-
learn, and the KG-GNN model is implemented by PyTorch and PyTorch Geometric. The
HeteroConv module of PyTorch Geometric can set different messaging modules for different edge
types and aggregate the results of multiple relationships pointing to the same target node, so it is
suitable for heterogeneous enterprise relationship graph modeling .

The lab server is configured with Ubuntu 22.04 operating system, Intel Xeon 32-core CPU,
128GB of RAM, NVIDIA RTX 3090 GPU. The main hyperparameters are set as follows: hidden
dimension 64, graph neural network layer 2, dropout is 0.3, learning rate is 0.005, weight decay,
training rounds are 200, optimizer is Adam, and batch size is set to 256. The dataset is divided into
training set, validation set and test set in chronological order with a ratio of 8:1:1. Benchmark
models include Logistic regression, XGBoost, and basic GCN. The evaluation indicators were AUC,
Precision, Recall, F1-Score and KS value.10~*

3 Findings
3.1 Sample descriptive statistics

The enterprise association knowledge graph constructed based on public data contains a total of
1,500 nodes, including 1,000 enterprise nodes, 300 natural person nodes, 50 financial institution
nodes, and 150 risk event nodes. The map contains a total of 14,500 edges, of which 4,500 are
equity edges, accounting for 31.0%; 3,500 guarantees, accounting for 24.1%; 4,000 related party
transactions, accounting for 27.6%; 2,500 senior executives held positions, accounting for 17.3%.
The average graph is 19.3, the network density is 0.65%, and the maximum connected subgraph
coverage rate is 90.0%. Among enterprise nodes, the risk sample accounted for 10.0%. From a
structural point of view, equity, guarantee and related party transaction relationships together
constitute the main channel for the group's risk transmission.

Table 1 Descriptive statistics of real enterprise association knowledge graph constructed based on
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public data
Indicators Numerical values

Number of enterprise nodes 1000
Number of nodes of natural persons 300
Number of nodes of financial institutions 50
Number of risk event nodes 150

Total number of nodes 1500

Total number of borders 14500

4500 (31.0%)
3500 (24.1%)
4000 (27.6%)
2500 (17.3%)

Equity side
Guarantee side
Related transaction side
Executives serve on the side

Average 19.3
Network density 0.65%
Maximum connected subgraph coverage 90.0%
Proportion of risk samples 10.0%

3.2 Comparison results of early warning performance

Table 2 Early warning performance and robustness results of different models

Experimental

Model or setting ~ AUCPrecisionRecall F1- KS Significance/variation

category Score
Benchmark Logistic regression  0.84 0.72 0.72 0.72 0.68 benchmark
comparison
Benchmark XGBoost 085 072 074 0.73 0.70 p=~0.05
comparison
Benchmark Basic GCN 088 073 078 0.75 0.76 p<0.01
comparison
mOdSi'ugyh's KG-GNN 092 078 082 0.80 0.84 p<0.01
Ablz_mon Remove the guarantee 090 074 078 0.75 0.80 AUC decreased by
experiments edge 0.02
Ablation oo ove the equity edge 088 0.71 075 072 0.7g AUC decreased by
experiments 0.04
Ablz_mon Remov_e the Senior 191 076 081 078 082 AUC decreased by
experiments executive position 0.01
Time window 6-month warning  0.93 0.80 0.83 0.82 0.86 The window is closer
Time window 12-month warning 0.92 0.78 0.82 0.80 0.84 Main experiment
Time window 18-month warning 0.86 0.72 0.76 0.75 0.77 The indicator declined

In terms of test sets, the KG-GNN model outperforms the traditional tabular model and the basic
graph model as a whole. The AUC of the Logistic regression model is 0.84, the F1-Score is 0.72,
the Recall is 0.72, and the KS value is 0.68, the AUC of the XGBoost model is 0.85, the F1-Score is
0.73, the Recall is 0.74, and the KS value is 0.70, the AUC of the basic GCN model is 0.88, the F1-
Score is 0.75, the Recall is 0.78, and the KS value is 0.76, and the AUC of the KG-GNN model is
0.92, the F1-Score is 0.80, and the Recall is 0.82 , and the KS value is 0.84. The DelLong test
showed that the AUC difference between KG-GNN and Logistic regression and XGBoost was
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significant at the 1% level.

The KG-GNN model is 9.52% higher than Logistic regression, 8.24% higher than XGBoost, and
4.55% higher than that of basic GCN in AUC. Improved by 0.08, 0.07 and 0.05 respectively on the
F1-Score. Combined with Table 2, it can be seen that heterogeneous relationship modeling can
provide effective supplementary information in addition to the enterprise's own indicators. For
group customer risk identification, this incremental information mainly comes from the difference
in risk status and relationship types of neighbor nodes.

3.3 Robustness of ablation experiments and time windows

The results of the ablation experiment show that after removing the guarantee edge, the AUC of
the model decreases from 0.92 to 0.90, and the F1-Score decreases from 0.80 to 0.75, the AUC
decreases to 0.88 and the F1-Score decreases to 0.72 after removing the equity edge, and the AUC
decreases to 0.91 and the F1-Score decreases to 0.78 after removing the senior management side.
The above results show that the contribution of equity relationship and guarantee relationship to
model risk identification is more obvious.

The results of the time window show that the AUC of the KG-GNN model is 0.93 and the F1-
Score is 0.82 under the 6-month warning window, the AUC is 0.92 and the F1-Score is 0.80 under
the 12-month warning window, and the AUC is reduced to 0.86 and the F1-Score is 0.75 under the
18-month warning window. With the extension of the early warning window, the model index
decreased, but the 12-month window still maintained a high recognition ability. This result shows
that the model has a certain pre-warning effect, and also shows that the farther away the risk signal
is from the exposure point, the more difficult it is to identify.

4 Discussion
4.1 Interpretation of key findings and results

The results of this study show that the KG-GNN model is better than the Logistic regression,
XGBoost and basic GCN models in terms of AUC, F1-Score, Recall and KS. This shows that the
heterogeneous correlation network can provide incremental information for the group's credit risk
warning. Compared with the traditional tabular model, the KG-GNN model further incorporates the
risk state, relationship type, and edge weight strength of adjacent nodes, so that it can identify the
external infectious pressure that has not been fully manifested in the monolithic report.

The traditional Logistic regression and XGBoost models have a clear structure and stable
calculation, but their judgment is mainly based on the company's own indicators. When the
financial situation of the target enterprise has not deteriorated significantly, and its guarantee object,
holding subsidiary or related party counterparty has already experienced risk events, it is difficult
for traditional models to capture cross-subject risks in a timely manner. Although the basic GCN
introduces a graph structure, it usually homogenizes different relationships, making it difficult to
reflect the differences in guarantees, equity, related party transactions, and senior executive
positions. The model in this paper uses the heterogeneous graph attention mechanism to make
different relationships participate in the aggregation with different weights, so as to describe the risk
pressure within the group in more detail.

The ablation experiment shows that the performance of the model after removing the equity edge
and the guarantee edge is significantly reduced, indicating that these two types of relationships have
a high information contribution in group risk transmission. The guarantee relationship has the
attribute of contingent liabilities, and the default of the guaranteed enterprise may be converted into
cash flow pressure of the guaranteed enterprise. Equity relationships reflect control, capital
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allocation and resource support structure, which have a fundamental impact on the risk diffusion of
the group. The senior management relationship is more characterized by implicit control and
concerted action, and its effect is relatively indirect.

4.2 Relationship and business implications with existing research

The results of this study are consistent with the basic judgment of existing graph machine
learning credit risk research, that is, the inter-enterprise association network can provide
incremental information for credit risk prediction. This paper further focuses on the credit risk
transmission of enterprise groups, and distinguishes the relationship types such as equity,
guarantees, related party transactions and senior executive positions, so that the model structure is
closer to the business logic of group customer credit management.

From the perspective of bank risk control practice, the value of the model is not only reflected in
the improvement of classification indicators, but also in the interpretation of risk sources. In post-
loan management, whether an enterprise is at high risk does not depend entirely on its own
statements, but also on whether it is in a high-risk guarantee chain and whether it has close financial
transactions with risk entities. The KG-GNN model can prompt which relationships and related
entities are affected by the target enterprise through the attention weight and the contribution of
neighbor nodes, and provide clues for bank on-site inspection, guarantee structure adjustment and
post-loan key monitoring.

4.3 Research limitations and future prospects

There are still certain limitations in this study. Public data can cover information such as industry
and commerce, announcements, justice, ratings, and news and public opinion, but it cannot fully
present non-public relationships such as internal capital pools, internal lending, implicit guarantees,
and off-balance sheet arrangements, which may affect the model's ability to portray the real
transmission chain. There may also be a time lag in the disclosure of judicial information and rating
information, and some risk events may appear later than the actual risk formation time in the model
label. This paper adopts the static knowledge graph modeling method, which still does not fully
reflect the dynamic changes of equity structure, guarantee balance and related party transaction
scale.

Future research can continue to expand the sample on the basis of commercial banks' internal
credit data, enterprise credit information data and higher-frequency industrial and commercial
change data, and at the same time construct a dynamic enterprise association knowledge graph,
introduce spatio-temporal graph neural network or dynamic graph attention mechanism, and depict
the relationship change and risk diffusion process. Subsequent research can also combine natural
language processing and large language models to extract risk events and implicit relationships
from annual reports, audit opinions, rating reports, exchange inquiry letters and public opinion texts.

5 Conclusion

This study constructs an enterprise group association knowledge graph based on CSMAR,
Tianyancha and other public real data, and empirically verifies the effectiveness of the KG-GNN
framework. The research shows that the credit risk identification of enterprise groups cannot only
rely on the financial indicators of a single enterprise, but also needs to include the relationship
between equity, guarantees, related party transactions and senior management positions into a
unified analysis framework. The knowledge graph can express the relationship structure of
enterprises, and the heterogeneous graph neural network can learn the risk information and
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relationship weights of neighbors, so as to form the identification of potential risk enterprises.

This study concludes that the credit risk of enterprise groups has obvious network embeddedness,
and correlation is an important carrier of risk transmission. The KG-GNN model is better than the
traditional table model and the basic graph model in terms of core indicators. The ablation
experiment shows that the equity relationship and guarantee relationship are the key relationship
types in the group's credit risk transmission. The model can provide explanation through attention
weight and path analysis, providing technical support for bank post-loan monitoring and penetrating
risk control.

In general, this study explores the application path of "knowledge graph + graph neural network™
in credit risk early warning of enterprise groups, and provides a reproducible and scalable model
framework for risk identification of complex related enterprises. Subsequent studies can further
validate and extend the model based on higher-frequency dynamic relationship data and real
banking data.
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