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Abstract 

Environmental compliance has become an important factor in industrial enterprise financing, 

especially for firms in chemicals, metallurgy, energy, building materials, and heavy manufacturing. 

Environmental penalties, emission violations, production restrictions, delayed rectification, and 

pollution-control investment pressure may affect cash flow, credit access, and repayment stability. 

This study proposes an environmental compliance graph reasoning model for financing risk 

prediction in industrial enterprises. The model constructs a heterogeneous knowledge graph 

linking enterprises, environmental penalties, emission permits, production facilities, 

pollution-control equipment, bank loans, supplier relationships, customer orders, government 

subsidies, and repayment outcomes. A graph neural network is used to encode enterprise 

compliance and financing dependency, while a knowledge reasoning module identifies risk chains 

involving repeated penalties, suspended production, delayed rectification, subsidy withdrawal, 

supplier disruption, and loan repayment pressure. Experiments are conducted on an industrial 

compliance-finance dataset containing 57,300 enterprises, 138,000 environmental inspection 

records, 42,600 penalty events, 96,000 emission-permit records, 710,000 supplier-customer links, 

52,400 loan contracts, and 7,860 confirmed financing-risk cases over 50 months. The proposed 

model shortens median financing-risk warning time from 82 days to 30 days compared with a 

financial-indicator baseline. Graph reasoning identifies 6,240 compliance-driven risk chains and 

2,080 enterprises affected by both environmental penalties and order contraction. The system 

consolidates 15,700 raw enterprise alerts into 3,890 investigation cases through compliance-path 

aggregation. Full monthly assessment is completed in 13.9 minutes, with a median inference 

latency of 47 ms per enterprise node. The results indicate that environmental compliance graph 

reasoning can improve industrial financing risk prediction by connecting regulatory events, 

operational constraints, and enterprise credit behavior. 

Keywords: Environmental compliance; industrial financing risk; knowledge graph reasoning; 

graph neural network; emission penalty; credit risk prediction; enterprise risk chain. 

 

1. Introduction 
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Environmental compliance has become an increasingly important determinant of financing 

risk for industrial enterprises, particularly in chemicals, metallurgy, energy, building materials, 

and other pollution-intensive manufacturing sectors. Environmental penalties, emission violations, 

production restrictions, delayed rectification, and large pollution-control expenditures can directly 

affect operating costs, production continuity, cash flow, and access to external financing [1,2]. At 

the same time, environmental supervision is becoming more dependent on digital monitoring, 

cloud-based data management, and continuous reporting systems [3]. Research on open-source 

cloud infrastructure has emphasized the importance of secure and reliable digital environments for 

maintaining the integrity and availability of operational data [4], which is also relevant to the 

collection and transmission of environmental compliance information. When compliance records, 

emission data, or regulatory reports are incomplete, delayed, or unreliable, financial institutions 

may face greater difficulty in assessing the true environmental and operational exposure of a 

borrower [5,6]. 

Traditional credit risk assessment methods mainly rely on financial statements, collateral 

values, historical repayment records, and other borrower-level indicators [7,8]. These variables 

remain useful for general credit evaluation, but they often fail to capture environmental events that 

can rapidly change a firm's operating condition. A major environmental penalty may create 

unexpected cash outflows, while production suspension or capacity restrictions can reduce 

revenue and weaken debt-servicing ability [9,10]. Delayed rectification may lead to repeated 

regulatory action, and substantial expenditure on pollution-control equipment may increase 

short-term liquidity pressure even when it improves long-term compliance [11,12]. Previous 

studies have identified relationships among regulatory enforcement, corporate environmental 

performance, and credit outcomes [13,14]. However, many existing approaches focus on 

individual indicators, static compliance records, or relatively small samples, making it difficult to 

represent the combined effect of multiple regulatory and operational events on financing risk 

[15,16]. Graph-based learning and knowledge graph techniques provide a promising way to 

address these limitations because they can represent enterprises, regulatory events, permits, 

production facilities, suppliers, customers, contracts, and financial obligations within a unified 

relational structure [17,18]. Unlike conventional models that treat each enterprise as an isolated 

observation, graph neural networks can aggregate information from connected entities and identify 

hidden dependencies through which environmental and financial risks may propagate. For 

example, an enterprise subject to production restrictions may affect downstream customers and 

upstream suppliers, while repeated compliance violations can simultaneously influence operating 

capacity, cash flow, contractual performance, and refinancing conditions. Knowledge graphs can 

further improve interpretability by linking predicted risk to specific events and relationships rather 

than producing only an aggregate risk score [19,20]. Despite these advances, environmental 

compliance information remains insufficiently integrated into industrial financing models. 

Existing studies rarely combine environmental penalties, emission permits, rectification records, 



production constraints, pollution-control investments, supplier-customer relationships, and 

repayment outcomes within the same analytical framework [21,22]. Many predictive models also 

provide limited explanations of how environmental events evolve into financial stress. This 

limitation reduces their practical value for banks and other financial institutions, where risk 

monitoring requires not only an accurate probability estimate but also clear evidence of the events 

and relationships responsible for deteriorating credit quality [23,24]. The temporal nature of 

compliance risk is also frequently overlooked. A single penalty may have limited financial impact, 

whereas repeated violations, prolonged production restrictions, or unresolved rectification 

requirements may indicate a persistent deterioration in operational stability. 

To address these limitations, this study proposes an environmental compliance graph 

reasoning model for industrial financing risk assessment. The proposed framework constructs a 

heterogeneous graph linking enterprises, environmental penalties, emission permits, regulatory 

inspections, rectification records, production restrictions, pollution-control investments, suppliers, 

customers, financing contracts, and repayment outcomes. Graph-based representation learning is 

used to capture dependencies among regulatory, operational, and financial entities, while an 

interpretable reasoning mechanism traces risk pathways through events such as repeated violations, 

delayed rectification, production suspension, rising environmental expenditure, and weakening 

business relationships. By incorporating environmental compliance signals into conventional 

credit assessment, the model aims to identify financing risk before it is fully reflected in financial 

statements or repayment records. The framework also provides traceable explanations of how 

specific compliance events contribute to operational disruption and repayment pressure, 

supporting banks in credit screening, post-loan monitoring, and early intervention. More broadly, 

the study provides a practical approach for integrating environmental governance information into 

industrial credit risk management and may help financial institutions better evaluate borrowers 

operating under increasingly stringent environmental regulation. 

 

2. Materials and Methods 

2.1 Sample and Study Area Description 

This study analyzed industrial enterprises in sectors with high environmental impact, 

including chemicals, metallurgy, energy, building materials, and heavy manufacturing. The 

dataset included 57,300 enterprises observed over 50 months. Firms were selected if they had 

records on environmental inspections, penalties, emission permits, production facilities, 

pollution-control equipment, supplier-customer links, bank loans, subsidies, and repayment 

outcomes. The dataset contained 138,000 inspection records, 42,600 penalties, 96,000 emission 

permits, 710,000 supplier-customer links, 52,400 loan contracts, and 7,860 confirmed 

financing-risk cases. The sample covered small, medium, and large enterprises, providing a 

realistic setting to study how environmental compliance affects financing risk and repayment 

stability. 



 

2.2 Experimental Design and Control Experiments 

The study compared the proposed environmental compliance graph reasoning model with 

traditional financial-indicator methods. The experimental group used a knowledge graph linking 

regulatory events, production constraints, supplier-customer networks, and loan outcomes. The 

control group used a baseline model based on liquidity ratios, leverage, revenue trends, collateral, 

repayment history, and firm age. Two additional comparisons included a logistic regression model 

and a tree-based machine learning model using structured enterprise indicators. The data were 

split chronologically into training, validation, and testing sets. Early-period data trained the 

models, and later-period data tested whether financing risks could be detected before repayment 

stress appeared. This design evaluates both predictive performance and early warning capability. 

 

2.3 Measurement Methods and Quality Control 

Financing risk was measured using confirmed repayment stress events and related adverse 

outcomes. A financing-risk case was defined as an enterprise with one or more events, including 

overdue repayment, credit-limit reduction, loan renewal failure, cash-flow stress, production 

restriction, delayed rectification, subsidy withdrawal, supplier disruption, or order contraction. 

Compliance was measured by inspection frequency, penalty count, penalty amount, 

emission-permit status, rectification delay, and pollution-control equipment status. Production 

pressure was measured by restricted facilities and their link to active orders. Supplier and 

customer exposure was calculated as the share of key partners in the enterprise network. Data 

quality control included entity standardization, removal of duplicates, timestamp checks, and 

verification of outliers. Missing financial values were replaced with industry-year medians, and 

missing relational records were kept as sparse links to avoid false connections. 

 

2.4 Data Processing and Model Formulation 

All records were converted into a heterogeneous knowledge graph G=(V,E,R), where V is the 

set of nodes, E the set of edges, and RRR the set of relation types. Nodes represented enterprises, 

inspection events, penalties, emission permits, production facilities, pollution-control equipment, 

loans, suppliers, customers, subsidies, and repayment outcomes. Edges represented verified 

relationships, including enterprise-penalty links, permit ownership, facility operation, equipment 

installation, loan issuance, supplier-customer transactions, subsidy receipt, and repayment status. 

Numerical variables were normalized by industry and month, and categorical variables were 

encoded as embedding vectors. The compliance pressure score for enterprise i was calculated as: 

Ci=
Pi+λ1Ri+λ2Si
1+ log ( 1+Ai)

 

where Pi  is the number of penalties, Ri  the number of rectification-delay events, Si 

production restrictions, Ai  firm assets, and λ1,λ2  are weighting coefficients. Node 

representations were updated using relation-aware aggregation: 
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 is the node representation at layer l, Ni
r is the set of neighbors connected by 

relation rrr, W0
(l)

 and Wr
(l) are trainable weights, ci,r is a normalization factor, and σ(⋅) is the 

activation function. The final embeddings were used to estimate financing-risk probability and 

generate interpretable risk chains. 

 

2.5 Model Evaluation and Implementation 

Model evaluation focused on prediction accuracy, early warning time, and interpretability. 

Accuracy was measured using AUC, precision, recall, F1-score, and calibration error. Early 

warning time was the median number of days between model warning and confirmed repayment 

stress. Interpretability was assessed by the number and structure of risk chains, including repeated 

penalties, suspended production, delayed rectification, subsidy withdrawal, supplier disruption, 

order contraction, and repayment pressure. Alert aggregation was evaluated by comparing raw 

enterprise alerts with grouped investigation cases. The model was implemented using a graph 

learning framework with mini-batch training to handle large-scale enterprise networks. Monthly 

assessment of all enterprises was completed in 13.9 minutes, with a median inference latency of 

47 ms per enterprise node, showing the method’s efficiency for industrial financing risk 

monitoring. 

 

3. Results and Discussion 

3.1 Financing-Risk Prediction Performance 

The environmental compliance graph reasoning model performed better than the 

financial-indicator baseline, logistic regression model, and tree-based model. This improvement 

was mainly due to the joint use of compliance records and enterprise links. The financial baseline 

used liquidity, leverage, revenue change, collateral, and repayment history. These indicators are 

useful, but they do not fully reflect risks caused by repeated penalties, late rectification, 

production limits, supplier disruption, and order decline. The proposed model linked regulatory 

events with facility status, supply-chain relations, loan contracts, and repayment outcomes. As 

shown in Fig.1, the graph-based model gave more stable results across monthly tests, especially 

when some financial records were incomplete. This result is consistent with relational credit-risk 

studies, which show that firm risk may be affected by connected firms and public risk events in 

enterprise networks [25,26]. The finding suggests that environmental compliance should be 

treated as a financing-risk factor linked to enterprise operations, rather than as a separate 

regulatory record. 



 

Fig. 1. Financing-risk prediction performance of the environmental compliance graph reasoning 

model and baseline models. 

 

3.2 Early Warning Effect of Compliance Information 

The proposed model reduced the median financing-risk warning time from 82 days to 30 

days. This result shows that compliance records can provide earlier risk signals than financial 

ratios alone. Some firms still had acceptable short-term financial performance, but their inspection 

records showed repeated violations, late rectification, or production limits. These events later 

caused weaker order delivery, lower cash inflow, and higher repayment pressure. The financial 

baseline failed to detect many cases early because cash-flow decline had not yet appeared in the 

statements. In contrast, the graph model connected penalties, emission-permit status, facility limits, 

supplier disruption, customer order decline, and loan pressure into warning paths. This result 

agrees with studies on environmental policy knowledge graphs, which show that structured 

environmental data can support risk analysis and decision-making [27,28]. For banks and 

industrial finance platforms, earlier warning can support credit-limit review, post-loan monitoring, 

and targeted field checks. 

 

3.3 Compliance-Driven Risk Chain Analysis 

Graph reasoning identified 6,240 compliance-driven risk chains and 2,080 enterprises 

affected by both environmental penalties and order decline. The most common chain was repeated 

penalty → late rectification → production limit → order decline → repayment pressure. This path 

shows how regulatory pressure can move from compliance events to operating problems and then 

to financing risk. Another common pattern was subsidy withdrawal after environmental 

non-compliance, followed by supplier payment delay and loan renewal difficulty. Fig.2 presents a 

typical compliance-finance risk chain linking environmental penalty, emission-permit status, 

production facility restriction, supplier disruption, customer order decline, and repayment outcome. 

This type of chain is more useful for bank review than a single risk score because it explains why 

a firm needs further investigation. Compared with ESG knowledge graph studies that mainly 

extract entities from news or policy texts, this study links compliance records with loan and 

transaction outcomes, making the reasoning results more suitable for industrial financing-risk 

prediction [29,30]. 



 

Fig. 2. Compliance-finance risk chain showing the links among penalties, production limits, order 

decline, and repayment pressure. 

 

3.4 Practical Implications and Comparison with Prior Studies 

The system grouped 15,700 raw enterprise alerts into 3,890 investigation cases through 

compliance-path aggregation. This result shows that graph reasoning can reduce repeated manual 

checks and help credit officers focus on firms with similar risk causes. Full monthly assessment 

was completed in 13.9 minutes, with a median inference latency of 47 ms per enterprise node. 

Therefore, the method can support routine financing-risk monitoring at regional or 

industrial-platform scale. Compared with earlier SME credit-risk studies, this work adds 

environmental inspection, penalty, emission-permit, facility, and pollution-control equipment data 

to the credit-risk framework. Compared with environmental compliance studies, it further 

examines whether compliance events are linked to financing outcomes. The results suggest that 

environmental compliance is not only a regulatory issue but also a financing-risk factor related to 

production continuity, order stability, supplier confidence, and repayment capacity. However, the 

model should be used as a decision-support tool. For high-risk cases, graph warnings should be 

checked together with field visits, bank statements, permit documents, rectification reports, and 

loan contract records. 

 

4. Conclusion 



This study developed an environmental compliance graph reasoning model to predict 

financing risk in industrial enterprises. By combining environmental penalties, emission permits, 

production limits, pollution-control equipment, supplier and customer networks, subsidies, loan 

contracts, and repayment outcomes into a knowledge graph, the model identified risk signals that 

traditional financial indicators often miss. The results showed higher prediction accuracy, a 

reduction in median warning time from 82 days to 30 days, detection of 6,240 compliance-driven 

risk chains, and identification of 2,080 firms affected by both penalties and order reduction. The 

system also consolidated 15,700 raw alerts into 3,890 investigation cases and completed monthly 

assessment of all enterprises in 13.9 minutes. The main contribution is the integration of 

graph-based representation learning with knowledge reasoning, which enables both early warning 

and interpretable risk analysis. These findings demonstrate that environmental compliance 

strongly influences financing risk and that relational information between firms, regulatory events, 

and operational constraints can improve credit evaluation. The method can support banks, 

industrial finance platforms, and regulators in loan screening, monitoring, and risk review. 

Limitations include the use of data from a single region and potential gaps in private enterprise 

records. Future studies should apply the model to other regions and industries, include more 

real-time operational data, and further analyze causal links in compliance-driven financing risk. 
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