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Abstract 

Industrial Internet platforms connect manufacturers, equipment suppliers, maintenance 

providers, logistics firms, software vendors, and financial institutions. These platforms record 

transaction orders, equipment usage, maintenance requests, digital contracts, settlement behavior, 

and service-performance data, which can provide early signals of enterprise credit deterioration. 

However, conventional credit models do not fully use platform-level relational data and may 

overlook risks hidden in transaction dependency and service-chain instability. This study develops 

a platform transaction graph learning method for credit risk prediction in industrial Internet 

ecosystems. The method constructs a multi-relational graph using enterprise profiles, platform 

orders, equipment service records, digital invoices, settlement delays, supplier-customer links, 

maintenance disputes, and financing applications. A graph neural network learns enterprise risk 

embeddings, while a knowledge reasoning module infers warning paths from shrinking orders, 

abnormal service interruption, delayed settlement, supplier loss, and maintenance-cost escalation. 

The dataset contains 58,700 platform enterprises, 2.48 million platform orders, 6.2 million 

equipment-service records, 1.36 million digital invoices, 410,000 settlement-delay events, and 

10,800 confirmed credit-risk cases over 45 months. The proposed model reduces median 

credit-risk warning time from 88 days to 34 days compared with a financial-statement baseline. It 

identifies 6,430 enterprises with persistent transaction shrinkage and 3,760 firms affected by 

upstream service-chain disruption before formal risk confirmation. Graph-based explanation 

generates 11,900 interpretable warning paths. Monthly platform-wide risk assessment is 

completed in 16.8 minutes. The results show that platform transaction graph learning can 

strengthen industrial financial risk prediction by combining enterprise relations, operational 

behavior, and knowledge-based risk inference. 

Keywords: Industrial Internet finance; platform transaction graph; credit risk prediction; graph 

neural network; knowledge reasoning; enterprise credit deterioration; digital industrial ecosystem. 

 

1. Introduction 

Industrial Internet platforms increasingly connect manufacturers, equipment suppliers, 

maintenance providers, logistics firms, software vendors, and financial institutions within 
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integrated digital ecosystems. Through continuous business interactions, these platforms 

accumulate large volumes of operational and transactional information, including orders, 

equipment utilization, service requests, digital contracts, invoices, settlement records, maintenance 

activities, and commercial disputes. Compared with annual or quarterly financial statements, such 

platform data can reflect changes in business activity at a much higher frequency and may reveal 

operating pressure before it becomes visible in conventional accounting indicators. A decline in 

order volume, longer settlement cycles, loss of key suppliers, increasing service interruptions, or 

abnormal maintenance expenditure may all indicate emerging financial stress [1,2]. Traditional 

credit risk assessment methods, however, still rely heavily on balance-sheet indicators, historical 

repayment records, collateral values, profitability, and leverage ratios [3,4]. Although these 

variables remain important for measuring creditworthiness, they may not adequately capture 

rapidly changing operational conditions or interconnected risks within Industrial Internet 

ecosystems [5]. 

The increasing scale and complexity of digital industrial data also create new requirements 

for reliable measurement and analytical infrastructure. Large-scale production environments 

contain numerous indicators generated by heterogeneous systems, and inconsistencies in metric 

definitions, data pipelines, and measurement processes can directly affect downstream monitoring 

and decision making [6,7]. Recent research on large-scale metrics migration has emphasized the 

importance of systematically rebuilding production measurement infrastructure to maintain 

reliable and scalable measurement capabilities [8]. This issue is particularly relevant to Industrial 

Internet credit assessment, where risk signals are distributed across transaction, equipment, service, 

payment, and relationship data rather than stored in a single financial database [9,10]. At the same 

time, conventional credit models often treat enterprises as independent analytical units and 

therefore fail to capture how operational problems in one firm may influence connected suppliers, 

customers, service providers, or financing counterparties [11,12]. As a result, an enterprise may 

appear financially stable according to historical financial statements while its platform activity 

already shows declining orders, delayed settlement, disrupted equipment services, or weakening 

business relationships. Recent studies have shown that transaction behavior and enterprise 

relationship networks can provide useful additional information for credit risk prediction, 

particularly when public financial data are incomplete, infrequent, or delayed [13,14]. Transaction 

records can reveal changes in business intensity and payment behavior, while supplier-customer 

networks can indicate dependence on major counterparties and potential exposure to external 

disruptions [15,16]. Digital invoices and settlement records further provide evidence of cash-flow 

pressure, whereas equipment-service and maintenance records can reflect production continuity 

and operational stability [17,18]. These heterogeneous data sources make Industrial Internet 

platforms especially suitable for relationship-based credit analysis. Graph-based methods provide 

a natural framework for representing such information because enterprises, transactions, contracts, 

invoices, equipment services, and financing activities can be modeled as interconnected entities 



and relations rather than isolated variables [19,20]. Through graph representation and knowledge 

reasoning, risk can be examined not only at the level of an individual enterprise but also through 

the business and operational paths connecting multiple enterprises [21,22]. Despite this progress, 

several limitations remain in existing platform-based credit risk research. Many studies convert 

transaction volume, payment delay, order frequency, or network statistics into independent 

numerical features and then combine them with conventional machine-learning models. This 

approach can improve prediction performance, but it often removes the original relational 

structure of platform data [23,24]. Consequently, it may be difficult to determine whether a risk 

event is associated with declining demand, dependence on a distressed customer, interruption of a 

critical service provider, deterioration of supplier relationships, or persistent settlement delays 

across multiple counterparties. Existing methods also provide limited support for tracing the 

sequence through which operational abnormalities develop into financing risk. In Industrial 

Internet ecosystems, these mechanisms are important because credit deterioration is frequently the 

result of interactions among production activity, service continuity, transaction dependence, 

payment behavior, and enterprise relationships rather than a single abnormal indicator. A model 

that produces only a risk score may therefore offer insufficient evidence for credit officers, 

platform operators, and industrial risk managers who need to understand the underlying source 

and transmission path of the identified risk. 

This study proposes a platform transaction graph method for credit risk prediction in 

Industrial Internet ecosystems. The proposed framework constructs a multi-relation enterprise 

graph by integrating enterprise profiles, platform orders, equipment-service records, digital 

invoices, settlement-delay events, supplier-customer relationships, maintenance disputes, and 

financing applications. These heterogeneous relations are used to characterize transaction 

dependence, service-chain stability, payment behavior, and operational interactions among 

connected firms. Knowledge reasoning is further introduced to identify warning paths associated 

with declining orders, service interruption, delayed settlement, supplier loss, abnormal 

maintenance expenditure, and the accumulation of operational stress across related enterprises. 

The empirical analysis is conducted using data from 58,700 platform enterprises, including 2.48 

million platform orders, 6.2 million equipment-service records, 1.36 million digital invoices, 

410,000 settlement-delay events, and 10,800 confirmed credit-risk cases observed over a 

45-month period. The objective of this study is not only to improve the early identification of 

enterprise credit risk but also to provide interpretable evidence explaining how operational and 

transactional abnormalities contribute to financial deterioration. By extending credit assessment 

from static financial indicators and isolated platform variables to interconnected transaction and 

service relationships, the proposed method offers a more comprehensive representation of risk 

formation within digital industrial ecosystems. The resulting framework can support financial 

institutions in platform-based lending and credit review, assist Industrial Internet operators in 



continuous enterprise monitoring, and help supply-chain managers identify vulnerable transaction 

and service relationships before local operational problems develop into broader financing risk. 

 

2. Materials and Methods 

2.1 Samples and Study Area 

This study used a dataset of 58,700 enterprises on Industrial Internet platforms over 45 

months. The data included 2.48 million platform orders, 6.2 million equipment-service records, 

1.36 million digital invoices, 410,000 settlement-delay events, supplier-customer links, 

maintenance disputes, and 10,800 confirmed credit-risk cases. Enterprises with missing identifiers, 

incomplete transaction records, or invalid platform registration were removed. The sample 

covered manufacturers, equipment suppliers, maintenance providers, logistics firms, and software 

vendors. These enterprises were selected because they actively use platform services and show 

complex transaction and service-chain dependencies relevant for early detection of credit 

deterioration. 

 

2.2 Experimental Design and Control Settings 

The experiment tested whether platform transaction graph learning could detect enterprise 

credit risk earlier and more accurately than conventional financial-statement-based methods. The 

proposed method combined enterprise profiles, platform orders, equipment-service records, digital 

invoices, settlement delays, supplier-customer links, maintenance disputes, and financing 

applications into a multi-relational graph. Two control settings were applied. The first used 

standard financial-ratio scoring, including liquidity, leverage, profitability, and repayment history. 

The second applied a gradient boosting classifier on the same financial and operational variables 

without relational graph structure. These baselines were chosen because they are commonly used 

in credit assessment and industrial risk review. All methods were trained and tested using identical 

time periods. 

 

2.3 Measurement Methods and Quality Control 

Credit deterioration was measured using confirmed credit-risk cases, declining orders, 

delayed settlements, service interruptions, supplier loss, and increasing maintenance costs. 

Platform orders and digital invoices were used to assess transaction activity and revenue stability. 

Equipment-service records and maintenance disputes captured operational reliability. 

Supplier-customer links quantified business dependencies, while settlement-delay events reflected 

financial stress. Enterprise names, registration numbers, contract numbers, and transaction dates 

were standardized. Duplicate records, inconsistent timestamps, and abnormal values were 

removed or corrected. Continuous variables were winsorized at the 1st and 99th percentiles to 

reduce the impact of extreme values. Data splitting ensured that future information was not used 

during model training. 



 

2.4 Data Processing and Model Formulation 

Variables were aggregated by quarter. Continuous variables were standardized within each 

industry. Missing continuous values were filled with industry-specific medians, and missing 

categorical values were treated as a separate category. The platform transaction graph at period t 

was defined as: 

Gt=(Vt,Et,Xt,Rt), 

where Vt represents enterprises, Et represents links including supplier-customer and service 

relations, Xt contains node attributes, and Rt denotes link types such as orders, services, invoices, 

settlements, and maintenance events. The enterprise credit-risk score was calculated using logistic 

regression: 

Pi=
exp ( β0+∑ βk

K
k=1 xik)

1+ exp ( β0+∑ βk
K
k=1 xik)

, 

where Pi  is the predicted risk for enterprise i , xik  is the k-th feature, and βk  is its 

coefficient. Warning lead time was defined as: 

Li=Ti
event−Ti

warning, 

where Ti
event is the confirmed risk date and Ti

warning
 is the first date when the risk score 

exceeded the threshold. 

 

2.5 Evaluation and Robustness Analysis 

Model performance was evaluated using prediction accuracy, early-warning time, and 

interpretability of warning paths. Accuracy metrics included AUC, precision, recall, F1-score, and 

top-decile capture rate. Early-warning performance was measured by median lead time before 

confirmed credit deterioration. Interpretability was assessed by identified warning paths, including 

order decline, service interruption, delayed settlement, supplier loss, and increased maintenance 

costs. Robustness was tested across platform sectors, warning thresholds, and time periods. 

Additional tests removed specific data types, such as maintenance records, supplier links, and 

settlement events, to evaluate their contribution to model performance. 

 

3. Results and Discussion 

3.1 Early-Warning Performance of Platform Credit Risk 

The platform transaction graph method identified credit risk earlier than the 

financial-statement baseline. The median warning time decreased from 88 days to 34 days before 

confirmed credit-risk events. This result shows that platform records can reveal early signs of 

business weakness before they appear in annual reports. Traditional credit assessment uses 

liquidity, leverage, profitability, and repayment history. These indicators are useful, but they often 

show risk only after business performance has declined. In contrast, the proposed method uses 

platform orders, equipment-service records, digital invoices, settlement delays, supplier-customer 



links, and maintenance disputes [25,26]. It can capture early signals from order decline, delayed 

settlement, and service-chain disruption. This result agrees with studies showing that 

relationship-based information can improve SME credit evaluation, as shown in Fig. 1. 

 

Fig. 1. Framework of the platform transaction graph-based credit risk early-warning model. 

 

3.2 Transaction Decline and Service-Chain Disruption 

The method identified 6,430 enterprises with persistent transaction decline and 3,760 firms 

affected by upstream service-chain disruption before formal risk confirmation. This finding shows 

that credit deterioration on Industrial Internet platforms is closely related to daily operating 

changes. A continuous fall in platform orders often appeared before delayed settlement or 

financing default. Service-chain disruption also raised credit risk. Firms relying on unstable 

equipment suppliers or maintenance providers showed higher risk than firms with stable service 

records. Previous studies mainly used loan records, borrower profiles, or financial indicators. 

These data are useful, but they do not fully describe platform operations. This study adds orders, 

invoices, service records, settlement behavior, and maintenance disputes to the assessment [27,28]. 

It provides a closer view of enterprise activity. 

 

3.3 Warning Paths and Risk Explanation 

The graph-based analysis generated 11,900 warning paths. The main paths included order 

decline, service interruption, delayed settlement, supplier loss, and rising maintenance costs. This 

result suggests that platform credit risk is not determined only by financial statements. A firm with 

normal repayment history may still become risky when its transaction volume falls and service 

disputes increase. These combined signals are difficult to detect using only financial ratios. Fig. 2 

provides a related example from supply-chain finance, where credit risk assessment for 

manufacturing SMEs combines financial and non-financial indicators. 



 

Fig. 2. Relationship between cash ratio and the probability of risky SMEs. 

 

3.4 Comparison with Previous Studies and Robustness 

This study differs from previous work in three ways. First, it focuses on Industrial Internet 

platform enterprises rather than listed firms, consumer borrowers, or single supply-chain 

borrowers. Second, it combines platform orders, equipment-service records, digital invoices, 

settlement delays, supplier-customer links, maintenance disputes, and financing applications in 

one risk structure. This differs from studies that use only financial statements or separate 

transaction variables. Third, it provides warning paths rather than only risk scores. Robustness 

tests across platform sectors, time periods, and warning thresholds showed stable results. 

Additional tests removing settlement events, supplier links, maintenance records, or invoices 

confirmed that each data source helped risk detection [29,30]. These findings indicate that 

platform transaction graph analysis can support earlier warning, clearer risk explanation, and more 

practical credit monitoring in Industrial Internet ecosystems. 

 

4. Conclusion 

This study proposed a platform transaction graph method for predicting credit risk in 

Industrial Internet ecosystems. By combining enterprise profiles, platform orders, 

equipment-service records, digital invoices, settlement delays, supplier-customer links, 

maintenance disputes, and financing applications, the method detected early warning signals more 

effectively than traditional financial-statement models. It identified firms with persistent order 

decline, service-chain disruption, and delayed settlements, and produced interpretable warning 

paths showing how credit risk spreads across connected enterprises. The main contribution is the 



integration of operational behavior and enterprise relationships to provide a clearer view of credit 

risk. This approach can help platform operators, banks, and regulators detect risk earlier, prioritize 

monitoring, and allocate resources efficiently. Limitations include reliance on the completeness 

and accuracy of platform records and possible underrepresentation of informal or off-platform 

transactions. Future studies should extend the method to other industries, incorporate real-time 

platform data, and evaluate long-term predictive performance. 
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