Multi-Source Knowledge-Enhanced Credit Risk Assessment

for Specialized and Innovative Manufacturing Firms

Authors

Sophie Mitchell!, Benjamin Clarke?*

Affiliations

School of Business, The University of Melbourne, Parkville, VIC 3010, Australia

*Corresponding author: b.clarke@unsw.edu.au

Abstract

Specialized and innovative manufacturing firms often rely on technological capability,
niche-market position, patent assets, supplier stability, and government support rather than
large-scale collateral. Their loan risk is difficult to evaluate using traditional credit models because
financial statements may not fully reflect innovation quality, order stability, or dependence on key
customers. This study develops a knowledge-enhanced loan risk assessment model for specialized
and innovative manufacturing firms. The method builds an enterprise knowledge graph containing
loan applications, patent records, certification status, R&D collaborations, core customers, key
suppliers, subsidy programs, tax invoices, litigation records, executive changes, and repayment
outcomes. A graph neural encoder represents enterprise innovation and transaction dependency,
while knowledge reasoning identifies hidden risk patterns from patent inactivity, customer
concentration, subsidy interruption, supplier instability, and related-party debt pressure. The
empirical dataset contains 19,800 specialized manufacturing firms, 214,000 patents, 42,600
certification records, 680,000 supplier-customer links, 96,000 subsidy records, 31,400 loan
contracts, and 4,760 confirmed loan-risk events over 52 months. The proposed model reduces
median loan-risk warning time from 103 days to 44 days compared with a collateral-centered
scoring baseline. It discovers 3,280 innovation-capability weakening paths and 1,690
customer-dependency risk chains before formal repayment stress appears. The reasoning module
produces 7,540 interpretable warning chains for bank review, reducing manual due-diligence
cases from 9,300 to 2,410 grouped investigations. Quarterly assessment of all candidate firms is
completed in 9.6 minutes. The findings show that knowledge-enhanced graph reasoning can
provide more suitable loan risk assessment for technology-oriented industrial enterprises with
limited physical collateral.
Keywords: Specialized manufacturing firms; loan risk assessment; knowledge graph reasoning;

graph neural network; innovation finance; patent risk; industrial credit evaluation.

1. Introduction

Specialized and innovative manufacturing firms have become an important source of

technological upgrading, industrial resilience, and productivity growth. These firms are typically
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characterized by strong R&D activity, specialized production capabilities, proprietary
technologies, and close participation in high-value manufacturing supply chains. Despite their
technological potential, many of them remain small or medium-sized enterprises with limited
fixed assets and insufficient conventional collateral. Their creditworthiness is therefore difficult to
assess using lending frameworks that rely heavily on balance-sheet indicators, collateral values,
and historical repayment records. Existing studies have shown that SME credit risk is shaped not
only by leverage, liquidity, profitability, and cash flow, but also by innovation capability,
supply-chain relationships, policy support, ownership structures, and external business
connections [1,2]. At the same time, the increasing digitalization of financial and industrial
information systems has made the reliability and security of enterprise data infrastructure
increasingly important. Recent research on open-source security frameworks for cloud
infrastructure has highlighted the need for more trustworthy and systematically protected digital
environments when heterogeneous operational and business information is collected and
processed [3]. This issue is particularly relevant to credit assessment systems that increasingly
depend on patent databases, transaction records, supply-chain information, public policy data, and
other externally connected information sources [4,5].

Traditional credit scoring models, including logistic regression, decision trees, random
forests, gradient boosting, and XGBoost, have achieved strong performance when borrower
information can be represented as structured tabular variables [6,7]. However, these approaches
generally treat individual firms as independent observations and convert complex business
relationships into manually constructed features. Such representations may overlook the fact that
financial distress can be transmitted through customer dependence, supplier disruption,
shareholder connections, inter-company guarantees, related-party transactions, or common
executives [8,9]. For specialized manufacturing firms, this limitation is particularly important
because their operating stability often depends on a relatively small number of core customers,
strategic suppliers, technology partners, and upstream component providers [10,11]. A borrower
with apparently healthy financial ratios may still face substantial risk if its largest customer
experiences financial distress, if a critical supplier becomes unstable, or if related companies
accumulate significant liabilities [12,13]. Although recent studies have incorporated invoice
records, transaction behavior, supply-chain indicators, and ownership information into credit
models, many still rely primarily on feature engineering and do not explicitly represent the
relational structure through which these risks arise and propagate [14,15]. Knowledge graphs
provide a suitable framework for addressing this limitation because they can organize
heterogeneous enterprise information as interconnected entities and relationships [16,17]. In a
manufacturing credit environment, relevant entities may include firms, patents, certifications,
R&D projects, shareholders, executives, customers, suppliers, banks, loans, subsidies, litigation
events, and repayment outcomes. Their relationships can represent ownership, transactions, supply

dependence, technological cooperation, financing activities, policy support, and legal exposure



[18,19]. Compared with isolated financial variables, this representation preserves the structural
context surrounding each borrower and makes it possible to trace indirect and multi-hop
connections among enterprises. Graph neural networks further extend this capability by learning
node and relationship representations from local and higher-order network structures, allowing
risk information to be aggregated from connected firms and related events [20,21]. Relational
learning has consequently shown increasing potential in SME credit assessment, particularly
where indirect enterprise connections, evolving transaction networks, and temporal changes
contain predictive information that cannot be captured effectively by single-table models [22].
Despite this progress, several limitations remain in the existing literature. Many graph-based credit
studies are developed using general SME or financial-network datasets and do not distinguish the
unique characteristics of specialized manufacturing firms. Innovation-related information, such as
patent portfolios, technological certifications, R&D cooperation, and commercialization capability,
is often treated as supplementary information rather than as an integral part of the credit-risk
structure. Policy-related variables, including government subsidies, industrial support programs,
and qualification recognition, are also frequently simplified into isolated indicators, even though
their effects may depend on firm characteristics and network relationships. In addition, many
high-performing machine learning and graph learning models emphasize predictive accuracy
while providing limited explanations of why a borrower is classified as high risk. This lack of
interpretability can restrict their use in bank credit review, where analysts need to identify the
specific customers, suppliers, related parties, innovation weaknesses, or policy dependencies that
contribute to a risk signal [23,24]. Existing approaches also provide limited support for
distinguishing firm-specific financial weakness from risk transmitted through external
relationships, reducing their usefulness for early warning and post-lending monitoring.

To address these limitations, this study develops a knowledge-enhanced loan risk assessment
framework specifically for specialized and innovative manufacturing firms. The framework
integrates conventional financial and repayment information with patent activity, technological
qualifications, customer and supplier relationships, ownership and executive links, government
support, litigation records, and related-party exposure within a unified enterprise knowledge graph.
Graph-based representation learning is used to capture both direct borrower characteristics and
higher-order relational dependencies, while knowledge reasoning is introduced to identify
interpretable risk paths and structurally meaningful patterns that may not be visible from financial
statements alone. The proposed approach is designed not only to improve loan default and
credit-risk prediction, but also to reveal how innovation capability, customer concentration,
supplier dependence, policy support, and affiliated-enterprise exposure jointly influence borrower
risk. By connecting predictive results with identifiable entities and relational paths, the framework
provides a more transparent basis for credit decisions, early-warning analysis, and continuous risk
monitoring. The study therefore contributes to the development of relationship-aware and

knowledge-enhanced credit assessment methods and provides a practical analytical tool for



financial institutions seeking to evaluate technology-oriented manufacturing firms whose
economic value and risk profiles cannot be adequately represented by traditional collateral-based
lending models.

2. Materials and Methods

2.1 Sample and Study Area Description

This study examined specialized and innovative manufacturing firms applying for loans from
regional financial institutions. The dataset included 19,800 firms observed over a 52-month period.
Firms were included if they had records on patents, certifications, R&D collaborations, core
customers, key suppliers, government subsidies, tax invoices, litigation, executive changes, and
repayment outcomes. The dataset contained 214,000 patents, 42,600 certification records, 680,000
supplier-customer links, 96,000 subsidy records, and 31,400 loan contracts. The sample included
small technology-oriented startups and mid-sized niche manufacturers, covering a range of
innovation capacity, market dependence, and policy reliance. This selection provides a realistic

setting for evaluating loan risk beyond traditional collateral-based methods.

2.2 Experimental Design and Control Experiments

The study compared a knowledge-enhanced graph reasoning model with conventional
scoring methods. The experimental group applied the enterprise knowledge graph, integrating
multiple data sources to capture innovation and transaction dependency. The control group used
standard credit scoring models based on financial statements, collateral, and firm attributes. Two
additional comparison models were included: a regression-based risk score and a tabular machine
learning model using only structured features. The dataset was divided chronologically into
training, validation, and testing sets. Early-period data trained the models, while later-period data
tested whether risks could be predicted before actual repayment stress. This design allows

assessment of both prediction performance and early warning capability.

2.3 Measurement Methods and Quality Control

Loan risk was measured using confirmed repayment stress events and intermediate indicators.
A high-risk case was defined as a firm experiencing one or more adverse outcomes, such as
delayed repayment, customer loss, supplier disruption, subsidy interruption, patent inactivity, or
related-party debt pressure. Patent activity was measured by type, citation count, ownership
stability, and connection to revenue. Customer and supplier dependency was measured by the
proportion of key partners. Subsidy reliance was measured as the share of subsidies in operating
income and continuity over time. Data quality control included three steps: standardizing entity
names, removing duplicates and inconsistent timestamps, and checking abnormal values against
source records. Missing financial data were replaced with industry-year medians, while missing

relational data were kept as sparse edges to avoid introducing false connections.



2.4 Data Processing and Model Formulation

All data were transformed into a heterogeneous enterprise knowledge graph. The graph was
defined as G=(V,E,R), where V denotes the set of entities, E denotes the set of edges, and R
denotes the set of relation types. Nodes represented enterprises, patents, certifications, executives,
suppliers, customers, subsidies, loan contracts, tax invoices, and litigation cases. Edges
represented verified relationships, including patent ownership, certification status, R&D
collaboration, supplier-customer transactions, subsidy receipt, invoice flow, executive affiliation,
litigation involvement, and repayment records. Numerical variables were normalized by industry
and year, while categorical variables were encoded as embedding vectors. For enterprise i, the

hidden representation was updated by relation-aware neighborhood aggregation:
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where hf') is the representation of enterprise i at layer I, N{ is the set of neighboring nodes

connected by relation r, WS and W are trainable weight matrices, c;, is a normalization term,

and of(-) is a nonlinear activation function. The final loan risk probability was calculated as:
1
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where §, denotes the predicted probability of loan risk for enterprise i, h; is the final
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enterprise embedding, w is the risk prediction weight vector, and b is the bias term. The model

was trained using binary cross-entropy loss:
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where vy, is the observed loan-risk label and nnn is the number of enterprises in the training

set. This formulation allows the model to combine enterprise attributes and graph-based

relationship information for loan-risk prediction.

2.5 Model Evaluation and Implementation

Model evaluation focused on prediction accuracy, early warning efficiency, and
interpretability. Accuracy was measured using AUC, precision, recall, and F1-score. Early
warning efficiency was the median time between risk detection and observed repayment stress.
Interpretability was assessed by the number and structure of risk paths, including weak patent
activity, customer and supplier dependency, subsidy interruption, and related-party debt.
Portfolio-level impact was evaluated by comparing impaired loan exposure under graph-informed
screening and conventional scoring. The graph model was implemented with a graph learning

framework using mini-batch training for large-scale networks. Quarterly assessment of all



candidate firms was completed in 9.6 minutes, showing the method’s efficiency for practical loan

evaluation in specialized manufacturing.

3. Results and Discussion

3.1 Loan-Risk Prediction Results

The knowledge-enhanced graph model achieved better loan-risk prediction than the
collateral-centered scoring baseline and tabular machine learning models. This improvement was
mainly related to the use of both firm attributes and firm relationships. The baseline models relied
on collateral value, financial ratios, firm age, and repayment history. These variables are useful,
but they cannot fully reflect patent activity, customer dependence, supplier stability, subsidy
continuity, and related-party debt pressure. The proposed model achieved an AUC of 0.918 and an
Fl-score of 0.879, while the collateral-centered baseline achieved an AUC of 0.762 and an
Fl-score of 0.705. This result is consistent with recent credit-risk studies showing that
graph-based models can improve default prediction by using links among borrowers and loan
records. For example, Bao et al. used multi-view loan application graphs and showed that graph
convolution improved loan default prediction under missing and imbalanced data conditions
[25,26]. As shown in Fig.1, the proposed model showed more stable performance across quarterly

tests. This indicates that relationship information can reduce the effect of incomplete enterprise

records.
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Fig. 1. Loan-risk prediction performance of the knowledge-enhanced graph model and baseline

methods in terms of AUC and F1 score.



3.2 Early Warning Effect

The proposed model reduced the median loan-risk warning time from 103 days to 44 days
before confirmed repayment stress. This result shows that relational and innovation-related
indicators can provide earlier signals than collateral-centered scoring. Some high-risk firms still
had acceptable short-term financial ratios, but their patents became inactive, subsidy records
weakened, and orders depended on a small number of customers. These firms were not detected
early by the baseline model because each separate indicator was not strong enough to trigger a
warning. The graph model linked these weak signals into warning chains and identified risk earlier.
This finding is consistent with recent financial graph studies, which suggest that credit risk is
affected by borrower relationships and time-varying network links, rather than only by individual
financial features [27,28]. For banks and guarantee institutions, earlier warning is useful because it
supports follow-up checks, credit-limit adjustment, repayment evidence review, and closer

monitoring before repayment delay occurs.

3.3 Interpretation of Warning Chains

The reasoning module detected 3,280 innovation-capability weakening paths and 1,690
customer-dependency risk chains during the validation period. The most common pattern was
patent inactivity combined with high customer concentration and subsidy interruption. This result
suggests that some firms had formal innovation assets but weak conversion into stable business
income. Another common pattern was supplier instability combined with related-party debt
pressure, which increased the possibility of delayed delivery and repayment stress. Fig.2 shows a
typical multi-layer warning chain linking patent status, subsidy records, customer dependence,
supplier stability, and repayment risk. This result agrees with recent knowledge graph studies in
supply-chain decision support. Sifuentes-Dommguez et al. showed that graph-based link
prediction can identify hidden supply-chain relations and provide clear decision support when data
are incomplete [29,30]. Compared with studies focused only on supplier links or loan records, this
study further includes patent, certification, subsidy, tax-invoice, litigation, and executive-change

data. Therefore, the warning chains are more useful for bank review.



Food
Manufacturer

35959

29457
-

48934

san

19146
»

15580,

2129,

%05 5549
3748

15145445
»

%48 :6

5
w5332

.
230446 29884

12840
»

1553
22815
.

2429
nes
nis

3igs 9007

5585

07
L33
a2s8
2747 945 26527
28958

Pty

32386
"

26"
278y =

a7
= 10741

5748 \ N
3 ’ T S S——
588y, . 36885

. ’ i v
35055 18637 ~ 14404 18122
P v

28816

Fig. 2. Multi-layer warning chain showing the joint effects of patent inactivity, subsidy

interruption, customer concentration, and supplier instability.

3.4 Practical Value and Comparison with Existing Studies

The portfolio simulation showed that graph-informed screening reduced expected impaired
loan exposure by 95 million RMB compared with the collateral-centered baseline. This reduction
was mainly achieved by identifying firms with hidden dependency risk, rather than simply
excluding firms with weak collateral. The result indicates that credit risk in specialized
manufacturing firms is shaped by innovation quality, order stability, supplier reliability, policy
support, and ownership relations. This finding differs from traditional credit scoring studies that
focus mainly on financial statement variables. It also extends recent graph learning studies by
using a larger industrial dataset and by linking innovation records with transaction and repayment
data. The quarterly assessment of all candidate firms was completed in 9.6 minutes, showing that
the method can support practical bank screening. However, the model should be used as a
review-support tool rather than a replacement for credit officers. For large loans, graph-based
warning results should be combined with field visits, contract review, tax-invoice verification, and

technical assessment.

4. Conclusion

This study presented a knowledge-enhanced loan risk assessment model for specialized and

innovative manufacturing firms. By integrating loan applications, patents, certifications, R&D



collaborations, suppliers, customers, subsidies, tax invoices, litigation records, executive changes,
and repayment outcomes, the model detected risk signals that are often overlooked by traditional
collateral-based scoring. The results showed improved prediction accuracy, a reduction in median
warning time from 103 days to 44 days, identification of 3,280 innovation-weakening paths and
1,690 customer-dependency risk chains, and the generation of 7,540 interpretable warning chains
for bank review. Manual due-diligence cases were reduced from 9,300 to 2,410, and quarterly
assessment of all candidate firms was completed in 9.6 minutes. The main contribution is the
combination of graph-based learning and knowledge reasoning, which enables both early warning
and clear interpretation of risk. The findings indicate that loan risk for specialized manufacturing
firms is influenced not only by financial and collateral factors, but also by patent activity, order
stability, supplier reliability, policy support, and related-party exposure. The method can assist
banks, guarantee institutions, and industrial finance platforms in loan screening, post-loan
monitoring, and risk review. Limitations include the use of data from a single regional setting and
potential incompleteness in private enterprise records. Future work should extend the model to
other regions and industries, include more real-time operational data, and further analyze the

causal paths of loan-risk propagation.
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