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Abstract

Industrial mergers and acquisitions often involve complex ownership changes, debt
restructuring, cross-border suppliers, asset transfers, related-party transactions, and post-merger
integration pressure. Financing risk may rise after a transaction when the acquiring group inherits
hidden liabilities, weak subsidiaries, guarantee obligations, or unstable supplier networks. This
study proposes an ownership knowledge graph model for post-merger financing risk assessment in
industrial groups. The model integrates acquirers, target firms, subsidiaries, shareholders,
executives, suppliers, customers, creditors, guarantee contracts, asset-transfer records, loan
agreements, and litigation events into a unified enterprise graph. A graph neural network is used to
encode post-merger structural changes, while a rule-guided inference module detects hidden risk
chains involving debt concentration, related-party guarantees, supplier disruption, and subsidiary
credit deterioration. The empirical dataset contains 6,420 industrial merger events, 38,600 related
enterprises, 214,000 ownership-change records, 96,000 loan agreements, 58,000 guarantee
contracts, 740,000 supplier-customer links, and 5,280 post-merger financing-risk events over 60
months. Compared with a transaction-level financial scoring model, the proposed approach
shortens median risk-identification time from 118 days to 49 days after merger completion. It
discovers 3,760 hidden ownership-risk paths and 1,540 subsidiary-level debt transmission chains.
Portfolio simulation shows that graph-informed monitoring reduces expected post-merger overdue
exposure by 96 million RMB during the validation window. Full quarterly assessment of all
merger groups is completed in 10.4 minutes. The results demonstrate that ownership knowledge
graph reasoning can support more interpretable financing risk assessment for industrial groups
after mergers and acquisitions.
Keywords: Industrial mergers and acquisitions; post-merger financing risk; ownership knowledge

graph; graph neural network; enterprise risk inference; debt transmission; industrial group finance.

1. Introduction

Industrial mergers and acquisitions (M&A) are widely used to support business expansion,

asset restructuring, technological integration, and market consolidation. By acquiring target firms
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or reorganizing affiliated entities, industrial groups can rapidly obtain production capacity,
customer resources, technologies, and market access. However, the completion of an acquisition
does not necessarily reduce financial uncertainty. In many cases, the acquiring group also assumes
liabilities and operational dependencies that are difficult to identify from transaction-level
information alone, including hidden debt, weak subsidiaries, cross-guarantee obligations, unstable
suppliers, and related-party financing arrangements [1,2]. These risks may propagate across
subsidiaries and affiliated enterprises after ownership restructuring, increasing the probability of
liquidity pressure, refinancing difficulty, covenant violations, and subsequent credit deterioration
[3,4]. Therefore, evaluating financing risk after industrial M&A requires not only an assessment of
the acquiring firm itself but also a systematic understanding of the relationships among entities
within the reorganized corporate network [5,6].

Traditional post-merger financing risk assessment primarily relies on transaction prices,
leverage ratios, cash-flow indicators, collateral coverage, profitability, and historical repayment
records [7]. Although these indicators remain important for measuring financial capacity, they
provide only a partial representation of the risk structure created by an acquisition [8,9]. Complex
financing problems increasingly involve interactions among multiple entities, contracts,
obligations, and decision processes [10,11]. Recent research on collaborative methods for complex
task solving has demonstrated that interactions among multiple coordinated entities can improve
the representation and resolution of problems that cannot be adequately handled as isolated
components [12]. This perspective is also relevant to post-merger financing assessment, where
risk may emerge from combinations of ownership control, contractual obligations, operational
dependencies, and financial relationships [13,14]. Conventional indicator-based models often fail
to represent changes in controlling shareholders, debt transfers among subsidiaries,
cross-guarantees, related-party transactions, and disruptions in key supplier relationships.
Consequently, a firm may appear financially stable according to conventional ratios while
remaining exposed to substantial hidden risk through its affiliated entities [15,16]. Recent studies
have increasingly incorporated enterprise relationship information into credit and financial risk
modeling [17,18]. Ownership networks, transaction networks, supply-chain connections, and
inter-firm relationships have been shown to provide information beyond conventional firm-level
financial indicators [19,20]. Such relational data make it possible to identify whether financial
weakness is concentrated within a particular subsidiary, transmitted through guarantee
relationships, or amplified by dependence on a small number of suppliers or affiliated
counterparties [21,22]. Knowledge graph techniques further provide a structured way to represent
heterogeneous entities and relationships, allowing ownership, management, financing, litigation,
and supply-chain information to be integrated within a unified analytical framework [23,24].
Nevertheless, existing studies often analyze financial indicators and ownership relationships
separately, while the temporal restructuring caused by M&A receives limited attention. Many

models focus on predicting whether a firm will default or experience credit deterioration but



provide insufficient evidence about how the risk develops, which affiliated entity contributes to it,
and through which ownership or contractual path the risk is transmitted. This limitation reduces
the interpretability of model outputs and restricts their usefulness in post-merger credit review,
continuous monitoring, and regulatory supervision.

This study develops an ownership knowledge graph method for post-merger financing risk
assessment in industrial groups. The proposed framework represents acquirers, target firms,
subsidiaries, shareholders, executives, suppliers, customers, creditors, guarantee contracts,
asset-transfer records, loan agreements, and litigation events within a unified enterprise
relationship graph. Ownership changes associated with M&A are incorporated into the graph so
that the evolution of control structures and financial obligations can be examined over time. Based
on these heterogeneous relationships, the method identifies hidden risk chains associated with debt
concentration, related-party guarantees, subsidiary credit deterioration, supplier disruption, and the
transfer of financial exposure across affiliated enterprises. The empirical analysis uses 6,420
merger events involving 38,600 related enterprises, together with 214,000 ownership-change
records, 96,000 loan agreements, 58,000 guarantee contracts, approximately 740,000
supplier-customer relationships, and 5,280 post-merger financing-risk events observed over a
60-month period. The purpose of this study is therefore not merely to improve the prediction of
post-merger financing risk, but to establish a relationship-based analytical framework capable of
revealing where risk originates, how it propagates through the reorganized industrial group, and
which enterprise connections provide early evidence of financial deterioration. By extending
post-merger risk assessment from isolated transaction and financial indicators to dynamic
ownership-based enterprise relationships, this study provides a more interpretable basis for early
warning and risk tracing. The resulting framework can support banks in post-acquisition credit
monitoring, assist regulators in identifying concentrated or interconnected financial exposures, and
help industrial groups detect vulnerable subsidiaries and relationship-based risk channels before

they develop into broader financing problems.

2. Materials and Methods

2.1 Samples and Study Area

This study used a post-merger industrial financing dataset covering 6,420 merger and
acquisition events over 60 months. The dataset included 38,600 related enterprises, 214,000
ownership-change records, 96,000 loan agreements, 58,000 guarantee contracts, 740,000
supplier-customer links, and 5,280 confirmed post-merger financing-risk events. The study objects
were industrial groups that completed mergers or acquisitions during the study period and had
valid records on ownership, loans, guarantees, suppliers, customers, and litigation. Events with
missing acquirer information, unclear completion dates, incomplete ownership records, or invalid
loan data were removed. The sample covered machinery manufacturing, electronics, chemical

materials, metal processing, equipment manufacturing, and industrial services. These events were



selected because post-merger financing risk often comes from hidden debt, weak subsidiaries,

guarantee duties, asset transfers, and unstable supplier networks.

2.2 Experimental Design and Control Settings

The experiment tested whether the proposed ownership knowledge graph method could
identify post-merger financing risk earlier than transaction-level financial scoring. The proposed
method was used as the experimental setting. It combined acquirers, target firms, subsidiaries,
shareholders, executives, suppliers, customers, creditors, guarantee contracts, asset-transfer
records, loan agreements, and litigation events into an ownership-centered enterprise graph. Two
control settings were used for comparison. The first used transaction-level financial scoring based
on acquisition value, leverage, repayment pressure, collateral value, and sponsor cash flow. The
second used a tree-based classifier with the same transaction-level and enterprise-level variables.
These control settings were selected because they are commonly used in post-merger loan review

and corporate credit assessment. All methods used the same training and testing periods.

2.3 Measurement Methods and Quality Control

Post-merger financing risk was measured by repayment deterioration, overdue loans, rising
debt concentration, guarantee activation, subsidiary credit decline, supplier disruption, and
litigation events after merger completion. Ownership-change records were used to identify control
shifts, subsidiary structures, shareholder concentration, and related-party links. Loan agreements
and guarantee contracts were used to measure debt burden, repayment pressure, and guarantee
exposure. Asset-transfer records were used to detect post-merger resource movement and possible
risk transfer. Supplier-customer links were used to measure business stability after the transaction.
Litigation records were used to identify legal disputes and hidden liabilities. Before analysis,
enterprise names, registration numbers, shareholder identifiers, executive names, contract numbers,
and transaction dates were standardized. Duplicate records, invalid dates, inconsistent ownership
directions, and abnormal contract amounts were removed or corrected. A time-based data split

was used to avoid future risk information during training.

2.4 Data Processing and Model Formulation

All records were organized by quarter and merger group. Continuous variables were
standardized by industry and transaction period to reduce differences caused by firm size, sector
structure, and market conditions. Missing continuous values were filled with the median value of
firms in the same industry and quarter. Missing categorical values were coded as a separate group.
The ownership-centered enterprise graph at period ttt was defined as:

Gi=(Ve, Bt Xe,Re),
where V, denotes acquirers, target firms, subsidiaries, shareholders, executives, creditors,

suppliers, and customers; E, denotes links among these entities; X, denotes node attributes; and



R; denotes link types, including ownership, loan, guarantee, asset transfer, executive affiliation,
supplier-customer, and litigation links. The post-merger financing risk score of enterprise group i
was calculated as:
P,=0(Wh;+b),
where P; is the estimated risk score, h; is the group vector derived from enterprise
attributes and connected entities, W and b are estimated parameters, and o(-) is the sigmoid

function. Subsidiary debt exposure was calculated as:
Li+G;

D= ,
b L 1+d;
jes;

where S; is the set of subsidiaries related to group i, L; denotes the outstanding loan amount
of subsidiary j, G; denotes its guarantee exposure, and d; denotes the ownership distance

between group i and subsidiary j. A higher D; indicates stronger debt transmission risk.

2.5 Evaluation and Robustness Analysis

The method was evaluated by risk-identification time, prediction accuracy, ownership-risk
path results, and portfolio-level effect. Risk-identification time was measured by the median
number of days between the first warning and the confirmed post-merger financing-risk event.
Prediction accuracy was measured by AUC, precision, recall, F1-score, and top-risk capture rate.
Ownership-risk path results were assessed by the number of hidden ownership-risk paths,
subsidiary debt transmission chains, related-party guarantee links, and supplier disruption paths.
Portfolio-level effect was measured by the reduction in expected overdue exposure when merger
groups were ranked by estimated risk. Robustness tests were conducted across industry types,
transaction sizes, ownership layers, post-merger periods, and warning thresholds. Additional tests
removed ownership-change records, guarantee contracts, asset-transfer records, supplier-customer

links, litigation records, and rule-based checks one at a time to examine their separate effects.

3. Results and Discussion

3.1 Early Identification of Post-Merger Financing Risk

The ownership knowledge graph method identified post-merger financing risk earlier than
the transaction-level financial scoring baseline [25,26]. The median risk-identification time
decreased from 118 days to 49 days after merger completion. This shows that post-merger risk
may appear before repayment problems are recorded. Transaction-level scoring mainly uses
acquisition value, leverage, collateral, and cash-flow coverage. These indicators are useful, but
they may miss hidden debt, weak subsidiaries, related-party guarantees, and supplier disruption.
By linking acquirers, target firms, subsidiaries, shareholders, executives, creditors, guarantees,
asset transfers, suppliers, customers, and litigation events, the proposed method provides a broader

view of post-merger risk. This result is consistent with recent M&A studies showing that merger



risk is related to information gaps, litigation, governance, and post-deal uncertainty, rather than

financial indicators alone, as shown in Fig. 1.
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Fig. 1. Post-merger enterprise graph linking acquirers, targets, subsidiaries, and related firms for

risk assessment.

3.2 Ownership-Risk Paths and Subsidiary Debt Transmission

The method found 3,760 hidden ownership-risk paths and 1,540 subsidiary debt transmission
chains. These results show that financing risk after a merger is not limited to the acquiring firm or
the target firm. Risk may also come from subsidiaries, related-party guarantees, creditor links, and

transferred assets. For example, a subsidiary may seem stable in its own records but may raise



group-level risk if it carries large debt, provides guarantees for weak firms, or depends on unstable
suppliers. Earlier M&A studies mainly discussed deal value, integration risk, or market response.
This study traces risk through ownership and debt links after merger completion. This provides
clearer evidence for banks and regulators when they assess hidden repayment pressure in merged
industrial groups [27,28].

3.3 Portfolio Monitoring and Risk Reduction

Portfolio simulation showed that ownership-based monitoring reduced expected post-merger
overdue exposure by 96 million RMB during the validation period. This result indicates that
ownership-based risk ranking can improve portfolio review. Instead of treating each merged group
as an isolated borrower, the method ranks groups by debt concentration, subsidiary exposure,
related-party guarantees, and supplier disruption. This helps risk managers identify groups that
need earlier review. The result also shows that M&A risk should be studied as a connected system.
Fig. 2 provides a related example from a recent M&A review, where co-occurrence analysis
shows that M&A risk factors are grouped into related themes, including information gaps,

litigation, performance, and geopolitical factors.
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Fig. 2. Co-occurrence map of ownership and subsidiary risk paths showing multi-layer exposure

in merged groups.



3.4 Comparison with Previous Studies and Robustness

Compared with previous studies, this work makes three main extensions. First, it focuses on
post-merger financing risk in industrial groups, rather than general M&A performance or deal
success. Second, it combines ownership changes, loan agreements, guarantee contracts,
asset-transfer records, supplier-customer links, and litigation events in the same risk structure.
This differs from methods that rely only on transaction-level financial indicators. Third, it
provides ownership-risk paths and subsidiary debt chains, rather than only risk scores. Robustness
tests across industries, transaction sizes, ownership layers, post-merger periods, and warning
thresholds showed stable results. Removal tests also confirmed that ownership records, guarantees,
asset transfers, supplier-customer links, litigation records, and rule-based checks each helped risk
identification. These findings suggest that ownership knowledge graphs can support earlier

warning, clearer risk explanation, and more practical post-merger financing supervision [29,30].

4. Conclusion

This study proposed an ownership knowledge graph method for assessing post-merger
financing risk in industrial groups. The method linked acquirers, target firms, subsidiaries,
shareholders, executives, creditors, guarantees, asset transfers, suppliers, customers, and litigation
events in a single enterprise graph. Results showed that it detected financing risk earlier than
transaction-level financial scoring and identified hidden ownership-risk paths, subsidiary debt
chains, and related-party guarantee exposures. The main contribution is that it extends post-merger
risk assessment from single transactions to ownership-based firm networks, providing a clearer
view of how hidden debt, weak subsidiaries, and supplier disruptions affect group-level repayment
risk. The method can support banks, regulators, and industrial groups in early warning, portfolio
review, and post-merger supervision. Limitations include dependence on the completeness and
accuracy of ownership, contract, loan, and litigation records, and some informal or undisclosed
related-party exposures may not be captured. Future work should apply the method across more

industries and regions and incorporate more timely operational and financial data after mergers.
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