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ARTICLE INFO ABSTRACT

Received: 10 Aug 2025 Corporate risk management has become increasingly complex due to
dynamic financial environments, interconnected business structures, and
rapidly changing market conditions. Traditional risk assessment models
fail to capture interdependencies between corporate entities and external
market factors. This study proposes an Intelligent Corporate Risk
Management framework using Adaptive Graph Convolution Networks
(ACGN-Risk). The model represents corporate entities as nodes in a
dynamic graph, where edges capture financial, operational, and market
dependency relationships. An adaptive graph convolution mechanism is
introduced to dynamically update risk propagation across the corporate
network. The proposed framework is evaluated using multi-dimensional
corporate risk indicators such as financial instability, credit exposure,
market volatility, and operational risk. Experimental results demonstrate
that the adaptive graph-based model significantly improves risk prediction
accuracy and early warning capability compared to traditional statistical
and machine learning approaches.
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Introduction

Corporate risk management has become a critical function in modern business environments due to
increasing financial uncertainty, global market volatility, and complex interdependencies between
organizations. Companies today operate in highly interconnected ecosystems where the failure or
instability of one entity can propagate across supply chains, financial institutions, and operational
networks, leading to systemic risk exposure.

Traditional corporate risk management techniques rely heavily on statistical models, financial ratios,
and historical trend analysis. Approaches such as Value at Risk (VaR), regression-based risk scoring,
and credit rating systems provide useful insights but often assume linear relationships and independent
risk factors. These assumptions are unrealistic in modern corporate environments where risks are
highly nonlinear and interconnected.

With the advancement of machine learning, data-driven risk prediction models have been introduced
to improve forecasting accuracy. However, most of these models treat corporate entities as independent
samples and fail to capture structural relationships between companies, such as supplier—customer
dependencies, financial exposure links, and shared market influences.
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Graph-based learning methods, particularly Graph Convolutional Networks (GCNs), have emerged as
a powerful tool for modeling relational structures in complex systems. By representing companies as
nodes and their relationships as edges, GCNs enable the modeling of risk propagation across
interconnected corporate networks. However, most existing graph-based risk models assume static
relationships, which limits their effectiveness in dynamic business environments where corporate
dependencies evolve over time.

Another important limitation in traditional approaches is the lack of adaptability in risk propagation
modeling. Corporate risk is not fixed; it changes based on market conditions, financial performance,
geopolitical factors, and external shocks. Therefore, static graph structures are insufficient for capturing
real-time risk evolution.

To address these limitations, this study proposes an Intelligent Corporate Risk Management framework
using Adaptive Graph Convolution Networks (ACGN-Risk). The proposed model dynamically updates
corporate relationship graphs and applies adaptive convolution mechanisms to model evolving risk
propagation across interconnected organizations.

Literature Review

Corporate risk management has been extensively studied across financial economics, machine learning,
and network science domains. Traditional approaches primarily focus on statistical risk estimation,
while recent advancements incorporate machine learning and graph-based modeling to capture
interdependencies between corporate entities.

Early corporate risk management systems were based on statistical frameworks such as Value at Risk
(VaR) and regression-based credit scoring models. These methods, widely adopted in financial
institutions, provide interpretable risk estimates but assume linear relationships between risk factors.
According to Jorion (2007), VaR-based models are effective for short-term risk estimation but fail
under extreme market conditions due to their reliance on historical distributions.

Similarly, Altman (1968) introduced the Z-score model for bankruptcy prediction, which became a
foundational tool in credit risk assessment. However, such models are limited in handling nonlinear
dependencies and cross-company interactions in modern corporate ecosystems.

Machine learning techniques have improved corporate risk prediction by learning complex nonlinear
patterns from financial data. Khandani et al. (2010) demonstrated that logistic regression and ensemble
learning methods outperform traditional scoring models in credit risk prediction. However, these
approaches still treat corporate entities independently and do not explicitly model relational
dependencies between firms.

Further studies by Lessmann et al. (2015) showed that machine learning models such as random forests
and gradient boosting improve default prediction accuracy but require extensive feature engineering
and lack structural interpretability.

Deep learning models, particularly neural networks, have been applied to financial risk prediction with
improved accuracy. Dixon et al. (2017) demonstrated that deep neural networks can effectively model
complex financial datasets for risk classification tasks. However, these models primarily focus on
tabular or time-series data and do not incorporate inter-company relationships or network effects.
Recurrent neural networks (RNNs) and LSTMs have also been used for temporal risk forecasting, but
they are limited in capturing cross-entity dependencies in corporate systems.

Graph-based learning has emerged as a powerful paradigm for modeling interconnected systems. Kipf
and Welling (2017) introduced Graph Convolutional Networks (GCNs), which enable learning on graph-
structured data by aggregating information from neighboring nodes.

In corporate risk contexts, companies can be modeled as nodes, while financial dependencies, supply
chains, and credit exposures form edges. Studies such as Battiston et al. (2012) highlight the importance
of network effects in systemic risk propagation, showing that financial distress can spread through
interconnected institutions. However, most GCN-based risk models assume static graph structures,
which do not reflect the dynamic nature of real-world corporate relationships.
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To overcome static graph limitations, researchers have introduced dynamic graph neural networks.
Pareja et al. (2020) proposed temporal graph networks that update node relationships over time. These
models improve adaptability but still struggle with high-frequency structural changes in financial
systems.

Similarly, Wu et al. (2020) emphasized that adaptive graph learning is essential for real-world
applications where relationships evolve continuously. However, existing adaptive models are still
underexplored in corporate risk management contexts.

Methodology

The proposed Adaptive Graph Convolution Network for Corporate Risk Management (ACGN-Risk) is
designed to model dynamic risk propagation across interconnected corporate entities by combining
graph learning, adaptive edge updating, and deep feature extraction from financial indicators.
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Fig 1. Intelligent Corporate Risk Management through Adaptive Graph Convolution
Networks

This framework Figure 1, presents an intelligent corporate risk management architecture that utilizes
Adaptive Graph Convolution Networks (AGCN) to analyze interconnected enterprise risk factors and
support proactive organizational decision-making. The model is designed to capture complex
relationships among financial, operational, compliance, and market risks through graph-based learning
mechanisms.

The methodology begins with the collection of enterprise data from multiple organizational sources,
including financial transactions, operational activities, regulatory records, and market information.
These heterogeneous data elements are transformed into graph structures where nodes represent risk
entities and edges capture dependencies and interactions among them. The Adaptive Graph
Convolution Network processes these interconnected relationships to learn hidden patterns and risk
propagation behaviors across the enterprise ecosystem.

The framework evaluates multiple risk domains, including financial risk, operational risk, market risk,
and compliance risk. Through adaptive graph learning, the system dynamically identifies influential
risk factors, measures their interdependencies, and predicts potential risk escalation scenarios. The
learned graph representations are utilized to generate comprehensive risk assessments and
organizational risk profiles.

A risk decision module consolidates analytical outcomes and provides actionable recommendations for
mitigation planning, policy development, and strategic management. A continuous feedback
mechanism updates graph structures and model parameters based on new enterprise information,
enabling adaptive learning and improved prediction performance over time.
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The proposed architecture enhances corporate risk visibility, improves risk prediction accuracy,
strengthens regulatory compliance monitoring, supports strategic risk governance, and enables
intelligent enterprise-wide risk management. It is suitable for large enterprises, financial institutions,
insurance organizations, regulatory agencies, and corporate governance systems requiring advanced
risk analytics and decision support.

Risk Feature Encoding

Raw corporate data is transformed into latent risk embeddings:

Zi = fenc (Xl)
Where:

fenc= neural encoding function

Z,;= risk embedding of company i

This allows uniform representation across heterogeneous data sources.
Adaptive Graph Update Mechanism

Graph structure evolves over time using:

Ay = Ar + 04,
Where:

AA; = g9 (At Z4)
This function learns:

New risk relationships, Changing financial dependencies, Emerging systemic risk patterns
Graph Convolutional Risk Propagation

Risk propagation across corporate network is modeled using GCN:

HUD = 6(A,HOW D)
Where:

H®= hidden representation, 4,= normalized adjacency matrix, W = trainable weights, o= activation
function

This captures systemic risk diffusion across firms.
Corporate Risk Prediction Layer
Final risk score is computed as:
= £
Where:
Y;= predicted risk level of company i
Output categories:
Low Risk, Medium Risk, High Risk, Critical Risk

Algorithmic Strategy

The proposed Adaptive Graph Convolution Network for Corporate Risk Management (ACGN-Risk)
follows a structured algorithm that integrates risk embedding, adaptive graph construction, graph
convolutional propagation, and risk classification to model dynamic corporate risk behavior.

Input:
Corporate dataset X = {X;,X,,...,X,}, Risk labels Y, Time steps t
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Output:

Predicted corporate risk level ¥

Adaptive risk graph G,

Step 1: Data Acquisition

Collect corporate financial and operational data
Normalize dataset:

X" = Normalize(X;)
Handle missing values using interpolation

Step 2: Risk Feature Encoding

Encode corporate features:
Z;= fenc(Xinorm)

Generate risk embedding space
Store embeddings for all companies
Step 3: Initial Graph Construction
Define corporate graph:

G, = (V,E)

Compute edge weights:
Ef; = Corr(Z,Z;)

Incorporate risk dependency:

Ef; = Ef; + ARy;

Step 4: Adaptive Graph Update
Compute graph evolution:

AA = g9 (At Zy)

Update adjacency matrix:

Apyr = A¢ + DA,

Normalize updated graph:

Step 5: Graph Convolution Propagation
Apply graph convolution:

HUY) = 6(4,HOW )

Learn systemic risk propagation patterns
Step 6: Risk Prediction
Compute final risk score:
Copyright © 2025 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative

Commons Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided the

original work is properly cited.

1316



16.

17.

18.
19.

Journal of Information Systems Engineering and Management
2025, 10(60s)

e-ISSN: 2468-4376
https://www.jisem-journal.com/

Research Article
Y; = Softmax(WH; + b)

Classify risk levels:

Low Risk, Medium Risk, High Risk, Critical Risk
Step 7: Loss Optimization

Compute loss:

Loss = CE(Y,Y) + aLgrapn + BLsmootn

Backpropagate gradients

Update model parameters using Adam optimizer

Results and Performance Evaluation

The performance of the proposed Adaptive Graph Convolution Network for Corporate Risk
Management (ACGN-Risk) was evaluated using synthetic and historical corporate financial datasets.
The model was tested under scenarios involving financial distress propagation, credit default risk,
market volatility shocks, and inter-company dependency failures. Evaluation metrics include risk
prediction accuracy, precision, recall, Fi-score, AUC-ROC, and early warning detection efficiency,
which are critical for corporate risk monitoring systems.

Performance Comparison
The proposed ACGN-Risk model is compared with traditional and modern risk prediction approaches.

Table 1: Performance Comparison

Model Accuracy Precision Recall F1-Score | AUC-ROC | Early Warning
(%) (%) (%) (%) (%) Score

Logistic 824 81.9 80.7 81.2 83.1 78.5
Regression
SVM Risk Model | 86.7 86.1 85.4 85.7 87.2 83.6
Random Forest 89.3 88.9 88.1 88.5 90.0 86.4
LSTM Risk | 91.8 91.2 90.6 90.9 92.3 89.1
Model
Static GCN | 93.6 93.1 92.8 92.9 94.0 91.7
Model
Proposed ACGN- | 97.8 97.4 97.1 97.2 98.3 96.9
Risk

Result Analysis

The experimental results Table 1, demonstrate that the proposed ACGN-Risk framework significantly
outperforms all baseline models across all evaluation metrics. Traditional statistical models such as
Logistic Regression and SVM perform poorly due to their inability to capture nonlinear dependencies
and systemic risk propagation across corporate networks. Random Forest improves performance
through ensemble learning but still treats companies as independent entities. Deep learning models
such as LSTM improve temporal risk prediction but fail to model inter-company structural
relationships, which are crucial in corporate ecosystems were risk spreads through financial and
operational dependencies. Static Graph Convolutional Network models show improved performance by
capturing relational structures between companies; however, their inability to adapt to changing
corporate relationships limits their effectiveness in dynamic environments.
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Conclusion and Discussion

The proposed Adaptive Graph Convolution Network for Corporate Risk Management (ACGN-Risk)
presents an advanced and effective framework for modeling, analyzing, and predicting corporate risk
in highly interconnected financial ecosystems. By integrating adaptive graph learning with graph
convolutional networks, the framework successfully captures both static and dynamic dependencies
between corporate entities, enabling more accurate and early detection of systemic risk.

The discussion highlights that traditional risk management approaches, including statistical models
and machine learning techniques, are fundamentally limited in their ability to model inter-company
relationships. These methods assume independence among entities and fail to capture the cascading
effects of risk propagation across corporate networks.

Machine learning models such as SVM and ensemble methods improve predictive accuracy but still
treat corporate entities as isolated samples. Similarly, temporal models like LSTM capture time-
dependent risk evolution but ignore structural dependencies between companies, which are critical in
real-world corporate ecosystems.

Graph-based models, particularly static Graph Convolutional Networks, significantly improve
performance by incorporating relational information. However, their inability to adapt to evolving
corporate relationships limits their effectiveness in dynamic financial environments where
partnerships, market conditions, and risk exposure continuously change.

The proposed ACGN-Risk framework addresses these limitations by introducing an adaptive graph
update mechanism, which dynamically modifies the corporate relationship graph based on evolving
financial and operational data. This allows the model to capture real-time structural changes in
corporate networks, improving the accuracy and robustness of risk predictions.

Experimental results demonstrate that ACGN-Risk significantly outperforms all baseline models in
terms of accuracy, precision, recall, F1-score, and AUC-ROC. In addition, the model achieves superior
early warning capability, making it highly suitable for proactive corporate risk monitoring and decision-
making systems.
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