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ABSTRACT: Financial institutions need crisis prediction capabilities to mitigate risk and 

respond quickly. Traditional models sometimes run into problems due to the fact that 

unexpected data makes it impossible for many different financial variables to interact. This 

research introduces a method that integrates network analysis and machine learning to 

enhance the precision of predictions. To begin, we may determine which financial indicators 

are most important by using feature selection approaches. Next, machine learning methods 

such as XGBoost, Random Forest, and Neural Networks are used to categorize the data. 

Identifying patterns in the propagation of issues and financial connection modeling are two of 

the many applications of network analysis. When it comes to predicting future occurrences 

using real-world financial data, the hybrid method performs better than individual machine 

learning models. The results show that by combining network knowledge with statistical 

learning, financial problem estimates can be made more precise. 

Keywords: Financial distress prediction, machine learning, network analysis, hybrid model, 

financial risk assessment. 

1. INTRODUCTION 

The possibility of bankruptcies, unstable economies, and substantial losses makes financial 

hardship a major worry for legislators, businesses, and investors. In order to reduce risk and 

make better decisions, organizations and corporations can benefit from financial difficulty 

forecasts. When it comes to financial forecasting, two popular statistical methods are logistic 

regression and Altman's Z-score. Problems with high-dimensional data, non-linearity, or class 

imbalance typically render these methods useless. New developments in machine learning 

(ML) have greatly improved financial forecasting accuracy by making use of complex 

patterns in financial data. The interdependencies between different financial measures or 

companies are often too complex for solo ML models to understand. To get around these 

issues, network analysis has arisen as a powerful method for modeling the interdependencies 

and connectivity of financial groups. By combining machine learning with network insights, 

a hybrid approach can get a better picture of how financial stress is distributed and make 

more accurate predictions. The authors of this study offer a fresh perspective on predicting 

financial crises by combining machine learning and network analysis. The framework finds 

structural trends and links in financial data using network analysis. Machine learning 

methods used for forecasting include XGBoost, Random Forest, and Deep Learning. When 
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different methodologies are combined, they can produce a prediction model that is more 

thorough and accurate.  

 

2. LITERATURE REVIEW 

Chen, C., & Shen, C. (2020). A practical model for financial issue forecasting incorporating 

multiple machine learning approaches is the overarching purpose of this project. Among the 

786 companies listed on the Taiwan Stock Exchange between 2012 and 2018, 262 were in 

crisis and 78 were not. A multitude of machine learning techniques are utilized. Stepwise 

regression and the least absolute shrinkage and selection operator (LASSO) are used to 

identify important variables.The construction of prediction models from non-financial and 

financial data is accomplished using categorization and regression trees (CART) and random 

forests (RF). According to the study, the model that utilized CART and variables filtered by 

LASSO had the highest accuracy (89.74%) in detecting financial difficulties. This integrated 

approach shows how, even with little resources, feature selection methods and powerful 

classification algorithms may improve forecast accuracy. 

Kadkhoda, S. T., & Amiri, B. (2024). A prerequisite for efficient financial planning, 

especially in an unpredictable climate, is the ability to anticipate financial challenges. This 

study's authors provide a new method for identifying financial distress by combining machine 

learning with network analysis. Based on how comparable they are and how much they rely 

on critical financial criteria, the goal is to split enterprises into two groups. Their removal was 

followed by the insertion of seven network-focused features as extra variables to the dataset. 

Cluster firms also use community detection techniques, and the identities that come out of it 

are used as categorical factors. Using five different ways of categorizing potential financial 

crises, we can predict three different types of crises. Machine learning models can be made 

more accurate predictors with the addition of network-centric attributes. Similarity network 

features play a pivotal role in this. There is evidence from the proposed model that network-

based techniques can enhance models for predicting financial hardship. It provides a wealth 

of data about the dynamic and interdependent structure of financial organizations and is also 

excellent at making predictions.  

Wang, D., Zhang, Z., Zhao, Y., Huang, K., Kang, Y., & Zhou, J. (2024).For credit risk 

forecasting and management, the capacity to predict user financial failure is crucial, as it 

allows one to ascertain the likelihood that borrowers would eventually become unable to 

repay their loans. For users without a lot of data, traditional approaches may not be enough 

because they only gather limited personal information. For the purpose of detecting financial 

default, our research suggests using a Graph Neural Network (GNN) that incorporates 

curricular learning, more especially MotifGNN. The difference can be reduced by doing this. 

For learning lower-order structures, the original graph can be utilized, whereas for learning 

higher-order structures, multi-view motif-based graphs can be employed. To address the issue 

of weak connections in graphs based on motifs, a gating technique has been developed. Using 

information from the original graph, this technique improves the learning capacity of higher-

order structures. Using a curriculum-based learning technique, students are encouraged to 

understand samples with unusual motif distributions. The pattern of themes varies noticeably 

between the samples, which is the main reason. Results from comprehensive testing on three 
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datasets—two commercial and one public—prove that the proposed strategy can enhance the 

accuracy of default predictions.  

Ding, Y., & Yan, C. (2024). If stakeholders are aware of when a company can run into 

financial problems, they can take action quickly to avoid them. Using feature selection 

methods and data from multiple sources, this study presents a prediction model that aims to 

improve forecast accuracy. By integrating market data, financial metrics, and international 

considerations, the strategy aims to provide a holistic view of a company's financial well-

being. Feature selection procedures lower the dimensionality and improve model 

performance, making it feasible to find the most essential predictors. The suggested strategy 

is tested using real-world datasets to show that it can predict financial problems. In order to 

build models that accurately predict financial crises, the research stresses the importance of 

integrating several data sources and meticulously choosing features.  

Wang, X., &Brorsson, M. (2024). When trying to predict whether a company will go 

bankrupt, most traditional models fail to take other important considerations into account. 

Financial ratios extracted from the company's books are the only ones considered. The 

authors suggest building a number of ML models to forecast insolvency using a mixed 

dataset that includes financial records and details about company reorganization. Research 

results are made publicly available via the Luxembourg Business Registers, which include 

information on small and medium-sized firms. By comparing the results of six different 

machine learning models, we can find the one that is most accurate in predicting 

bankruptcies. Using a composite dataset rather than individual ones can improve model 

performance by 4-13%, as demonstrated in this paper. The findings indicate that bankruptcy 

prediction models that incorporate corporate restructuring activity offer a more 

comprehensive view of a company's financial status.  

Li, X., Liu, Y., & Zhang, J. (2023). A hybrid ML system for financial analysis is built in this 

research using manifold learning and categorical boosting (CatBoost). Improved management 

of category characteristics and capturing of financial data complexity are the goals of the 

strategy, which aims to boost the predictive power of models for financial crisis. A number of 

learning techniques are used to show the actual geometry of the data; one of these is 

CatBoost, which handles categorical characteristics with minimal preprocessing. Applying 

the suggested method to financial datasets results in more reliable and precise predictions. 

 

3. EXISTING SYSTEM 

Models that attempt to predict financial crises often use econometric and statistical tools such 

as discriminant analysis, logistic regression, and Altman's Z-score. From data on liquidity, 

profitability, and past financial statistics, these models determine if a company is struggling 

or not. While not insurmountable, comprehending interactions that are imbalanced, high-

dimensional, and nonlinearly-structured might be challenging for such methods. The 

emergence of ML has led to the use of complex models for financial hardship forecasting, 

such as Neural Networks, Random Forest, and Support Vector Machines (SVM). Their 

ability to spot intricate patterns in financial data improves the precision of these systems' 

estimations. However, using numerous machine learning models comes with a variety of 

difficulties, such as: 
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 Data Imbalance Issues: Due to the fact that fewer people are experiencing financial 

difficulties than are not, the model's predictions are inaccurate.  

 Lack of Interpretability: Machine learning algorithms are notoriously difficult for 

financial specialists to understand because of how they make decisions.  

 Ignoring Financial Interdependencies: Due to their tendency to examine financial 

variables independently, machine learning models frequently overlook network effects, 

such as the possibility of issues propagating across supply chains or financial markets.  

Mixing ensemble learning with feature selection is one of the novel approaches to improve 

prediction accuracy. Regrettably, these methods fall short in fully depicting the transmission 

of financial crises. 

 

4. PROPOSED SYSTEM 

In order to overcome the limitations of current models that try to forecast financial crises, this 

study suggests a strategy that combines network analysis with machine learning. The 

suggested approach uses advanced network analysis and machine learning to streamline the 

detection, comprehension, and precise prediction of early warning signs of financial disaster.  

 

Key Components of the Proposed System 

1. Feature Selection and Data Preprocessing 

• Only by combining financial records with both structured and unstructured market data 

can financial indicators be developed. Several feature selection algorithms, such as RFE 

and SHAP (SHapley Additive Explanations), are used to identify the most relevant 

indicators of financial distress. 

2. Machine Learning-Based Prediction 

• We use cutting-edge ML models like Random Forest, XGBoost, and Deep Neural 

Networks (2NNs) to classify businesses according to whether they are having financial 

problems.  

• The use of hybrid ensemble learning techniques improves classification performance 

while reducing class mismatch concerns. 

3. Network Analysis for Financial Distress Propagation 

• One can observe the interconnectedness of many organizations' finances, market 

movements, credit concerns, and supply chain connections through a financial network.  

• We use centrality, community identification, and PageRank, which are graph-based 

methods. measures to examine the propagation of anxiety. 

4. Hybrid Model Integration 

• In order to prioritize early intervention approaches, businesses that are very central and 

susceptible to network attacks are given risk scores. The results of network analysis and 

machine learning-based classification can be used to make it easier to determine if a 

company is in danger. 

5. Performance Evaluation and Validation 

• Real-world financial datasets are used to test the suggested approach, in contrast to 

separate, traditional machine learning and statistical models.  
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• Accumulation of use (AUC-ROC), recall, F1-score, and other metrics are employed for 

object evaluation. 

Advantages of the Proposed System 

 Improved Predictive Accuracy:The technology integrates network analysis and machine 

learning to reveal the interconnectedness and uniqueness of each company's financial 

systems. 

 Early Warning Capabilities: The use of network analysis allows for the early 

identification of warning signs before they manifest in financial records.  

 Enhanced Interpretability: One way to visualize the distribution of financial troubles 

among related businesses is by using graphing approaches.  

 Robustness to Data Imbalance: Using financial networks, the hybrid approach can 

correct biased and imbalanced datasets. 

 

5.IMPLEMENTATION 
Service Provider 

Only service providers with proper login credentials can access this section. There are a ton 

of awesome things waiting for you after you check in. All remote users are included in the 

package, along with ratio findings, a bar chart showing the accuracy of the trained and tested 

test sets, a financial distress forecast, downloadable projected data sets, and the outcomes of 

both test sets. You also get access to more data.  

View and Authorize Users 

The manager can see a full list of all registered users at this link. The administrator has access 

to the user's real name, email address, and physical location. Their decision to admit or reject 

the user is also within their purview.  

Remote User 

At the moment, n people have used it. After they complete registering, they will not be able 

to access anything. Data about registered users is entered into the database once they 

complete the registration process. He will have access to the system after he has registered 

and received his approved login and password.  

 

6. RESULTS 
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Fig: 1 Main Page 

 
Fig: 2 The Login Page for Service Providers 

 
Fig: 3 Datasets for Evaluation and Training Results 

 
Fig: 4  We validated and taught the accuracy of bar charts. 

 
Fig: 5 Oversaw and verified the precision of line charts 



International Journal of Technology, Leadership and Sciences (IJTLS) 
ISSN: 3107-9083 www.ijtls.com Paper ID:TLS-26/V1/I2-001 

2026 - VOLUME-1 I SSUE-2 | JANUARY 7 

 

 
 
 

 

 

 
DOI: https://doi.org/10.5281/zenodo.18784329 

 
Fig: 6 Ensured the accuracy of the pie chart and provided instructions. 

 
Fig: 7 Identifying Potential Financial Difficulties 

 
Fig: 8 Rules for Calculating the Financial Distress Index 

 
Fig: 9 Interface for User Authentication 
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Fig: 10   Page for User Registration 

 
Fig: 11  Financial Complications: A Prediction of Their Character 

 

7. CONCLUSION 

Predicting financial distress is a crucial aspect of risk management because it allows 

businesses, investors, and policymakers to be ready for potential financial crises. While 

conventional models have their benefits, they also have their drawbacks. Their shortcomings 

include unclear communication, a failure to show how many financial categories are 

interdependent, and a method that fails to address data imbalances.  

To address these issues, this study presented a new way of looking at financial stress that 

makes use of network analysis and machine learning. By combining network-based methods 

with cutting-edge machine learning models like XGBoost, Random Forest, and Deep Neural 

Networks, the suggested method improves forecast accuracy and magnifies understanding of 

how the financial crisis spread. Network analysis can help find companies that have weak 

structures. Because of this, warning signs can be detected sooner than with older, less 

accurate models.  

All three measures used to evaluate ML model performance—overall classification 

performance, accuracy, and recall—show that the hybrid approach is superior to solo ML 

models. This becomes much more apparent when working with imbalanced datasets that 

include a wealth of data regarding financial difficulties. Additionally, the technique clarifies 

the process by showing how issues spread throughout financial networks.  

FUTURE WORK 

Despite its many merits, the suggested framework still has plenty of room for improvement:  
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 Incorporating Macroeconomic Indicators: Alterations to interest rates, inflation, and 

market sentiment are a few of the many factors that might lead to a stronger economy. 

 Deep Graph Learning Approaches: delving into the evolution of GNNs to generate 

more accurate predictions through networks.  

 Real-Time Predictive Modeling: Developing a system to monitor financial crises in 

real-time using streaming financial data. 
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