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 The prediction of financial distress in the banking sector has become 
increasingly critical amid rising digital risks, managerial failures, and 
regulatory pressures, particularly during the 2020–2024 period. This 
study aims to analyze the methods used for predicting financial distress 
in the banking sector through a systematic literature review. Using a 
qualitative approach and a descriptive-analytical literature study 
method, this research examines scholarly articles from reputable 
sources. The analysis reveals that while traditional models such as the 
Altman Z-Score and CAMELS are still in use, AI/ML-based models such 
as Random Forest and Long Short-Term Memory (LSTM) are gaining 
prominence due to their higher accuracy. However, the adoption of 
predictive technologies remains limited in developing countries due to 
data and resource constraints. This study underscores the importance of 
developing predictive frameworks that are responsive to digital 
disruption and integrate ESG factors, while also addressing the research 
gap concerning the application of Generative AI in banking. The findings 
are expected to offer valuable insights for regulators and practitioners in 
anticipating financial crises more proactively. 
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INTRODUCTION  

The banking sector is the backbone of a country's financial system stability, acting as a vital 
intermediary between the owners of funds and users of funds (Ilyas et al., 2024b). In 
Indonesia, the banking industry controls more than 80% of the total assets of the financial 
services sector, showing its dominance and crucial role. However, the magnitude of this role 
is directly proportional to the systemic risk that may arise in the event of financial distress in 
banking institutions. This phenomenon continues to be a global threat, as reflected by the 
bankruptcy of Republic First Bank in the US and 52 other banks on the FDIC “Problem List” 
with total assets of $66.3 billion(FDIC Quarterly Banking Profile, 2024) In Europe, the 
European Central Bank (ECB) also noted increased risk with 6 banks in the high-risk category 
due to troubled commercial property exposures. (Puli et al., 2024)  

In Indonesia, although there were no major cases during 2023-2024, the Financial 
Services Authority (OJK) still recorded 4 banks under special supervision due to NPL (Non-
Performing Loan) ratios above 5%. (OJK, 2024). This data suggests that the threat of financial 
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distress remains real, especially in the face of global economic uncertainty and financial 
market volatility. The main problem lies in the complexity of the factors that cause financial 
distress, which are multidimensional, including internal aspects such as weak risk 
management and external factors such as rising global interest rates that trigger liquidity 
pressures. (Sari et al., 2024). 

Various theoretical approaches have been developed to predict financial distress, but 
recent developments indicate the need for adaptation of these models. The Altman Z-Score 
(1968) model that has been used for decades has shown limitations in dealing with the 
dynamics of modern banking, especially in anticipating the risk of a systemic banking crisis 
such as what happened to several banks in Europe in 2024. recent study (Chen & Phelan, 
2023) in the Journal of Financial Stability shows that the integration of machine learning with 
big data analysis can improve prediction accuracy up to 92% for financial distress cases in 
the digital era (Yue et al., 2021). However, the implementation of these advanced methods in 
developing countries such as Indonesia still faces challenges in terms of data availability and 
analysis capacity.(Marlinda & Yulia, 2020) 

A review of previous research reveals some significant knowledge gaps, especially in 
the context of recent developments. First, the majority of prediction models have not fully 
accommodated the impact of disruptive technologies such as fintech and digital banking on 
banking stability (Suadnyana & Musmini, 2022). Second, there is no consensus on the most 
effective predictor variables for post-pandemic economic conditions, where ESG 
(Environmental, Social, Governance) factors are starting to become an important 
consideration. Third, recent developments in AI such as generative pre-trained transformers 
(GPT) for financial statement analysis have not been widely tested in the context of financial 
distress prediction. (Nury & Prajawati, 2022) 

The urgency of this research is even stronger when looking at recent developments in 
the global banking sector. The 2023-2024 regional banking crisis in the US and Europe 
shows the need for a predictive system that is more responsive to external shocks. (Puli et al., 
2024). In Indonesia, with loan growth projected to reach 10-12% in 2024, the risk of non-
performing loans accumulation needs to be anticipated through more accurate prediction 
models. This research is not only relevant for academics but also for regulators such as OJK 
who are developing a second generation risk-based supervision (RBS) framework, as well as 
for banking practitioners in developing their early warning system.(Susanto & Chawa, 2021) 

Based on the above description, this study aims to: (1) conduct a comprehensive 
evaluation of the latest developments in financial distress prediction methods in the global 
banking sector with a focus on the period 2020-2024; (2) identify best practices in the 
application of the latest prediction models including machine learning and AI approaches; and 
(3) formulate a prediction framework that is adaptive to the characteristics of banking in 
emerging markets such as Indonesia, taking into account disruptive factors in the digital era.  
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METHOD  
This research uses a qualitative approach with a descriptive-analytical literature review 
method. The purpose of this study is to identify, analyze, and synthesize previously published 
scientific findings related to financial distress in the banking industry, both at the national and 
international levels. The focus of the study includes financial distress prediction models used, 
factors that cause it, as well as mitigation or handling strategies applied in the banking sector. 
(Sugiyono, 2013). 

The population in this study are all scientific publications that discuss the topic of 
financial distress in the banking sector. (Sari et al., 2022) Because the number was very large 
and varied, this study used a purposive sampling technique, which only selected literature 
that met certain kriteria.(Ilyas et al., 2024a) The inclusion criteria used included: 

1. Articles that explicitly discuss financial distress in the context of banking, 
2. Published over the period 2020 to 2025, 
3. Originating from nationally or internationally accredited scientific journals, and 
4. Available in Indonesian or English. Exclusion criteria included articles that were not 

available in full-text, had not been peer-reviewed, or were not relevant to the topic 
under review. 
The instrument in this study is a literature review guideline, which includes important 

elements such as the author's name, year of publication, research objectives, methods used, 
financial distress prediction models discussed (such as Altman Z-Score, Ohlson O-Score, 
CAMELS, etc.), key findings, and the context of the research sector and region. Secondary 
data were obtained from reliable sources such as Google Scholar, ScienceDirect, JSTOR, 
SINTA, and Scopus, as well as academic institution repositories that provide access to 
scientific papers. 

The data collection technique was conducted by searching for relevant articles using 
keywords such as “financial distress in banking industry”, “bankruptcy prediction models”, 
“Altman Z-score for banks”, and the like.(Neiska Oliviana & Maria Yovita R. Pandin, 2023). 
After the data was collected, the researcher conducted thematic analysis, by categorizing the 
information based on the main themes that emerged from various literatures. The analysis 
technique used refers to the Miles and Huberman model, which goes through three main 
stages: data reduction, data presentation, and conclusion drawing. Data reduction was done 
by sorting out important information from each relevant article, data presentation was done 
in the form of narratives and literature synthesis tables, and conclusions were drawn based 
on patterns, comparison of findings, and identified research gaps. (Ilyas et al., 2024b) 

To ensure the validity and validity of the data, source triangulation techniques were 
used, namely by comparing and confirming findings from various references that have 
different points of view but discuss the same topic. (Umar et al., 2025). In addition, internal 
peer review can also be carried out by asking for input from supervisors or experts in the field 
of financial management regarding the accuracy and relevance of the literature synthesis 
prepared. (Maroto, 2012) 
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RESULTS AND DISCCUSION  
Comprehensive Analysis of Financial Distress Prediction Model 

 Table 1. Analysis of Financial Distress Prediction Model 
No Gap Area Level of urgency Number of related studies 
1. Number of related studies High 3 
2. Islamic bank studies Medium 5 
3. ESG Factor Integration High 8 
4. Cross-Country Anlysis Critical 12 
5. Real Time prediction Extreme 2 

This study successfully identified and analyzed in depth selected scientific articles that 
met the inclusion criteria, with a publication period between 2020 and 2025.  The analysis 
shows significant developments in financial distress prediction methodologies in the banking 
sector over the past decade. The research findings can be categorized into the following main 
aspects: 

First, regarding the prediction models used, two broad groups of approaches were 
identified that developed in parallel but have shown a trend of convergence in recent years. 
The first group is the traditional models based on statistical analysis and financial ratios. In 
this category, the Altman Z-Score modification for the banking sector is still the most widely 
used, appearing in 16 of the 50 articles analyzed (32%). Its application is particularly effective 
for conventional banks with relatively simple business structures, as shown in Wijaya & Sari's 
(2021) research on state-owned banks in Indonesia. The CAMELS model as a regulatory 
oversight tool also remains relevant, appearing in 14 studies (28%), with fairly widespread 
implementation across different banking jurisdictions.  

Table 2. Model Comparison 
Category Related Models Number of Studies Accuracy 
Traditional Model Altman Z-Score 16 (32%) 70-75% 
 CAMELS Framework 14 (28%) 78-82% 
Hybrid Model Logit/Probit + Macro Variabel  8 (16%) 80-85% 
AI/ML Random forest 12 (24%) 88-92% 
 SVM 9 (18%) 85-89% 
However, our findings reveal significant limitations of these traditional models, 

particularly in terms of: (1) inability to capture real-time risks due to their backward-looking 
nature; (2) difficulty in accommodating the unique characteristics of digital banks and fintechs; 
and (3) reliance on historical data that may no longer be relevant in a fast-changing business 
environment, as pointed out by Dewi et al. (2023) in their comparative study. 

Secondly, the group of artificial intelligence and machine learning (AI/ML) based models 
showed rapid growth, especially in the last five years. Random Forest emerged as the most 
implemented algorithm (12 studies/24%), followed by Support Vector Machine (9 
studies/18%). Interestingly, recent studies (2020-2024) show a significant increase in 
accuracy, with an average of 85-92% for financial distress classification, far surpassing 
traditional models. Recent developments have even begun to adopt deep learning techniques, 
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particularly Long Short-Term Memory (LSTM) architectures for the analysis of big data 
financial statements and time series data, such as on US banks.   
Causes and Dynamics of Contemporary Financial Distress 

A thematic analysis of the literature reveals an increasing complexity of factors causing 
financial distress in this digital age. Internally, risk management issues emerge as the 
dominant factor, mentioned in 33 out of 50 articles (66%). Recent cases such as the collapse 
of Silicon Valley Bank (2023) show how liquidity management failures can be fatal, even for 
well-capitalized banks. Corporate governance is also a major concern, with 20 studies (40%) 
linking financial distress to weak governance practices, particularly in terms of transparency 
and management accountability. 

External factors show increasingly complex dynamics. In addition to conventional 
macroeconomic factors such as interest rates and inflation, our research identifies emerging 
risk factors that are increasingly relevant: 

1. Impact of digital disruption: 13 studies (26%) highlighted how competition with fintechs 
and digital banks is putting pressure on the profitability of conventional banks, 
especially in the retail banking segment. 

2. Cybersecurity risk: Appeared in 8 studies (16%) as a significant new distress factor, 
with potential systemic impact 

3. Regulatory changes: Post-crisis regulatory dynamics (Basel III/IV) create significant 
compliance cost pressures, especially for small banks. 

Evolution of Mitigation and Surveillance Strategies 
The research findings show a paradigm transformation in financial distress mitigation 

strategies. Regulators in various countries show a strong tendency to adopt advanced 
technology in the supervisory system: 

1. AI-based stress testing: Implemented by ECB (2024) with wider coverage and higher 
frequency. 

2. Real-time monitoring system: OJK (2023) starts developing an early warning system 
integrated with real-time transaction data. 

3. More dynamic scenario analysis: Combining various macroeconomic and geopolitical 
scenarios. 
On the practitioner side, our findings reveal a capability gap between large and small 

banks in adopting risk mitigation technologies. Banks with assets above $10 billion tend to 
be more aggressive in adopting AI-based solutions, while smaller banks still rely on 
conventional methods. 
Comparative Analysis and Research Gap Identification 

The comparative tables compiled show significant variations in performance between 
the various prediction models:   

1. Model tradisional (Altman Z-Score, CAMELS): 
a. Accuracy: 70-82% 
b. Advantages: Easy implementation, low cost 
c. Limitations: Less responsive to structural changes 

2. AI/ML model (Random Forest, LSTM): 
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a. Accuracy: 85-94% 
b. Advantages: Ability to analyze complex patterns 
c. Limitations: Requires big data and specialized expertiseIdentifikasi gap  

The research revealed some critical areas that remain under-explored: 
1. The application of AI generative technology in financial distress prediction is still very 

limited (only 3 studies identified). 
2. Comparative studies between types of banks, especially regarding Islamic banks, are 

still very minimal (only 5 articles). 
3. The integration of ESG factors in prediction models is just starting to develop (8 studies), 

but there is no comprehensive framework yet.. 
   

CONCLUSION  
This systematic literature study addresses the objective of analyzing financial distress 
prediction methods in the banking sector between 2020 and 2024. The findings highlight 
three main points: (1) traditional models like Altman Z-Score are still in use but are 
increasingly being replaced by more accurate AI/ML models such as Random Forest, 
especially after 2020; (2) the causes of financial distress are evolving, with digital factors such 
as fintech disruption and cybersecurity risks appearing in 26% of recent studies; and (3) there 
remains a significant implementation gap between developed and developing countries due 
to disparities in data infrastructure. These insights suggest the need for future research to 
focus on building adaptive predictive frameworks that integrate ESG factors and explore the 
application of Generative AI, particularly in contexts with limited technological resources. 
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