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1.Introduction 

1.1 Background of the Study 

The stability of the banking sector is indispensable to the efficient functioning of modern 

economies. Banks act as critical financial intermediaries, channeling funds from savers to 

borrowers, supporting investment and consumption, and maintaining the liquidity necessary for 

sustainable economic development. Given this centrality, the failure of banks can have wide-

ranging and severe repercussions, including the disruption of credit markets, erosion of depositors 

and investor confidence, and the potential triggering of systemic crises. The 2007–2009 Global 

Financial Crisis (GFC) served as a watershed moment, underscoring the fragility of financial 

institutions and the inadequacy of prevailing risk monitoring frameworks. The failure of several 

large banking institutions not only undermined global financial stability but also led to deep and 

prolonged macroeconomic contraction across developed and developing economies alike. 

In the wake of the GFC, the academic and regulatory communities have renewed their focus on 

early warning systems for identifying financial distress within banks. Traditional approaches—

largely based on financial ratios and linear classification models—have provided valuable insight 

into institutional performance but have often lacked the predictive precision and adaptability 

required in dynamic and complex financial environments. In particular, such models have struggled 

to detect emerging risks in time to support meaningful supervisory intervention, especially in 

contexts characterized by highly imbalanced datasets where failing banks constitute a statistical 

minority. 

 

Against this backdrop, the present research investigates the potential of advanced machine learning 

techniques to enhance the accuracy and reliability of bank failure prediction. The core motivation 

is rooted in the need for robust, data-driven tools that can complement and enhance traditional risk 

assessment methods, offering greater sensitivity to emerging risks and the capacity to manage 

complex, nonlinear relationships within financial datasets. By comparing traditional statistical 

models with modern machine learning algorithms—including ensemble models and cost-sensitive 

adaptations, this study aims to identify predictive frameworks that can improve both the timeliness 

and effectiveness of early regulatory action. 

The study is situated at the intersection of financial risk management, predictive analytics, and 

regulatory technology (RegTech). It addresses pressing questions around the effectiveness, 

interpretability, and policy applicability of machine learning models for early detection of bank 

failures. It also acknowledges the evolving role of financial supervision in a post-crisis world, 

wherein proactive, evidence-based intervention is essential not only for individual institutional 

oversight but also for preserving broader financial system stability. 

1.2 Statement of the Problem 

Despite the critical role of banks in facilitating financial intermediation and maintaining 

macroeconomic stability, accurately predicting bank failures remains a persistent and unresolved 

challenge. The limitations of traditional statistical models—such as logistic regression and linear 

discriminant analysis—have become increasingly evident in the wake of complex financial crises. 

These models often rely on linear assumptions, are sensitive to multicollinearity, and tend to 

perform inadequately when applied to highly imbalanced datasets where failing banks represent a 

small minority of cases. 



A fundamental shortcoming of many existing prediction models lies in their insufficient ability to 

detect early warning signals of financial distress. In particular, traditional models tend to produce 

a high rate of Type II errors (false negatives), where at-risk banks are mistakenly classified as 

stable. This failure to identify distress in a timely manner undermines the effectiveness of 

regulatory oversight and delays crucial intervention, thereby increasing the likelihood of systemic 

disruptions. 

 

Moreover, while more advanced predictive techniques—particularly machine learning 

algorithms—have shown promise in addressing nonlinearity, class imbalance, and high-

dimensional data, their adoption in financial regulation has been limited. This is largely due to 

concerns regarding model complexity, lack of interpretability, and uncertainty about how such 

models balance performance with regulatory transparency. 

 

This research seeks to address this multifaceted problem by systematically comparing the 

predictive performance of traditional statistical models and modern machine learning 

approaches—including Random Forest, Cost-Sensitive Forest, and Regularized Random Forest—

within the domain of bank failure prediction. The study explores how these models perform under 

the constraints of imbalanced data, evaluates their capacity to reduce Type II errors, and assesses 

their practical suitability for integration into supervisory frameworks. In doing so, it responds to 

the broader need for reliable, transparent, and scalable early warning systems that can help 

regulatory bodies and financial institutions prevent the escalation of financial distress into systemic 

crises. 

1.3 Research Objectives 

The main objective of this study is to evaluate and compare the performance of traditional statistical 

models and advanced machine learning techniques in the prediction of bank failures, with a 

particular focus on managing class imbalance, minimizing classification errors (especially Type II 

errors), and understanding the trade-off between model complexity and interpretability. The 

research is grounded in post-crisis U.S. banking data and contributes to both academic literature 

and practical applications in financial supervision and regulatory decision-making. 

Specifically, the study aims to test the following five hypotheses: 

 

Hypothesis 1: Model Performance in Classification Accuracy 

Research Objective: 

To evaluate whether the Random Forest model significantly outperforms other machine learning 

models (including Support Vector Machines, Logistic Regression, and XGBoost) in terms of 

classification accuracy for predicting bank failures. 

Hypothesis Statement: 

H1: The Random Forest model does not significantly outperform other machine learning models 

(including Support Vector Machines, Logistic Regression, and XGBoost) in terms of 

classification accuracy for predicting bank failures. 

Context and Justification: 

This objective examines the performance of widely used models in the literature, benchmarking 

Random Forest’s ability to deliver high accuracy and ROC-AUC scores in comparison to 

alternative models, using a comprehensive post-crisis dataset from the FDIC. By doing so, the 

study tests the assumption that Random Forest is among the most reliable models for binary 

classification problems in financial risk settings. 



 

Hypothesis 2: Handling of Imbalanced Datasets 

Research Objective: 

To determine whether the CS-Forest model outperforms other ensemble models (e.g., AdaBoost, 

Gradient Boosting) in reducing Type II errors and managing class imbalance in bank failure 

prediction. 

Hypothesis Statement: 

H2: The CS-Forest model does not exhibit superior performance in reducing Type II errors and 

handling imbalanced datasets, such as those used in predicting bank failures, when compared to 

other hybrid ensemble models (e.g., AdaBoost, Gradient Boosting). 

Context and Justification: 

Accurate prediction in imbalanced datasets is critical, especially in early warning systems where 

missing a bank at risk (false negative) can result in regulatory failure. Cost-sensitive learning 

approaches are designed to reduce this risk by emphasizing the correct classification of the 

minority class (failed banks). This hypothesis tests whether CS-Forest, a cost-sensitive ensemble 

model, can effectively prioritize recall while maintaining acceptable overall accuracy. 

 

Hypothesis 3: Effectiveness of Simplicity versus Complexity in Models 

Research Objective: 

To investigate whether simpler models (e.g., Naive Bayes) perform significantly worse than more 

complex models (e.g., MLP, Random Forest, ensemble methods) in the prediction of bank 

failures. 

Hypothesis Statement: 

H3: Simpler models, such as Naive Bayes, do not exhibit significantly lower effectiveness 

compared to more complex models, such as Multilayer Perceptron, Artificial Neural Networks, or 

ensemble methods, in predicting bank failures. 

Context and Justification: 

While simpler models are often preferred for their transparency and ease of use, they may be 

unable to capture the complex, nonlinear relationships found in financial datasets. This 

hypothesis evaluates the performance gap between simple and complex models and informs the 

discussion on the trade-off between interpretability and predictive accuracy in practice. 

 

Hypothesis 4: Model Choice Influences 

Research Objective: 

To examine whether the selection of predictive models for bank failure detection is influenced by 

the trade-off between model complexity and interpretability, especially in regulatory contexts. 

Hypothesis Statement: 

H4: The selection of machine learning models for bank failure prediction is not predominantly 

influenced by the trade-off between model complexity and interpretability, nor by specific task 

requirements. 

Context and Justification: 

Regulatory environments require not only accurate predictions but also transparent decision-

making processes. This objective investigates how complexity impacts adoption, with particular 

attention to the suitability of models such as Regularized Random Forest, which aim to balance 

predictive performance with explainability. 

 

 



 

Hypothesis 5: Predictive Power and Model Complexity 

Research Objective: 

To assess whether a positive correlation exists between model complexity and predictive 

performance in the context of bank failure prediction. 

Hypothesis Statement: 

H5: The predictive power of machine learning models in bank failure prediction is not directly 

correlated with model complexity. 

Context and Justification: 

This hypothesis challenges the assumption that more complex models inherently yield better 

performance. By comparing a wide array of models across varying levels of complexity, the 

study examines whether model sophistication translates into significantly improved predictive 

outcomes and whether simpler alternatives might remain viable in specific scenarios. 

 

1.4 Significance of the Research 

The significance of this research lies in its dual contribution to the academic understanding and 

practical application of predictive modeling in the context of financial risk management and 

regulatory oversight. Bank failures are rare yet catastrophic events that can destabilize economies, 

erode investor and depositor confidence, and necessitate large-scale public intervention. The early 

and accurate identification of such failures is thus not merely a technical challenge but a systemic 

necessity. This study directly addresses this necessity by exploring innovative predictive 

methodologies capable of overcoming the limitations of conventional models. 

From a theoretical perspective, the study contributes to the expanding field of financial machine 

learning by empirically validating the superior performance of ensemble models—such as Random 

Forest, Cost-Sensitive Forest (CS-Forest), and Regularized Random Forest (RRF)—over 

traditional statistical classifiers. It demonstrates the critical role of model design in handling 

imbalanced datasets, capturing complex interactions among financial indicators, and reducing the 

incidence of Type II errors. In doing so, the research not only supports the methodological 

advancement of financial distress prediction but also deepens the understanding of how 

interpretability, complexity, and predictive power interact in high-stakes analytical tasks. 

In addition to its theoretical contributions, the research carries substantial practical relevance. 

Regulators, central banks, and financial institutions are increasingly tasked with implementing 

forward-looking supervisory frameworks capable of identifying and addressing institutional 

vulnerabilities before they evolve into systemic risks. However, existing risk assessment tools often 

fail to balance predictive accuracy with explainability, limiting their utility in real-world policy 

contexts. This study provides an empirically grounded evaluation of how different models perform 

in practice, offering clear guidance on their strengths, limitations, and optimal use cases. 

Furthermore, the study responds to the growing interest in RegTech and macroprudential policy 

tools by proposing adaptable, transparent, and scalable predictive models that can be integrated 

into existing supervisory infrastructures. The insights gained from feature importance analyses—

highlighting, for instance, the role of Net Interest Margin, Return on Equity, and Loss Allowance 

Ratios—equip regulators and risk managers with actionable knowledge to improve monitoring 

strategies and stress-testing frameworks. 

 

 



Ultimately, this research contributes to the development of more robust and resilient financial 

systems by equipping key stakeholders with tools that are both analytically sophisticated and 

operationally relevant. Its findings are especially timely as global financial institutions navigate an 

increasingly complex, interconnected, and data-intensive regulatory environment. 

2.Literature review  

The body of academic research on bank failure prediction has evolved significantly over recent 

decades, encompassing traditional forecasting models, advanced machine learning (ML) 

techniques, and hybrid approaches that blend statistical robustness with algorithmic precision. 

These studies have contributed to both theoretical understanding and the development of practical 

tools for early warning systems (EWS), particularly in the context of financial crises. 

2.1 Traditional Forecasting Models 

Torna and DeYoung (2012) investigated the relationship between non-traditional banking activities 

and bank failure during periods of financial distress. Utilizing multi-period logistic regression, they 

found that fee-based activities such as securities brokerage and insurance sales were associated 

with a lower probability of failure, while activities involving venture capital, investment banking, 

and securitization significantly increased risk. Their exclusion of banks with assets exceeding $100 

billion, however, limits the generalizability of their findings to the broader banking sector. 

Berger and Bouwman (2012) examined the role of capital in determining bank performance and 

resilience during crises. Drawing on a comprehensive dataset from 1984 to 2010, and employing 

Logit survival and OLS regression models, they demonstrated that capital buffers reduce the 

likelihood of bankruptcy for small banks and enhance performance in medium and large banks 

during systemic stress. The authors emphasized capital as a dual-purpose tool—both a buffer 

against insolvency and a strategic asset. 

Lu and Whidbee (2013) focused on financial fragility using logistic regression applied to a sample 

of 6,236 U.S. banks. They established that fragility—manifested through weak capital, asset 

quality, and liquidity—was a significant predictor of failure. Notably, multi-bank holding 

companies exhibited greater survival likelihood, underscoring the protective effects of institutional 

diversification. 

Cleary and Hebb (2015) employed discriminant analysis to identify key predictors of bank failures 

between 2002 and 2009, achieving an accuracy rate of 92%, which remained consistent in 

subsequent years (2010–2011). Their work confirmed the methodological efficacy of linear 

classification techniques in financial failure contexts. 

Chiaramonte et al. (2016) assessed the predictive utility of the Z-Score for U.S. commercial banks 

over the 2004–2012 period. Their findings indicated that the Z-Score could accurately predict 76% 

of failures, but the inclusion of macroeconomic variables did not improve predictive performance. 

This underscores the primacy of internal financial metrics over external economic factors in 

assessing bank risk. 



2.2 Machine Learning and Hybrid Techniques 

A shift towards more computationally intensive methodologies is evidenced in the work of Ekinci 

and Erdal (2017), who applied logistic regression, decision trees (J48), Voted Perceptron, and 

various hybrid ensemble models to the Turkish banking sector. Their results demonstrated the 

superior performance of hybrid models, particularly the RS-B-L ensemble, which achieved an 

AUC of 91.5%. 

Le and Viviani (2017) further advanced the literature by comparing traditional statistical methods 

(Discriminant Analysis, Logistic Regression) with ML algorithms (Artificial Neural Networks, 

Support Vector Machines, k-Nearest Neighbors). Their study, based on 3,000 U.S. banks, found 

that ANN and k-NN offered the highest predictive precision, particularly in capturing non-

linearities and complex interactions within the data. 

Gogas et al. (2018) implemented a two-step feature selection process in conjunction with SVM to 

forecast bank failures across 1,443 U.S. institutions. Achieving a 99.22% classification accuracy, 

their model notably outperformed the Ohlson score, a widely used benchmark, thereby reinforcing 

the practical utility of ML for high-dimensional, imbalanced datasets. 

Carmona et al. (2019) adopted XGBoost to model bank failures between 2001 and 2015. Their 

findings highlight the critical importance of retained earnings, return on assets, and total risk-based 

capital ratio in predicting failures. The authors recommended policy reforms focusing on earnings 

retention and dividend control during economic downturns. 

Manthoulis et al. (2020) explored the predictive contribution of diversification variables within a 

combined statistical–ML framework. Their results revealed that ordinal classification models 

provided a more nuanced understanding of bank distress compared to binary classifiers, 

particularly for medium- to long-term forecasting horizons. 

Momparler et al. (2020) introduced fsQCA (fuzzy-set Qualitative Comparative Analysis) to the 

bank failure literature. Their results revealed that configurations involving high non-performing 

loans, low capitalization, and insufficient risk coverage were consistently linked to failures, thus 

supporting a configurational view of financial distress. 

Petropoulos et al. (2020) assessed the CAMELS framework using multiple methods including 

Logistic Regression, Linear Discriminant Analysis, SVM, Neural Networks, and Random Forests. 

They concluded that Random Forests consistently outperformed other models in both accuracy and 

interpretability, positioning them as effective tools for supervisory agencies. 

Beutel et al. (2019) provided a cautionary assessment of ML applications, demonstrating that while 

ML models achieved high in-sample fit, traditional logit models outperformed them in recursive 

out-of-sample testing. The authors highlighted the need for hybrid models that balance accuracy 

with generalizability. 

 



2.3 Time-Dynamic and Early Warning Models 

Antunes et al. (2018) contributed to the development of systemic early warning systems by 

employing dynamic probit models enriched with exuberance indicators. Their work, based on four 

decades of European banking crises, provided significant improvements in both in-sample and out-

of-sample prediction performance. 

Plessis (2022) extended this strand of research by developing a Qualitative Vector Autoregression 

(Qual VAR) model using a Markov Chain Monte Carlo approach. His model, based on 40 years of 

cross-national banking crisis data, demonstrated superior early warning capability—up to 12 

months in advance—compared to conventional probit-based systems. The model highlighted the 

banking sector variables as primary drivers of systemic risk. 

2.4 Owner’s Contribution to Literature 

Building upon the aforementioned studies, this dissertation makes several key contributions. First, 

it introduces a novel dataset constructed from FDIC bank-level data (2007–2013), integrating 26 

CAMEL-based financial indicators. Second, it evaluates 15 ML models, with a particular focus on 

ensemble methods such as Random Forest and CS-Forest. Notably, CS-Forest achieved a recall 

rate of 0.897, thereby outperforming previous benchmarks in minimizing false negatives. Third, it 

explicitly addresses class imbalance through cost-sensitive learning, aligning with 

recommendations from Chiaramonte et al. (2016) and Ekinci and Erdal (2017). Finally, the study 

quantifies the trade-off between model complexity and interpretability, advocating for the use of 

explainable ML models in supervisory applications, as suggested by Beutel et al. (2019) and 

Petropoulos et al. (2020). 

 

Author(s) & 

Year 
Focus Methodology Major Conclusion 

Torna & 

DeYoung 

(2012) 

Non-traditional 

income & bank failure 

Logistic regression 

(multi-period) 

Non-traditional fee income 

reduces failure risk; venture 

capital and securitization increase 

it 

Berger & 

Bouwman 

(2012) 

Bank capital's role in 

crises 

Logit survival & 

OLS 

Capital reduces bankruptcy risk in 

small banks; improves 

performance in larger banks 

during crises 

Lu & Whidbee 

(2013) 

Bank-level fragility & 

survival 
Logistic regression 

Financial fragility increases failure 

risk; multi-bank structures 

improve resilience 

Cleary & Hebb 

(2015) 

Bank failure 

predictors (2002–09) 

Discriminant 

analysis 

Achieved 92–95% prediction 

accuracy across time periods 

Chiaramonte et 

al. (2016) 

Z-Score to predict 

bank failures 
Z-Score analysis 

Z-Score predicted 76% of failures; 

macro factors did not improve 

forecasts 



Author(s) & 

Year 
Focus Methodology Major Conclusion 

Ekinci & Erdal 

(2017) 

ML prediction in 

Turkey 

Hybrid ensembles, 

Logistic Regression, 

J48 

Hybrid ensembles provided the 

highest accuracy (AUC: 91.5%) 

Le & Viviani 

(2017) 

Traditional vs ML in 

bank failure 

DA, LR, ANN, 

SVM, k-NN 

Artificial Neural Networks and k-

NN were the most accurate 

methods 

Gogas et al. 

(2018) 

ML prediction with 

SVM 

Feature selection + 

SVM 

SVM achieved 99.22% accuracy 

and outperformed traditional 

models 

Carmona et al. 

(2019) 

XGBoost & failure 

prediction 
XGBoost 

Retained earnings, ROA, and 

capital ratio were key predictors of 

failure 

Manthoulis et 

al. (2020) 

Diversification & 

classification models 

Ordinal 

classification, ML 

Diversification improved long-

term prediction; ordinal models 

offered more nuanced insights 

Momparler et 

al. (2020) 

fsQCA & causal 

configurations 
Fuzzy-set QCA 

Poor loan quality, low risk 

coverage, and low capital 

increased failure likelihood 

Petropoulos et 

al. (2020) 

CAMELS + multiple 

methods 

LR, LDA, SVM, 

NN, RF 

Random Forest was the most 

accurate and interpretable method 

Beutel et al. 

(2019) 
ML vs Logit for crises Logit vs ML 

Logit outperformed ML in out-of-

sample predictions; ML tended to 

overfit 

Antunes et al. 

(2018) 

Early warning systems 

for banking crises 
Dynamic probit 

Exuberance indicators improved 

the accuracy of crisis forecasts 

Plessis (2022) 

Qual VAR model for 

continuous crisis 

indicator 

Qual VAR (MCMC) 

Banking sector indicators were 

most predictive; model gave 12-

month early warnings 

Source: Own construction 

3.Study Sample: 

This study uses detailed annual data on bank failures from the FDIC covering 2007–2013, focusing 

on financial conditions before and after the 2008 crisis. The author systematically collected 

financial ratios from failed and non-failed banks, meticulously extracting data from the FDIC 

database. For failed banks, the financial data from their last reporting period before failure was 

used. Non-failed banks' data from 2009, the peak crisis year, was selected to present the most 

challenging forecasting scenario. This extensive, manual data extraction yielded 123,786 data 

points involving 26 CAMEL financial ratios. The final dataset provided a rigorous basis for 



predictive modeling and was analyzed using WEKA software to perform binary classification of 

bank health during the crisis. 

3.1 Ratios Used in Research: 

• Performance Ratios (13 indicators): Yield on earning assets, cost of funding, net interest 

margin, non-interest income/expenses, credit loss provisions, operating income, returns on 

assets/equity, efficiency, charge-offs, and assets per employee. 

• Condition Ratios (9 indicators): Asset quality, loan loss allowances, loan performance, 

liquidity, deposits, capital adequacy, and risk-based capital ratios. 

• Other Ratios (4 indicators): Average total assets, average earning assets, average equity, 

and average loans and leases. 

Multicollinearity testing led to the removal of redundant indicators (e.g., ROA, ROE), ensuring the 

final dataset consists only of relevant and distinct variables to enhance model accuracy and 

interpretability. 

4: Methodology 

4.1 Introduction to Methodology 

This chapter delineates the methodological framework employed to evaluate and compare the 

predictive capabilities of traditional statistical methods and advanced machine learning (ML) 

models in forecasting bank failures. Recognizing the severe implications of bank insolvencies, 

particularly underscored by the 2008 Global Financial Crisis (Mian & Sufi, 2009; Shiller, 2008), 

this research systematically investigates whether modern ML techniques offer superior 

performance over conventional predictive tools (Petropoulos et al., 2020). Methodological choices, 

including research philosophy, data handling, model selection, and performance evaluation, are 

meticulously aligned with the research objectives to ensure academic rigor and practical relevance. 

4.2 Research Philosophy and Approach 

The study adopts a positivist philosophical stance, emphasizing objectivity, empirical validation, 

and quantifiable evidence (Saunders et al., 2019). Employing a deductive approach, the research 

tests specific hypotheses drawn from existing literature concerning the relative predictive 

performance and interpretability of various classification models (Cole & White, 2012; Gogas et 

al., 2018; Carmona et al., 2019). Utilizing a quantitative research design, the study analyzes 

secondary data obtained from the Federal Deposit Insurance Corporation (FDIC), covering detailed 

bank financial information from 2007 to 2013. This explanatory and comparative strategy 

systematically assesses multiple models against clearly defined performance criteria, ensuring 

robustness and reliability. 

4.3 Machine Learning Models in Bank Failure Prediction 

Acknowledging the complexity inherent in financial datasets—such as non-linearity, 

dimensionality, multicollinearity, and class imbalance (Hastie, Tibshirani, & Friedman, 2009)—

this study employs a diverse set of ML algorithms categorized as follows: 



• Traditional Probabilistic and Statistical Models: 

o Naïve Bayes (NB): Computational efficiency and scalability despite strong 

independence assumptions (Rish, 2001). 

o Logistic Regression (LR): Transparent, interpretable odds ratios, widely used in 

regulatory contexts (Hosmer, Lemeshow, & Sturdivant, 2013). 

• Decision Tree-based Ensemble Methods: 

o Bagging: Reduces prediction variance via bootstrap sampling (Breiman, 1996). 

o Random Forest (RF): Introduces random feature selection, enhancing stability and 

generalization (Breiman, 2001). 

o Regularized Random Forest (RRF): Mitigates feature redundancy through 

regularization (Deng & Runger, 2012). 

o Cost-Sensitive Forest (CS-Forest): Prioritizes accurate prediction of minority class 

events, critical for financial risk (Ling & Sheng, 2008). 

• Boosting Techniques: 

o AdaBoost: Iteratively improves weak learners, suitable for imbalanced data (Freund 

& Schapire, 1996). 

o LogitBoost: Provides calibrated probabilities essential for risk assessment 

(Friedman, Hastie, & Tibshirani, 2000). 

o GAMBoost: Captures non-linear relationships while maintaining interpretability 

(Bühlmann & Hothorn, 2007). 

o GLMBoost: Combines logistic regression clarity with boosting power (Bühlmann 

& Hothorn, 2007). 

o XGBoost: Superior performance, scalability, and efficient handling of missing data 

(Chen & Guestrin, 2016). 

• Neural Network and Instance-Based Learning Methods: 

o Multilayer Perceptron (MLP): Effective in modeling complex non-linear 

relationships (Haykin, 1998). 

o KStar: Robust, instance-level similarity measure for irregular, high-dimensional 

data (Cleary & Trigg, 1995). 

4.4 Performance Metrics for Model Evaluation 

Given inherent dataset imbalance, a rigorous evaluation framework includes both threshold-

dependent and threshold-independent metrics: 

• Accuracy: General correctness, but limited in imbalanced contexts (Hand, 2009). 

• Precision: Minimizes false alarms, critical in regulatory environments (Powers, 2011). 

• Recall (Sensitivity): Prioritized due to high costs associated with missed bank failures 

(Gogas et al., 2018). 

• ROC-AUC: Threshold-independent measure of discrimination power (Fawcett, 2006). 

• Confusion Matrix: Comprehensive visualization of prediction errors (Stehman, 1997). 

• Cohen’s Kappa: Adjusts accuracy for chance agreement (Cohen, 1960). 

These metrics collectively ensure nuanced, comprehensive insights into model effectiveness for 

financial applications. 



4.5 Rationale for Model and Metric Selection 

Model and metric selections are driven by research objectives, emphasizing recall and predictive 

accuracy for minority class instances due to their significant economic implications (Petropoulos 

et al., 2020). Interpretability and computational efficiency are balanced against predictive 

performance, ensuring practical applicability in financial decision-making contexts. 

5.Results: 

 

5.1 Introduction 

Chapter 5 presents empirical findings from evaluating multiple machine learning models in 

predicting bank failures, focusing specifically on imbalanced data handling, error minimization—

especially Type II errors—and trade-offs between model complexity and interpretability. The 

analysis addresses three core hypotheses: whether ensemble methods outperform traditional 

algorithms, the effectiveness of cost-sensitive models, and the implications of complexity versus 

interpretability in regulatory decision-making contexts. 

 

5.2 Overview of Model Performance : 

Various models were evaluated based on key metrics including Correctly Classified Instances 

(CCI), Recall, ROC-AUC, and the Kappa statistic, providing insights into accuracy, sensitivity, 

and agreement beyond chance. Ensemble methods—particularly CS-Forest, Regularized Random 

Forest (RRF), and Random Forest—demonstrated superior performance across these metrics. 

Specifically, Random Forest showed the highest ROC-AUC (99.1%), RRF offered strong accuracy 

with balanced error rates, and CS-Forest achieved the highest recall (89.7%), emphasizing its 

sensitivity to bank failures (Petropoulos et al., 2020; Ekinci & Sen, 2024). 

 

5.3 Analysis of Key Performance Metrics : 

5.3.1 Correctly Classified Instances (CCI): 

Correctly Classified Instances measure overall accuracy but can be misleading in imbalanced 

datasets where non-failure cases dominate. Despite this limitation, top-performing models 

(Random Forest, RRF, CS-Forest) maintained high CCI (approximately 97.3%–97.7%), while 

simultaneously demonstrating effectiveness on more sensitive metrics (Ekinci & Sen, 2024). 

5.3.2 Recall (Sensitivity): 

Recall is crucial in bank failure prediction, as it specifically evaluates how effectively models 

detect actual failures. CS-Forest excelled with the highest recall (89.7%), effectively minimizing 

false negatives (Type II errors), essential for early regulatory interventions. RRF (87.5%) and 

GAMBoost (88.3%) also performed notably well, confirming the value of cost-sensitive learning 

in handling minority classes (Ekinci & Sen, 2024). 

 

 

 



5.3.3 Receiver Operating Characteristic Area (ROC-AUC): 

ROC-AUC evaluates model capability to discriminate between classes without threshold bias. 

Random Forest displayed exceptional performance with the highest ROC-AUC (99.1%), indicating 

strong discriminatory power. CS-Forest and RRF both closely followed with ROC-AUC scores of 

98.7%. High ROC-AUC values reflect robust risk ranking abilities, crucial for regulatory 

prioritization of interventions (Petropoulos et al., 2020). 

5.3.4 Kappa Statistic: 

Kappa assesses accuracy beyond random chance, adjusting for class imbalance. Random Forest 

had the highest Kappa value (0.863), closely followed by RRF (0.860) and CS-Forest (0.849), 

reaffirming their balanced effectiveness and reliability in classifying bank statuses (Petropoulos et 

al., 2020). 

5.4 Confusion Matrix Analysis : 

5.4.1 Type I Errors (False Positives): 

Type I errors occur when models incorrectly predict non-failed banks as failures, potentially 

leading to unnecessary regulatory actions. Random Forest showed the lowest Type I error rate (45 

instances), while RRF and CS-Forest had slightly higher rates (56 and 81 instances respectively). 

The higher false positives in CS-Forest reflect its cost-sensitive nature, trading increased false 

positives for reduced missed failures (Ekinci & Sen, 2024). 

5.4.2 Type II Errors (False Negatives): 

Type II errors represent misclassifying actual failures as healthy, significantly risky in financial 

contexts. CS-Forest demonstrated the lowest Type II errors (46 instances), emphasizing its 

suitability for high-stakes regulatory scenarios. Regularized Random Forest and Random Forest 

followed with 58 and 64 instances, respectively, also demonstrating substantial effectiveness 

(Ekinci & Sen, 2024). 

5.4.3 Balancing Type I and Type II Errors: 

CS-Forest prioritizes reducing false negatives, ideal in regulatory contexts where missed failures 

pose substantial systemic risks. Conversely, Random Forest and RRF offer balanced trade-offs 

between sensitivity and specificity, suitable where accuracy and justification for regulatory actions 

must align closely (Ekinci & Sen, 2024). 

 

5.5 Comparative Analysis of Top-Performing Models : 

Random Forest exhibited high accuracy (97.71%) and the best ROC-AUC (99.1%), providing 

excellent discrimination between failed and non-failed banks. CS-Forest excelled in recall, 

demonstrating outstanding sensitivity in identifying failures, though with higher false positives. 

Regularized Random Forest balanced sensitivity and specificity effectively through regularization, 

enhancing generalizability (Petropoulos et al., 2020). 



Feature importance analysis identified key financial ratios, such as Net Interest Margin (NIM), 

Return on Equity (ROE), Efficiency Ratio, Loss Allowance to Loans, and Risk-Based Capital Ratio 

as consistent predictors of bank failures across the models (Petropoulos et al., 2020). Complexity 

versus interpretability trade-offs showed CS-Forest as most complex yet sensitive, Random Forest 

as moderately complex yet interpretable, and RRF as a balanced middle-ground solution. 

 

5.6 Hypothesis Testing : 

• H1 (Random Forest Model Accuracy): Rejected; Random Forest significantly 

outperformed traditional models in accuracy, ROC-AUC, and reliability (Petropoulos et al., 

2020). 

• H2 (Cost-Sensitive Performance): Rejected; CS-Forest significantly reduced Type II errors, 

outperforming other ensemble and hybrid approaches, reinforcing cost-sensitive learning 

effectiveness (Ekinci & Sen, 2024). 

• H3 (Simplicity versus Complexity): Rejected; simpler models (Naïve Bayes) demonstrated 

significantly lower effectiveness compared to complex ensemble methods (Le & Viviani, 

2017). 

• H4 (Model Choice Influences): Rejected; model selection was significantly influenced by 

trade-offs between complexity, accuracy, interpretability, and specific regulatory 

requirements (Chiaramonte et al., 2016). 

• H5 (Predictive Power vs Complexity): Rejected; predictive power directly correlated with 

model complexity, validating advanced ensemble model efficacy over simpler alternatives 

(Carmona et al., 2019). 

 

5.7 Practical Implications : 

 

Regulatory authorities could benefit from deploying ensemble models, particularly CS-Forest and 

Random Forest, in early warning systems for bank failures. CS-Forest's high recall and sensitivity 

make it ideal for minimizing missed failures, while Random Forest offers a practical balance of 

interpretability and predictive accuracy for regulatory transparency. Financial institutions can 

utilize these models internally for proactive risk management and strategic planning based on 

feature importance insights (Petropoulos et al., 2020; Ekinci & Sen, 2024). 

 

5.8 Conclusion : 

 

This comprehensive analysis confirms ensemble and cost-sensitive machine learning models 

(Random Forest, CS-Forest, RRF) significantly outperform traditional predictive methods in 

accuracy, recall, and ROC-AUC, effectively handling challenges of imbalanced datasets. CS-

Forest excels in minimizing Type II errors, essential in financial regulatory contexts, while Random 

Forest offers balanced performance and interpretability. The study strongly advocates for strategic 

implementation of these models in financial risk management, enhancing regulatory effectiveness 

and systemic financial stability (Petropoulos et al., 2020; Ekinci & Sen, 2024; Carmona et al., 

2019). 

 

 



6.Conclusion 

 

6.1 Introduction  

Chapter 6 synthesizes findings, revisits initial research questions and objectives, and demonstrates 

how they were systematically addressed. It assesses the theoretical and practical implications, 

highlighting contributions to financial risk modeling and regulatory contexts, particularly 

emphasizing ensemble machine learning models such as Random Forest, CS-Forest, and 

Regularized Random Forest (RRF). 

6.2 Revisiting the Research Aims and Objectives : 

The research successfully addressed all stated objectives by: 

• Conducting an extensive literature review, identifying gaps related to handling imbalanced 

data and prioritizing Type II error minimization (Le & Viviani, 2017; Petropoulos et al., 

2020). 

• Constructing a comprehensive dataset from U.S. commercial banks during a financially 

turbulent period (2007–2013), integrating key CAMELS financial indicators. 

• Implementing multiple machine learning algorithms, clearly demonstrating the superior 

predictive capability of ensemble models, specifically Random Forest, CS-Forest, and 

RRF. 

• Analyzing model complexity and interpretability, critically examining their regulatory 

implications (Chiaramonte et al., 2016). 

• Explicitly evaluating Type I and Type II errors, underscoring the strength of CS-Forest in 

minimizing missed bank failures (Ekinci & Sen, 2024). 

• Offering actionable insights for regulators and policymakers on the practical 

implementation of these predictive models in early warning systems. 

•  

Research questions were methodically answered, clearly establishing CS-Forest, Random Forest, 

and RRF as the most effective models for predicting bank failures, providing critical insights into 

balancing predictive power with interpretability. 

 

6.3 Key Findings and Contributions to Knowledge : 

Empirical Findings: 

• Ensemble models consistently outperformed traditional statistical methods (Logistic 

Regression, Naïve Bayes), validating their applicability in financial distress prediction 

(Petropoulos et al., 2020). 

• Cost-sensitive learning (CS-Forest) significantly enhanced recall and minimized Type II 

errors, critical for timely regulatory interventions (Ekinci & Sen, 2024). 

• The study confirmed a meaningful trade-off between model complexity and interpretability, 

particularly relevant in regulatory environments demanding transparency. 

• Financial ratios such as Net Interest Margin (NIM), Return on Equity (ROE), Efficiency 

Ratio, and Risk-Based Capital Ratio emerged as crucial predictors of bank failures across 

tested models. 

• Hybrid and ensemble models effectively handled class imbalance, demonstrating empirical 

superiority in predictive performance (Carmona et al., 2019). 

 

 

 



Theoretical Contributions: 

• Advancement in financial risk prediction using ensemble and cost-sensitive machine 

learning models. 

• Successful integration of cost-sensitive approaches into bank failure prediction 

frameworks. 

• Validation of CAMELS indicators’ continued relevance when used within advanced 

machine learning methodologies. 

 

Practical Contributions: 

• Provision of robust tools for enhancing regulatory early warning systems, thus enabling 

timely interventions to mitigate systemic risks. 

• Clear demonstration of the value of advanced models for internal risk management within 

financial institutions, particularly through feature importance insights. 

• Identification of Regularized Random Forest as a balanced model for contexts requiring 

both predictive accuracy and regulatory transparency. 

 

6.4 Implications for Policy and Practice : 

• Advanced ensemble machine learning models, especially CS-Forest and Random Forest, 

have substantial potential for integration into regulatory Early Warning Systems (EWS), 

improving detection accuracy and timely regulatory intervention (Ekinci & Sen, 2024; 

Petropoulos et al., 2020). 

• Emphasis on cost-sensitive approaches and metrics such as Recall and Kappa, rather than 

solely accuracy metrics, addresses challenges posed by imbalanced data, enhancing 

regulatory oversight effectiveness. 

• Integration of these predictive models with existing stress-testing frameworks could better 

assess bank resilience under adverse scenarios. 

• Addressing the complexity-interpretability trade-off is vital, with Regularized Random 

Forest (RRF) offering a viable middle-ground solution for transparent regulatory decision-

making. 

• Financial institutions can proactively manage risks by incorporating these models into 

internal assessments and risk management frameworks. 

• Models contribute significantly to macroprudential supervision, aiding in systemic risk 

identification and mitigation through data-driven interventions. 

 

6.5 Limitations of the Study : 

• Temporal and geographic limitations exist, given the exclusive use of U.S. commercial 

bank data (2007–2013), raising questions about the generalizability across different 

economic periods and banking environments. 

• Challenges associated with inherently imbalanced datasets persist despite advanced 

modeling techniques; cost-sensitive methods improve but do not entirely eliminate biases 

or precision-recall trade-offs. 

• Interpretability limitations in complex ensemble models hinder transparency and 

potentially regulatory acceptance despite high predictive accuracy. 

• Reliance on CAMELS-based financial ratios may exclude other crucial factors such as 

qualitative aspects, management competence, and macroeconomic indicators. 



• Scope limitations in hypothesis testing limit broader causal inferences, and conclusions 

remain contextually tied to the chosen dataset and methodology. 

 

6.6 Directions for Future Research : 

 

Several areas for future exploration were identified, including: 

• Expansion of studies to cross-country and cross-regional datasets to assess predictive model 

robustness across varied regulatory and economic environments. 

• Incorporation of macroeconomic variables and market-based indicators for real-time risk 

assessment and improved sensitivity. 

• Development of real-time predictive frameworks to enhance regulatory early warning 

systems and operational intervention capabilities. 

• Advancements in model interpretability and explainability using techniques like SHAP and 

LIME, facilitating regulatory trust and adoption. 

• Integration of qualitative and unstructured data through text mining and Natural Language 

Processing (NLP) for a more comprehensive risk evaluation. 

• Longitudinal analysis and adaptability of models over different economic cycles and 

evolving regulatory conditions, potentially utilizing transfer and online learning methods. 

• Integration of machine learning models within supervisory stress-testing frameworks, 

augmenting scenario analysis and systemic risk assessment. 

 

6.7 Closing Remarks : 

The research has demonstrated significant advancements in predicting bank failures using 

sophisticated machine learning methodologies, effectively addressing challenges of imbalanced 

datasets, minimizing critical Type II errors, and balancing complexity with interpretability. The 

findings provide a robust foundation for future research and offer practical recommendations for 

enhancing regulatory oversight, internal risk management, and systemic financial stability through 

predictive modeling advancements (Petropoulos et al., 2020; Ekinci & Sen, 2024; Carmona et al., 

2019).
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