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ARTICLE INFO ABSTRACT

Keywords: Following the Global Financial Crisis of 2008-2009, bank-failure prediction and Early Warning Systems (EWS)
Banking have received renewed attention from researchers and banking regulators seeking to identify vulnerabilities in
Barfk_ ff“hfres ) financial institutions before failure occurs. However, the literature employs heterogeneous definitions of bank
gmlf:f“al intelligence failure, predictor variables, modelling approaches, prediction horizons, validation designs and performance
Bzzklﬁi iz::on measures, making comparison and interpretation of reported predictive performance challenging.

Ensemble AI This systematic literature review identifies, evaluates and synthesises a focused body of post-Global
Machine learning Financial Crisis research on bank-failure prediction models, with particular attention to the methodological
Early Warning System characteristics, validation practices and comparative predictive performance of conventional econometric and

artificial intelligence/machine learning (AI/ML) approaches. Following a PRISMA-informed study-selection
process, a sequentially refined search of the Scopus database identified 23 publications meeting the review
criteria, comprising 21 primary empirical studies and two review studies. The narrative synthesis examined
model type, operational definition of bank failure, data and predictor variables, prediction horizon, validation
design, performance metrics and comparative predictive performance.

The findings reveal substantial methodological heterogeneity across the empirical literature. Bank-level
financial and accounting variables remain prominent predictors, while broader macroeconomic and non-
financial risk factors are less consistently represented. Several studies reported competitive or higher predictive
performance for AI/ML approaches relative to conventional econometric models; however, the magnitude
and consistency of these differences varied across datasets, failure definitions, prediction horizons, class
distributions, evaluation metrics and validation designs. Greater interpretive weight was therefore placed on
within-study comparisons conducted under broadly comparable empirical conditions. Overall, the evidence
indicates that AI/ML methods can provide incremental predictive value in particular settings but does
not establish their universal superiority over conventional econometric approaches. The review further
identifies limitations in the treatment of class imbalance, model validation, performance evaluation and
model interpretability. These findings support the need for more transparent and methodologically comparable
evaluation frameworks and provide directions for future research on robust and regulator-relevant bank-failure
Early Warning Systems.

1. Introduction to deficit savings units while channelling credits to the most productive

sectors of the economy to propel economic growth (Tarawneh et al.,

There has been a renewed interest in the prediction of bank failures
since after the Global Financial Crisis of 2008-2009, which resulted in
the failures of big global banks such as Lehman Brothers and losses of
over $6 trillion in global banking assets (Citterio, 2024; IMF Research
Dept., 2010). Banking is a highly regulated business given the pivotal
roles that banks play in an economy as custodians of wealth and
financial intermediaries that mobilise savings from surplus saving units

2024). To effectively regulate banks, monetary authorities, and central
banks adopt forward-looking regulatory frameworks and models that
are designed to serve as Early Warning Systems (EWS) capable of
providing a future view into any future bank failures. These regu-
latory frameworks focus on capital adequacy requirements, liquidity
requirements, stress testing, macroprudential evidence, and supervisory
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reviews as well as the capital adequacy, asset quality, management,
earnings, liquidity, and systemic risk (CAMELS) rating system which
has been utilised by central banks as a principal tool in assessing banks’
risk profile and potential failures (Acharya & Mora, 2015; Aikman et al.,
2018; Board, 2010).

For the purpose of this review, bank failure refers primarily to
the cessation of a bank’s independent operation through regulatory
closure, licence withdrawal, liquidation, receivership, or transfer to a
resolution or deposit-insurance authority. This is distinguished from
financial distress, which refers to substantial deterioration in a bank’s
financial condition without necessarily resulting in closure, and from
bailout or regulatory intervention, where an institution may continue
operating following external support. However, because the operational
definition of bank failure varies across the literature, studies employed
clearly specified proxies for severe financial distress were retained
where these were explicitly used to develop or evaluate bank-failure
prediction models Federal Deposit Insurance Corporation (2025) and
Citterio (2024).

Several studies have attempted to predict bank failures as well as
develop Early Warning Systems (EWS) to predict them using a wide
spectrum of models and tools. Some of these studies have adopted
traditional economic models while others have utilised artificial intel-
ligence and machine learning models to predict bank failures (Barajas
et al., 2023; Behbood et al., 2015; Jing & Fang, 2018; Liu et al., 2021).
The foundational work of Altman (1968) on corporate bankruptcy
prediction paved the way for the rise of research interest in bankruptcy
predictions and the adoption of economic models in developing EWS.
Although the work was not based on a sample dataset of banking
firms, the Z-score developed by Altman has been widely applied by
studies that focused on predicting bank failures. Similar to the work
of Altman, Cox and Wang (2014) adopted discriminant analysis to
investigate bank failures in the United States from 2007 to 2010 and
found that the main predictors of bank failures were illiquid loans and
exposure to the inter-bank funding market. They, therefore, concluded
that these predictors can be used as early warning signals for predicting
bank failures. Another connected work that followed the approach
of Altman was the work of Kumar and Sharma (2022) who adopted
discriminant analysis to investigate the financial health and soundness
of banks in India using financial ratios such as capital adequacy, asset
quality, management efficiency, earnings, and liquidity. They posited
that capital adequacy ratios, non-performing loan ratios, and return
on equity acted as significant predictors for predicting bank failures.
Furthermore, Li et al. (2022) employed discriminant analysis to predict
bank failures in China. The work presented an improved version of the
earlier works as the authors incorporated not only bank-specific finan-
cial variables but also macroeconomic variables such as interest rates,
exchange rates, and GDP. The authors identified key variables such as
liquidity ratios, profitability ratios, and macroeconomic indicators as
the most significant predictors of bank failures. They also argued that
the integration of macroeconomic variables in the model significantly
improved the model’s predictive accuracy. This result pointed to the
flaws and weaknesses in other bankruptcy prediction models includ-
ing Altman’s Z-score which utilised only firm-specific financial data
without incorporating macroeconomic variables in making bankruptcy
predictions.

Other strands of studies predicting bank failures that fall within the
purview of traditional economic models have adopted logistic regres-
sion and Hazard models to predict bank failures. Demirgiic-Kunt and
Detragiache (1998) utilised a logistic regression model to investigate
the causes of bank failures in developing countries. They argued that
banking crises in developing countries were precipitated mainly by
macroeconomic variables such as GDP, inflation, and real interest
rates but not bank-specific financial ratios as claimed by other related
studies. Kolari et al. (2002) undertook another study that applied
logistic regression to predict bank failures in a developed country—
the United States. Although they adopted a similar methodology, their
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result contrasted that of Demirgiic-Kunt and Detragiache (1998) as
they concluded that bank-specific variables such as capital adequacy,
asset quality, and earnings had significant influence in predicting bank
failures in the United States.

Lane et al. (1986) adopted the proportional Hazard model or sur-
vival analysis, which attempted to estimate the period that exists before
an event occurs to predict the timing of bank failures. They found that
the timing of bank failures was predicted with a high degree of accuracy
by bank-specific variables relating to asset quality and earnings. Betz
(2014) conducted a related study that used the proportional Hazard
model to predict bank failures in the economic zone of the European
Union during the 2008 banking crisis. The researchers incorporated
both bank-specific financial variables and macroeconomic variables in
their model. They argued that the combination of the two variables
made their model more robust and effective in predicting the timing of
bank failures.

Recent advances in technology and breakthroughs in artificial in-
telligence have paved the way for the application of machine learning
techniques to predict bank failures. Machine learning models have
huge advantages over traditional economic models for predicting bank
failures. First, machine learning models are non-parametric in nature,
which implies that they do not assume the normal distribution of
the dataset and can model complex non-linear relationships that are
inherent in the financial data (Breiman, 2001). Second, machine learn-
ing models like recurrent neural networks, support vector machines,
and ensemble models have proven to achieve predictive performance
accuracy that was higher than that attained by traditional economic
models due to their ability to capture complex interactions and rela-
tionships among variables (Xia et al., 2025). Third, machine learning
models can process large volumes of data from diverse sources such
as financial statements, financial time series, macroeconomic variables,
and even unstructured data like social media posts, thus capturing
market sentiments and enhancing the model’s capability to undertake a
more comprehensive analysis of variables affecting a bank’s risk profile
(Gogas et al., 2018).

Considering the advantages of machine learning models, recent
empirical studies on bank failure predictions have increasingly adopted
them as the main methodology to predict bank failures. The machine
learning algorithms that are commonly used by bank failure prediction
studies include support vector machines (SVM), decision trees and
random forests, neural networks, Gradient Boosting Machines (GBM),
and ensemble methods (Citterio, 2024; Krist6f & Virag, 2022; Li et al.,
2022; Pham & Ho, 2021; Xia et al., 2025).

Iturriaga and Sanz (2015) adopted an artificial neural network to
develop a model that focused on the specific features of the financial
crisis to predict the bankruptcy of US commercial banks between
2000 and 2012. They argued that their model had 96% predictive
accuracy and outperformed traditional economic models for predicting
bank failures, and thus could be used to predict bank failures in the
short, medium, and long term. Boyacioglu et al. (2009) carried out
an expanded study that tested the application of various machine
learning algorithms in predicting bank failure in the U.S. where they
adopted four different categories of neural networks such as multi-layer
perceptron, competitive learning, self-organising map and learning vec-
tor quantisation. They found that multi-layer perceptron and learning
vector quantisation were more accurate in predicting future bank fail-
ures. Gogas et al. (2018) utilised an ensemble learning method that
incorporated several machine learning algorithms to capture non-linear
interactions in the dataset to predict bank failures. They found that
the ensemble method effectively captured the nonlinearity in the data
and achieved higher predictive accuracy than a single machine learning
algorithm could achieve. Its result was also more accurate than that
of traditional economic models. Similarly, Kou et al. (2019) adopted
gradient boosting machines (GBM) to predict financial distress in banks
using both financial ratios and macroeconomic variables as sample
data. The study concluded that the GBM handled complex non-linear
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relationships within the data and showed the highest predictive accu-
racy score when compared with individual machine learning models
and traditional economic models.

While the attention of researchers has been increasingly drawn to
the application of artificial intelligence (AI) and machine learning (ML)
in predicting bank failures in recent times, the nature, direction, and
scope of such applications are broad and heterogeneous. Also, the types
of AI/ML models adopted are varied and complex, thus making it hard
for people interested in the subject who are not subject matter experts
in artificial intelligence to appreciate the usefulness of Al technology
in the prediction of bankruptcy in financial firms like banks and im-
proving banking regulation. The generally broad nature of the available
literature in this domain spans from differences in the banking systems
across countries in which the studies were situated to differences in
research questions used by researchers, thus making it difficult to
identify aspects of the research that require further investigations. Or
even making it more difficult to conclude on whether or not artificial
intelligence as a technology is effective in boosting banking supervision
and strengthening the banking system as adduced (Bahoo et al., 2024).

Although some researchers have attempted to undertake system-
atic literature reviews that aggregated and analysed different studies
that have investigated the applications of artificial intelligence (AI)
models in bankruptcy predictions, most of their reviews were focused
on studies predicting corporate bankruptcies of companies other than
banks with little or no coverage of those applying Al models to pre-
dict bankruptcy of financial firms like banks. Common systematic
review studies following this trajectory are the works of Clement et al.
(2022), El Madou et al. (2024), Jones (2023), Kuiziniené et al. (2022),
Quinteros-Navarro and Rodriguez (2024), Shakeel et al. (2023).

There are only a few strands of prominent systematic literature
reviews that have reviewed studies that investigated the application
of artificial intelligence (AI) to bank bankruptcy predictions, i.e. bank
failures, and the prominent ones include the works of Citterio (2024)
and Liu et al. (2021). Other available systematic reviews relating to the
application of AI in banking such as Bahoo et al. (2024), Dewasiri et al.
(2024), and Satheesh and Nagaraj (2021) covered studies that applied
Al in other banking operations such as risk management, customer
service, and general banking operations without precisely synthesising
studies that predicted bank failures.

The salient dimensions of the two prominent review studies, Cit-
terio (2024) and Liu et al. (2021) which focused on aggregating and
synthesising studies modelling bank failure and distress risk are com-
paratively presented in Table 1 below, alongside those in our review to
demonstrate the incremental contribution of the current review.

Table 1 positions the present review relative to the two previous
reviews most closely aligned with its scope. Liu et al. (2021) provide
a broad synthesis of statistical, artificial intelligence and machine-
learning approaches to bank-failure prediction, while Citterio (2024)
provides a more extensive review of bank-default prediction research
published between 2000 and 2022, with particular attention to defini-
tions of financial distress, prediction techniques and predictor selection.

Accordingly, the incremental contribution of the present review
does not rest on providing broader or exhaustive coverage of the
literature. Rather, it adopts a deliberately focused post-Global Financial
Crisis scope and extends previous synthesis through a structured critical
assessment of methodological characteristics that affect the credibility
and comparability of reported predictive performance. These include
failure definition, sample and failure-event adequacy, class imbalance,
validation design, and out-of-sample or temporal testing. The review
further distinguishes predictive-performance measures from model-fit
statistics and validation procedures and places greater interpretive
weight on comparative evidence generated under broadly comparable
empirical conditions. This provides a methodological basis for assess-
ing when reported performance differences between econometric and
AI/ML approaches constitute credible evidence of incremental predic-
tive value, rather than treating headline accuracy differences as directly
comparable across heterogeneous studies.
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This systematic review aimed to systematically identify, evaluate
and synthesise a focused body of post-Global Financial Crisis literature
on bank-failure prediction models, with the objective of identifying
methodological and empirical gaps and assessing their implications for
future research, banking supervision and financial stability. Against this
background, the present study undertakes a focused systematic review
of studies applying conventional econometric and AI/ML approaches to
bank-failure prediction. Rather than claiming an exhaustive mapping of
the broader banking-distress literature, the review adopts a deliberately
bounded scope centred on bank-failure prediction in the post-Global
Financial Crisis period. The review comparatively examines the mod-
elling approaches adopted, data and predictor variables, operational
definitions of bank failure, prediction horizons, validation designs,
performance metrics and reported predictive performance. Econometric
models are retained as an important benchmark for assessing develop-
ments in AI/ML-based predictive modelling. Accordingly, the review
does not assume the superiority of either methodological approach but
critically evaluates the conditions under which reported performance
differences can reasonably be interpreted.

The overarching research question of this systematic review is:
What does the post-Global Financial Crisis literature reveal about the
methodological characteristics, validation and predictive performance
of econometric and AI/ML models for bank-failure prediction? Accord-
ingly, the objective of the review is to synthesise and critically evaluate
these modelling approaches, with particular attention to how bank
failure is operationalised, the prediction horizons employed, the vali-
dation designs and performance metrics used, and the conditions under
which AI/ML models demonstrate incremental predictive performance
relative to conventional econometric approaches. These dimensions
provide the analytical framework for interpreting the evidence while
recognising the substantial methodological heterogeneity across the
included studies.

We have operationalised our overarching research question through
five sub-questions: (1) How is bank failure defined and operationalised
across the included studies? (2) How are prediction horizons specified
and reported across bank-failure prediction studies, and what impli-
cations does variation in prediction horizon have for comparison of
model performance? (3) What validation designs are used to assess
model performance and generalisability? (4) Which performance met-
rics are used, particularly in the context of rare failure events and class
imbalance? (5) Under what methodological and empirical conditions
do AI/ML models demonstrate incremental predictive performance
relative to conventional econometric approaches?

This study made two major contributions to bank failure risk mod-
elling research and banking regulation. Firstly, the findings of this study
contributes to the literature by identifying gaps in the existing knowl-
edge which would guide researchers within the bank failure prediction
domain and spur future research interest in addressing these gaps,
therefore, shaping the future direction of research to be undertaken by
other researchers who are interested in investigating bank failures and
their causes. Secondly, the findings of this study have practical implica-
tions for bank regulators and risk managers in financial institutions who
wish to develop early warning systems (EWS) to proactively identify
potentially unsound banks and implement intervention measures to
prevent their failures, by creating empirical evidence that bank regula-
tors and managers can adopt as a basis for selecting appropriate blend
of strong models, relevant predictor variables, and integrating non-
financial variables and macroeconomic variables to boost the overall
performance and reliability of their EWS.

The rest of the paper is organised as follows. Section 2 focused on
the research method and materials adopted to select the eligible studies
included in the review as well as explained both the inclusion and
exclusion criteria used to select the target studies. Section 3 covered the
presentation and discussion of the results of the analysis of the relevant
studies that were included in the systematic review. Section 4 presented
the limitations of this review, and Section 5 presents the summary and
conclusion of the paper.
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Table 1
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Positioning of the present review relative to previous reviews of bank-failure prediction research (Source: Produced by the Authors).

Dimension Liu et al. (2021)

Citterio (2024)

Present review

Synthesis of statistical, Al and ML
approaches to bank-failure prediction
and directions for future research.

Primary purpose

Temporal scope Broad historical coverage; reviews

more than 60 key papers.
Database and search
strategy

A reproducible database search
strategy is not clearly specified in
the methodological description.

Review sample More than 60 key papers.

Considered within the reviewed
literature but not structured as a
methodological-quality domain.

Failure/distress
definition
Model families Statistical, artificial-intelligence and
machine-learning approaches.

Predictive indicators considered
alongside modelling methodologies.

Predictor variables

Performance evaluation Predictive performance and findings

discussed across the reviewed studies.

Not treated as a dedicated
methodological-quality appraisal
domain.

Validation design

Not identified as a formal
methodological-quality appraisal
domain.

Class imbalance

Sample/event adequacy Study sample characteristics are

reported.

Methodological quality
appraisal

No structured methodological-quality
appraisal framework identified.

Interpretation of
comparative
performance

Broad synthesis of developments in
statistical and machine-learning
prediction approaches.

Updated review of bank-default
prediction models, failure/distress
definitions and predictor variables.

2000-2022.

Scopus; broad keyword strategy
covering failure, distress, default,
insolvency, early-warning systems,
prediction and banking terms.

76 papers.

A major analytical dimension of the
review.

Statistical and intelligent prediction
techniques.

CAMELS, macroeconomic,
non-financial and ESG-related
variables.

Overall predictive accuracy, Type I
and Type II errors, and AUC
considered in model comparisons.

Validation methods are recorded and
considered in model comparisons.

Not identified as a formal
methodological-quality appraisal
domain.

Sample sizes and their variation
across studies are analysed.

No structured methodological-quality
appraisal framework identified.

Broad comparison of models,
definitions and predictors; no single
prediction technique is established as
universally superior.

Focused comparative and critical
synthesis of econometric and AI/ML
approaches to bank-failure prediction.

2010-2024, with an explicit
post-Global Financial Crisis focus.

Scopus; explicit sequential
TITLE-ABS-KEY search strategy and
predefined eligibility restrictions.

23 publications, comprising 21
empirical studies and 2 review
studies.

Explicitly extracted and incorporated
into the methodological-quality
assessment.

Econometric and AI/ML approaches
retained within a common
comparative framework.

Financial, macroeconomic and
non-financial predictors examined
alongside modelling approaches.

Multiple predictive-performance
measures assessed while
distinguishing performance metrics
from model-fit statistics and
validation procedures.

Explicit methodological-quality
domain, distinguishing internal
validation, holdout testing, temporal
testing and out-of-sample evidence.

Explicitly assessed as a
methodological-quality domain
because bank failure is a rare-event
classification problem.

Explicit methodological-quality
domain considering sample and
failure-event adequacy in relation to
model complexity.

Structured appraisal across
sample/event adequacy, failure
definition, validation, class imbalance
and out-of-sample/temporal testing.

Emphasises conditional interpretation
of model performance,
methodological credibility and
within-study comparisons rather than
cross-study ranking by headline
accuracy.

2. Methods and materials

We have adopted an aggregative synthesis approach based on the
preferred reporting items for systematic reviews and meta-analyses
(PRISMA) protocol as the primary methodology of this study following
the works of Bougault et al. (2025) and Alkhuzaimi et al. (2025).
The adoption of this method was informed by the need to produce a
rigorous evidence-based review that was reproducible and verifiable by
other researchers as well as minimising the risks of bias in the selection
of studies, data extraction, and result interpretation (O’Dea et al., 2021;
Sarkis-Onofre et al., 2021).

Scopus index journal database was searched following the PRISMA
protocol framework guidelines to define appropriate inclusion and
exclusion criteria that ensured that relevant studies were objectively
selected for the systematic review. Scopus provides broad multidis-
ciplinary coverage relevant to this intersection and supports struc-
tured and reproducible searching of titles, abstracts and keywords
using Boolean operators and other search functions appropriate for

systematic evidence retrieval (Gusenbauer, 2022). In addition, sources
indexed in Scopus are subject to formal selection and continuing eval-
uation procedures, providing a consistently curated evidence base for
the review. The use of a single database also enabled the search
strategy, eligibility restrictions and sequential query refinements to be
applied consistently across the identified records. However, the deci-
sion to restrict the search to Scopus may have excluded relevant studies
indexed exclusively in other bibliographic databases. The resulting ev-
idence base should therefore be interpreted as a focused, reproducibly
identified body of Scopus-indexed literature rather than an exhaustive
representation of all research on bank-failure prediction.Gusenbauer
(2022, 2024).

The literature search terms were constructed from the main research
question, which was to conduct a systematic literature review of post
Global Financial Crisis (GFC) 2008/2009 studies that adopted conven-
tional econometrics models and AI/ML models for the prediction of
bank failures.

The search strategy on the Scopus database was initiated using our
curated phrasing technique that combined key terms from the research
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question and Boolean operators such as ’AND’ and 'OR’ to broaden
the scope of the search and make it specific to capture only relevant
results and documents (Booth et al., 2021; MacFarlane et al., 2022).
Consequently, the phrase (Bank failure predictions) was initially used
as the first search term. This search was set to search within the title,
abstract, and keywords (TITLE-ABS-KEY) of the database and identified
593 research documents in the Scopus Index database that were rele-
vant to the search terms. The following are the search constructs used
to extract the relevant articles.

TITLE-ABS-KEY (bank AND failure AND predictions)

The search terms mentioned above were refined in a second filter
by putting the first two terms in a double quotation mark while leaving
predictions as a stand-alone term, and further queries were performed
on the Scopus Index database. So, the key search term changed to this.

TITLE-ABS-KEY (“Bank failure" predictions)

The effect of this was significant as it reduced the number of
relevant documents to 151 studies.

A third search was conducted on the database that wrapped all
three key terms in the search inside a double quotation as shown in
the following:

TITLE-ABS-KEY (“Bank failure predictions")

This search prompted the database to consider the three key terms
as one and return relevant studies that closely reflected them only. The
effect of this search was a reduction in the number of documents from
151 studies to 58 relevant studies.

The fourth search was conducted, which introduced a new key
term—Models into the search construct as shown in the following.

TITLE-ABS-KEY (“Bank failure predictions" models)

This search was carried out to zero in our focus on studies that have
adopted both traditional econometric models and artificial intelligence
models to predict bank failures and ensure that they were included in
the systematic review of the literature. After conducting this search, the
number of studies identified was reduced to 48 studies.

The search strategy is further refined based on the year of pub-
lication of the relevant studies we have identified using the search
construct below.

TITLE-ABS-KEY (“Bank failure predictions" models AND PUBYEAR
> 2009 AND PUBYEAR < 2025)

The above search was conducted to ensure that only current rele-
vant studies that have been published between the years 2010 and 2024
were selected for our literature review. Thus, older studies predicting
bank failures published before 2010 were excluded from this literature
survey. This search further reduced the number of studies that were
identified to 28.

Finally, we performed the search that defined the type of documents
we wanted to include in our study using the search construct below.

TITLE-ABS-KEY (“Bank failure predictions" models AND PUBYEAR
> 2009 AND PUBYEAR < 2025 AND LIMIT-TO (DOCTYPE, “ar") AND
LIMIT-TO (SRCTYPE, “j") AND LIMIT-TO (LANGUAGE, “English"))

This search removed documents such as conference papers from
the identified documents and ensured that only peer-reviewed papers
published in quality journals were included in the systematic literature
review. It also eliminated research items that were written in other
languages and ensured that only studies written in English language
were selected in this systematic literature review. This search resulted
in the identification of 23 studies which was the final number of studies
selected for the systematic literature review.

We adopted the above rigorous literature search procedures and
applied the inclusion and exclusion criteria set out as part of the overall
search strategy for this review to ensure that this systematic review of
the literature included only quality studies that had been subjected to
methodological rigour, as well as facilitate the achievement of the main
objective of this study, which was to synthesise available empirical
evidence that could be used to generalise the findings of studies that
adopted both traditional econometric and Al models to predict failures
among banks and inform evidence-based decision making by banks and
bank regulators regarding the adoption of these models to predict the
probability of future bank failures (Aromataris & Pearson, 2014).

Finance Research Open 2 (2026) 100186

2.1. Inclusion and exclusion criteria

Variations in the operational definition of bank failure—including
regulatory closure, licence withdrawal, liquidation and clearly specified
severe-distress proxies—were extracted as study characteristics and
considered in the methodological quality assessment and interpretation
of model performance. We have considered these differences in opera-
tional definition of bank failure to establish the inclusion and exclusion
criteria for this review, which are presented in Table 2 below. These
criteria were adopted to select the final 23 studies that were included
in the systematic review.

2.2. The PRISMA flowchart diagram

PRISMA flowchart was utilised to visually demonstrate the docu-
ment selection process that the researchers implemented. This flowchart
helped the researcher to minimise biases that are common in study
selection in systematic reviews and improve the transparency, repro-
ducibility, and methodological rigour of the study (Haddaway et al.,
2022). See Fig. 1 for the PRISMA flowchart for this study.

2.3. Study identification and selection procedure

The Scopus search strategy was developed through sequential query
refinement. The initial broad search identified 593 records, after which
progressively more specific search expressions returned 151, 58 and 48
records. Restriction to the predefined 2010-2024 publication period
returned 28 records, while application of the final document-type,
source-type and language eligibility restrictions produced 23 publica-
tions. These numerical reductions represent changes in the number
of records retrieved following successive modifications of the Scopus
search specification and should therefore not be interpreted as manual
title/abstract exclusions, duplicate removal or unsuccessful retrieval.
The complete search-refinement sequence is retained in Fig. 1 to pro-
vide transparency regarding the development and application of the
final search strategy. The 23 publications returned by the final spec-
ification constituted the evidence set subjected to the eligibility and
inclusion procedures reported in the PRISMA flow.

2.4. Methods of literature evidence analysis

We have adopted a qualitative method to analyse the evidence
obtained from the included 23 studies. The primary evidence analysis
method adopted in this review is narrative synthesis.

2.4.1. Narrative synthesis

According to Lisy and Porritt (2016), narrative synthesis is a method
of evidence synthesis that involves the summarising and presenting
of findings of other related studies. It has been increasingly used for
the synthesis of evidence recently because it does not only describe
and summarise the findings of related studies but also facilitate the
examination of the similarities and differences among the studies as
well as the investigation of the nature and cause of the relationship
within the data and the credibility of the literature evidence being
considered.

Based on the above strengths of narrative synthesis, we have adopted
it to summarise and evaluate the key findings of the 23 studies that
were finally included in this systematic literature review. We employed
narrative synthesis to investigate the relationships across the findings of
the various studies and critically explored the strength and credibility
of the various models adopted by this group of selected studies in
predicting bank failures.
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Table 2
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Inclusion and exclusion criteria applied to the Scopus search.

Inclusion Criteria

SN Criteria Remark

1 Financial institutions — Banks Studies focusing on banks and the prediction of
bank failure were eligible for inclusion.

2 Econometric and Artificial Studies developing, applying, evaluating, or
Intelligence/Machine Learning comparing conventional econometric and/or AI/ML
models models for bank-failure prediction were eligible for

inclusion.

3 Publication year Only studies published between 2010 and 2024
were included, consistent with the review’s focus
on the post-Global Financial Crisis period.

4 Peer-reviewed journal articles Only peer-reviewed research articles published in
academic journals were included.

5 Publication language — English Only research articles published in the English

language were included.

Exclusion Criteria

SN Criteria

Remark

1 Non-bank financial institutions
and other organisations

2 Studies outside the specified
modelling scope

3 Publication year
4 Publication type
5 Publication language —

Non-English

Studies predicting the failure or financial distress
of organisations other than banks were excluded.

Studies that did not develop, apply, evaluate, or
compare econometric and/or Al/ML models for
bank-failure prediction were excluded.

Studies published before 2010 or after 2024 were
excluded to maintain the review’s focus on the
post-Global Financial Crisis period.

Conference papers, conference proceedings, book
chapters, editorials, and other non-journal
publications were excluded.

Studies published in languages other than English
were excluded.

2.4.2. Quality assessment criteria

We established a structured methodological quality assessment
framework to evaluate the 21 primary empirical studies included in this
systematic review. The two review studies, Liu et al. (2021) and Citterio
(2024), were retained for contextual and methodological synthesis but
were not subjected to the prediction-model quality assessment be-
cause they did not constitute primary model-development or validation
studies.

The quality assessment framework was informed by the Predic-
tion Model Risk of Bias Assessment Tool (PROBAST), which evaluates
prediction-model studies across the domains of participants, predic-
tors, outcome and analysis (Wolff et al. 2019). PROBAST provides
a structured basis for assessing potential methodological limitations
and risk of bias in studies developing or validating prediction mod-
els. Because the present review concerns bank-failure prediction and
includes heterogeneous econometric and AI/ML modelling approaches,
the PROBAST principles were adapted to the specific methodologi-
cal characteristics of this literature rather than applied as a formal
verbatim PROBAST assessment.

Accordingly, the 21 empirical studies were assessed across five
domains considered particularly relevant to bank-failure prediction: (1)
sample and failure-event adequacy, (2) clarity and appropriateness of
the operational definition of bank failure, (3) validation method, (4)
treatment of class imbalance, and (5) out-of-sample or temporal testing.
The criteria used to operationalise these domains are presented in Table
3.

2.4.3. Methodological quality assessment of the included empirical studies

Based on the criteria described above, the 21 primary empirical
studies were subjected to methodological quality assessment across five
domains: sample and failure-event adequacy, failure definition, vali-
dation method, treatment of class imbalance, and out-of-sample/tem-
poral testing. The two review studies—Liu et al. (2021) and Citterio
(2024)—were retained within the overall systematic review to inform

the contextual synthesis of methodological developments and research
trends but were not subjected to the empirical prediction-model quality
assessment. They are therefore reported as not applicable (N/A) in
Table 4.

It is important to note that of the 23 included publications, 21 were
empirical studies and two—Liu et al. (2021) and Citterio (2024)—were
review studies. The two review articles were retained to inform the
broader synthesis of methodological developments and research trends
but were not treated as primary model-development studies in analyses
of sample characteristics, predictive-performance metrics, or method-
ological quality. Where quantitative frequencies relate specifically to
empirical model-development studies, the denominator is stated explic-
itly. The result of this assessment is presented in Table 3 below.

3. Result and discussion

The results are synthesised through the existing thematic struc-
ture of the review. Collectively, the sections address the operational
research questions concerning model characteristics and failure defini-
tions, data and predictor selection, prediction and evaluation design,
performance metrics, validation practices, and comparative model per-
formance. Given the substantial methodological heterogeneity of the
included studies, these dimensions are integrated within the thematic
synthesis rather than treated as independent quantitative comparisons

3.1. Classification of included studies By primary modelling approach and
study type

We have classified the included studies based on the dominant
modelling approach adopted and whether or not they are empirical
studies or review studies. This classification represents the primary
methodological orientation assigned to each empirical study for de-
scriptive synthesis and does not imply that a study evaluated only one
model family. Some studies compared models across methodological



J. Jev et al.

Finance Research Open 2 (2026) 100186

PRISMA 2020 Flow Diagram

Sequential Scopus Search Refinement and Study Selection Process

1. Initial Scopus search (broad search) 2
TITLE-ABS-KEY (bank AND failure Broad search to capture a wide range
AND predictions) of potentially relevant literature.
(n =593)
v
2. Refined search (phrase search)
TITLE-ABS-KEY ("Bank failure” Refined search with exact phrase
predictions) to improve construct relevance.
. (n=151)
=
) 2
5 3. Further refinement y
g = TITLE-ABS-KEY (“Bank failure Further refinement using complete
-g =1 predictions”) phrase for greater specificity.
s & (n=58)
Q
€4 Y
5 4. Added model term
o o TITLE-ABS-KEY (“Bank failure Added the term “models” to focus
= = predictions” models) on prediction modelling studies.
= (n =48)
5 v
5. Publication period restriction
E:}f{lﬁquf I:II(S)L(IS?ank il Restricted to publications from
AND PUBYEAR > 2009 AND PUBYEAR < 2025 2010 to 2024.
(n=28)
v
6. Final search (document type, source
type and language restrictions) , g )
TITLE-ABS-KEY (“Bank failure predictions” Restricted to journal articles
models) AND PUBYEAR > 2009 AND (document type), journal source type,
PUBYEAR < 2025 AND (LIMIT-TO (DOCTYPE, "ar”) and English-language publications.
AND LIMIT-TO (SRCTYPE, "j”) AND LIMIT-TO
(LANGUAGE, "English”))
(n=23)
il
l 7. Records for eligibility assessment The 23 records from the final search
2 Records identified from final Scopus search [—p{erg assessed for ehglb'my based o
] (n=23) the predefined inclusion and exclusion
] i criteria.
o = o ey ere
5 8. Records assessed for eligibility All 23 full-text articles were successfully
n 5 Full-text articles assessed > retrieved and assessed.
(n=23)
- 9. Publications included in the review Twenty-one empirical studies were
§ (n=23) —»| included in the quantitative/narrative
= o Empirical studies: 21 synthesis, and two review studies were
= o Review studies: 2 retained for contextual synthesis.

Note: The reductions in the number of records at each search stage reflect the results of successive modifications
of the Scopus search query and should not be interpreted as records manually excluded through title/abstract screening

or full-text assessment.

Fig. 1. PRISMA 2020 Flow Diagram of the Sequential Scopus Search Refinement and Study Selection Process.

categories. The Table 5 below presents the distribution of included
studies based on these methodologies.

The methodological classification presented in Table 5 is based on
the primary modelling orientation of the 21 empirical studies included
in the review. The two review studies, Liu et al. (2021) and Citte-
rio (2024), were excluded from this empirical classification because
they did not develop or validate primary bank-failure prediction mod-
els (Citterio, 2024; Liu et al., 2021). Of the 21 empirical studies, 9
(42.9%) were classified primarily within the traditional econometric
modelling category, while 12 (57.1%) were classified primarily within
the artificial intelligence/machine learning (AI/ML) category. This clas-
sification reflects the primary methodological orientation assigned to
each study for descriptive synthesis and does not imply that individual
studies evaluated only one model family, since some studies compared
econometric and AI/ML approaches within the same empirical design.

The distribution indicates substantial representation of both econo-
metric and Al/ML approaches in the post-Global Financial Crisis bank-
failure prediction literature reviewed. Econometric models remain im-
portant because of their established application and interpretability,
while AI/ML methods have increasingly been applied to capture com-
plex and potentially nonlinear relationships in financial data (Citterio,
2024). Several included empirical studies compared conventional and
AI/ML approaches within the same experimental setting (Ecer, 2013;
Jing & Fang, 2018; Li et al.,, 2014; Manthoulis et al., 2020). These
within-study comparisons provide a more appropriate basis for as-
sessing relative predictive performance than comparisons of headline
performance measures across heterogeneous studies.

Accordingly, the larger proportion of studies classified primarily as
AI/ML (57.1%) should be interpreted as a descriptive characteristic of
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Table 3

The Quality Assessment Criteria for bank failure prediction studies.

Finance Research Open 2 (2026) 100186

Quality domain

Low concern

Moderate/unclear concern

High concern

Sample and event
adequacy

Failure definition

Validation method

Class imbalance

Out-of-sample/temporal
testing

Adequate number of banks and failure
events relative to the number of
predictors and model complexity;
sufficiently large longitudinal or panel
sample.

Failure is clearly and objectively defined
using observable institutional events
such as closure, receivership, licence
withdrawal, regulatory intervention or
equivalent formal failure status.

Appropriate internal and/or independent
validation is reported using suitable
discrimination or classification measures,
with clear separation between model
development and evaluation.

Rare-event imbalance is appropriately
recognised and handled using methods
such as resampling, SMOTE, class
weighting, cost-sensitive learning,
stratification or appropriate rare-event
metrics.

Independent, external or clearly
chronological out-of-sample testing is
conducted, preferably using future
observations or a separate population.

Sample or number of failure events is
only partly adequate, or reporting is
insufficient to establish adequacy
confidently.

Failure definition is broadly relevant but
combines failure with related events or
is not reported with sufficient
operational detail.

Validation is present but limited,
incompletely described, or based mainly
on cross-validation/holdout procedures
without strong protection against
optimism.

Class imbalance is limited, partly
addressed, or insufficiently reported to
determine its likely effect on model
performance.

Holdout testing exists but is random
rather than temporal, or the degree of
independence between training and
testing data is uncertain.

Few failure events relative to candidate
predictors/model complexity, creating
substantial risk of overfitting, unstable
estimates or poor generalisability.

Outcome is primarily a proxy for
distress, fragility, weakness or an
accounting threshold rather than
observed bank failure.

Model performance is assessed
predominantly on the estimation sample,
or no meaningful validation procedure is
reported.

Severe imbalance is ignored, or
evaluation relies on overall accuracy
without adequate attention to
minority-class performance.

No independent out-of-sample, external
or temporal validation is reported.

Notes: The assessment framework was adapted for the banking context from principles used in prediction-model risk-of-bias assessment, including PROBAST and related
methodological guidance (Navarro et al., 2021; Wolff et al., 2019). Ratings are domain-based rather than combined into a numerical quality score. “Unclear” is used where

reporting is insufficient to support a definitive judgement.

Table 4

Methodological quality assessment of included studies.
#  Study Sample adequacy Failure definition Validation method Class imbalance OO0S/temporal testing Overall concern
1 Affes & Hentati-Kaffel (2019) Low Low-Moderate Low Moderate Low Low-Moderate
2 Citterio (2024) N/A N/A N/A N/A N/A Review study
3 Climent et al. (2019) Low Low Low Moderate Low Low—Moderate
4 Ecer (2013) High Low Moderate Moderate Moderate-High High
5  Ekinci & Erdal (2017) High Low Low-Moderate Moderate High High
6  Ozel (2013) High Low High Moderate High High
7  Huang, Chang & Liu (2012) Low High High Unclear-Moderate High High
8  Ilk, Pekkurnaz & Cinko (2014) High Low Low-Moderate Moderate Moderate-High High
9  Jing & Fang (2018) Low Low Low Moderate Low Low
10 Kimmel, Thornton & Bennett (2016) Low Low Low Moderate Low Low-Moderate
11 Kristéf & Virag (2022) Low Low Moderate Moderate Moderate Low-Moderate
12 Li, Shi, Huang & Yang (2014) Low Low—Moderate Low—Moderate Moderate High Moderate
13 Li, Feng & Tang (2022) Low Low Low Moderate Low Low
14 Liu, Liu & Sathye (2021) N/A N/A N/A N/A N/A Review study
15 Manthoulis et al. (2020) Low Low Low Moderate Low Low-Moderate
16 Pham & Ho (2021) Low Low Low—Moderate Low Low—Moderate Low—Moderate
17 Wang, Quek & Ng (2016) Low Low-Moderate Low-Moderate Moderate Moderate Low-Moderate
18 Zaghdoudi (2013) High High High Unclear-Moderate High High
19 Zhen-Jia-Liu (2015) Low High Low—Moderate Moderate Low Moderate
20 Barajas, Krakovich & Lopez-Iturriaga (2023) Low Low Moderate-High Low High Moderate
21 Behbood, Lu & Zhang (2013) Unclear Unclear Low-Moderate Unclear Low Unclear-Moderate
22 Behbood, Lu & Zhang (2014) Low Low Low Low Low Low
23 Behbood, Lu, Zhang & Pedrycz (2015) Low Low Low Low Low Low

Notes: Methodological quality assessment was conducted for the 21 primary empirical studies. Liu et al. (2021) and Citterio (2024) are review studies and were therefore not
subjected to the empirical prediction-model quality assessment; their domains are reported as N/A. For Behbood, Lu and Zhang (2013), domains that could not be reliably
established from the accessible study information were classified as unclear rather than inferred. OOS = out-of-sample. Ratings are domain-based and should not be interpreted as

an additive numerical quality score.

the 21 empirical studies included in this review rather than as evidence
of methodological superiority. Reported predictive performance varies
according to datasets, operational definitions of bank failure, predic-
tion horizons, class distributions, performance measures and validation
designs (Citterio, 2024; Liu et al., 2021). The relative performance
of econometric and AI/ML models is therefore evaluated within the
methodological context in which the reported results were generated.

Furthermore, the results show increasing adoption of AI/ML meth-
ods, with 52% of the selected studies using AI/ML as their primary
research methodology. This growing application has been associated

with the ability of AI/ML methods to model complex relationships
and patterns in financial datasets that may be difficult to capture
under some conventional model specifications (Medeiros, 2022; Citte-
rio, 2024; Zheng et al. 2023). The increasing volume and complex-
ity of banking data have also encouraged the application of com-
putational and machine-learning approaches to financial prediction
problems (Malali and Gopalakrishnan, 2020).

Nevertheless, the greater adoption of AI/ML methods should not
be interpreted as evidence that econometric approaches are inherently
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Table 5
Classification of included studies by primary modelling approach and study type.
SN Research Item Source Journal Econometric Al/ML Review
Model Model
1 Huang et al. (2012) Quality and Quantity v
2 Zaghdoudi (2013) International Journal of Economics and v
Financial Issues
3 Ozel (2013) Pakistan Journal of Statistics and v
Operation Research
4 Ik et al. (2014) Optimisation v
5 Zhen-Jia-Liu (2015) RAE Revista de Administracdo de v
Empresas
6 Kimmel et al. (2016) North American Journal of Economics v
and Finance
7 Jing and Fang (2018) Journal of Forecasting v
8 Manthoulis et al. European Journal of Operational v
(2020) Research
9 Barajas et al. (2023) European Journal of Management and v
Business Economics
10 Behbood et al. (2013) International Journal of Computational v
Intelligence and Applications
11 Behbood et al. (2014) IEEE Transactions on Industrial v
Informatics
12 Li et al. (2014) Annals of Data Science v
13 Behbood et al. (2015) IEEE Transactions on Fuzzy Systems v
14 Wang et al. (2016) Al Communications v
15 Ekinci and Erdal (2017) Computational Economics v
16 Affes and Hentati-Kaffel Annals of Operations Research v
(2019)
17 Climent et al. (2019) Journal of Business Research v
18 Pham and Ho (2021) International Review of Economics and v
Finance
19 Krist6f and Virdg Research in International Business and v
(2022) Finance
20 Ecer (2013) Ekonomska IstraZivanja v
21 Li, Feng and Tang Annals of Operations Research v
(2022)
22 Liu et al. (2021) Journal of Risk and Financial v
Management
23 Citterio (2024) Socio-Economic Planning Sciences v

inferior. Both approaches have methodological strengths and limita-
tions, and their reported performance is influenced by differences in
datasets, failure definitions, predictor variables, class distributions and
validation procedures. Therefore, while several studies report higher
predictive performance for AI/ML models, the heterogeneity of the
reviewed studies limits direct cross-study comparison and supports
a more cautious conclusion that AI/ML methods may provide incre-
mental predictive value in particular bank-failure prediction settings
(Shobana and Umamaheswari, 2021; Citterio, 2024).

3.2. Data and variable selection

The 21 empirical studies included in this review employed heteroge-
neous datasets and predictor specifications for bank-failure modelling.
Bank-level financial variables constituted an important source of pre-
dictive information across the literature, with several studies using
accounting ratios reflecting dimensions such as capital adequacy, asset
quality, profitability, liquidity, leverage and other aspects of bank
financial condition (Affes & Hentati-Kaffel, 2019; Climent et al., 2019;
Ecer, 2013; Jing & Fang, 2018; Manthoulis et al., 2020; Ozel, 2013;
Wang et al., 2016). The specific variables, however, differed across
studies, reflecting differences in geographical setting, sample period,
failure definition, data availability and modelling approach.

The empirical studies also varied substantially in sample size and
composition. For example, some studies were based on relatively small
samples of failed and non-failed banks, whereas others analysed several
thousand banks or bank-year observations. Manthoulis et al. (2020), for
example, analysed approximately 6500 US banks over the 2006-2015
period, while other studies employed much smaller country-specific
samples (Ecer, 2013; Ekinci & Erdal, 2017; Manthoulis et al., 2020).
Such variation is methodologically important because sample size, the

number of observed failure events and the proportion of failed to
non-failed banks can influence model estimation, validation and the
interpretation of reported predictive performance.

Differences were also observed in the number and type of predictor
variables used. Some studies relied primarily on bank-specific finan-
cial ratios, whereas others incorporated broader sets of financial or
efficiency indicators (Li et al., 2022, 2014; Manthoulis et al., 2020).
Consequently, the predictor sets used across the empirical literature
should not be treated as directly equivalent. These differences form part
of the methodological heterogeneity considered in this review when
interpreting the comparative performance of bank-failure prediction
models.

Among the 23 research items that we reviewed, 21 items were re-
search articles and two items were systematic reviews. The 21 research
articles used different sample sizes with some adopting large sample
size and others small sample size. Based on Table 6, Manthoulis et al.
(2020) focused his study within the United States and adopted the
highest sample size of 6500 banks to develop early warning systems
(EWS) to predict bank failures. This was followed by Krist6f and Virag
(2022) who adopted a sample of 5614 banks in predicting failures of
banks in the United States. On the other hand, the study by Zagh-
doudi (2013) adopted the smallest sample size of 14 banks to predict
bankruptcy among Tunisian banks. Other studies that adopted smaller
sample sizes as shown in Table 6 above include Ecer (2013), Ekinci and
Erdal (2017), and Ilk et al. (2014) who utilised 34, 37, and 40 banks
respectively.

The variations in sample sizes observed among the selected studies
could be attributed to several factors, such as differences in the coun-
tries where the studies were conducted, the availability of data, and
the research questions being addressed by individual studies. Another
factor could be the availability of resources such as time and funding at
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Table 6
Sample size and variable used by the included studies.
SN Research Item CAMELS based Data No. of Banks No. of Variables
Source
1 Huang D.-T.; Chang B.; Liu Z.-C. (2012) \/ 858 5
2 Zaghdoudi T. (2013) v 14 18
3 Ozel G. (2013) v 70 37
4 Ilk O.; Pekkurnaz D.; Cinko M. (2014) \/ 40 21
5 Zhen-Jia-Liu (2015) \/ 772 11
6 Kimmel R.K.; Thornton J.H., Jr.; Bennett S.E. (2016) \/ 86 45
7 Jing Z.; Fang Y. (2018) v 293 16
8 Manthoulis G.; Doumpos M.; Zopounidis C.; Galariotis E. (2020) \/ 6500 14
9 Liu L.X.; Liu S.; Sathye M. (2021) Review study Review study Review study
10 Barajas A.; Krakovich V.; Lépez-Iturriaga F.J. (2023) v 954 7
11 Behbood V.; Lu J.; Zhang G. (2013) v 3103 9
12 Behbood V.; Lu J.; Zhang G.(2014) \/ 3103 9
13 Li Y.; Shi Y.; Huang A.; Yang H. (2014) \/ 316 12
14 Behbood V.; Lu J.; Zhang G.; Pedrycz W. (2015) \/ 3103 9
15 Wang D.; Quek C.; Ng G.S. (2016) \/ 3635 9
16 Ekinci A.; Erdal H. (2017) v 37 35
17 Affes Z.; Hentati-Kaffel R. (2019) \/ 1025 10
18 Climent F.; Momparler A.; Carmona P. (2019) \/ 168 28
19 Pham X.T.T.; Ho T.H. (2021) v 180 16
20 Krist6f T.; Virdg M. (2022) v 5614 15
21 Ecer F. (2013) v 34 14
22 Citterio A. (2024) Review study Review study Review study
23 Li Z.; Feng C.; Tang Y. (2022) \/ 4426 21

the disposal of the researchers when they were conducting these studies
(Andrade, 2020).

With regard to the types of variables that were selected and in-
corporated by these studies into their failure prediction models, the
results were strikingly similar as most of the 23 selected studies we
considered in this review used financial ratios of sampled banks that
were principally derived from the CAMELS framework as shown in
Table 6 above. The wide acceptance and use of accounting ratios as
independent variables in bankruptcy predictions of both financial and
non-financial firms by researchers in this scientific domain could be
said to have been inspired by the work of Altman (1968) who combined
various accounting ratios to develop his popular Zscore model that
predicted bankruptcy of non-financial firms, as well as other benefits
of accounting ratios. Billios et al. (2024) and Ghazalat and AlHallaq
(2024) have argued that accounting ratios such as profitability, lig-
uidity, and leverage ratios have strong power to predict firm failures.
They also contended that these ratios are standardised and comparable
as they are obtained from financial statements that are prepared fol-
lowing stringent accounting rules such as the International Financial
Reporting Standards (IFRS) and Generally Acceptable Accounting Prin-
ciples (GAAPs), thus making comparison among the firms being studied
easier.

The number of accounting ratios selected and incorporated by in-
dividual studies differed considerably. While some studies such as
Climent et al. (2019), Ekinci and Erdal (2017), Kimmel et al. (2016),
Ozel (2013) have selected and used a large number of variables in
building their models, others selected and incorporated a small number
of variables (Barajas et al., 2023; Behbood et al., 2013; Huang et al.,
2012; Wang et al., 2016). Despite the differences observed in the
amounts of variables used, the selected studies were similar in many
respects regarding the type of accounting ratios used as most studies
have used profitability, liquidity, and leverage ratios derived from
the CAMELS framework (Affes & Hentati-Kaffel, 2019; Behbood et al.,
2013; Ozel, 2013; Wang et al., 2016).

3.3. Model performance evaluation and validation procedures reported by
included empirical studies

Evaluation of the performances of models developed for predicting
any future outcomes is critical for result generalisation as it helps
researchers determine the accuracy and reliability of their developed
models. It also facilitates the development of early warning systems
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(EWS) that could provide signals to prompt immediate interventions
to forestall undesirable future outcomes (Altman et al., 2017). In this
section, we have considered the various evaluation metrics that were
adopted by the authors of the 23 selected studies included in our review
to evaluate the predictive performances of the models they developed
to predict bank failures. Table 7 below presents the frequency of various
model evaluation metrics and validation procedures recorded by the 23
included papers.

Table 7 demonstrates considerable heterogeneity in the approaches
adopted to evaluate bank-failure prediction models. Rather than rep-
resenting a set of directly comparable performance measures, the
evaluation approaches identified in the reviewed literature comprise
classification-performance measures, discrimination measures, model-
fit and model-selection statistics, and validation procedures. Based on
the 20 empirical studies for which sufficient full-text information was
available to verify the reported evaluation approaches, overall accuracy
or correct classification rate was the most frequently reported measure,
appearing in 16 studies (80%). This was followed by sensitivity/recall
in nine studies (45%), ROC-AUC in eight studies (40%), specificity in
eight studies (40%), and cross-validation in seven studies (35%). Type
I and/or Type II errors were reported in four studies (20%), R-square in
three studies (15%), AIC in three studies (15%), precision in two studies
(10%), and Kolmogorov-Smirnov distance (KSD) in one study (5%).
Notably, none of the reviewed empirical studies explicitly reported the
F1-score.

Most of the reviewed studies employed more than one approach to
evaluate model performance, although the combinations of measures
varied substantially across studies (Affes and Hentati-Kaffel, 2019;
Zhen-Jia-Liu, 2015; Ekinci and Erdal, 2017; Barajas et al. 2023; Ecer,
2013; Ik et al. 2014; Jing and Fang, 2018; Pham and Ho, 2021;
Wang et al. 2016). The use of multiple complementary measures can
provide a more comprehensive assessment of predictive behaviour
because different measures capture different aspects of model per-
formance. However, the use of multiple metrics should not itself be
interpreted as a mechanism for preventing overfitting. Although Hicks
et al. (2022) highlight the importance of rigorous evaluation when
assessing machine-learning models, overfitting is primarily controlled
through appropriate model-development and validation procedures,
including separation of training and evaluation data, cross-validation,
regularisation where appropriate, and testing on unseen observations.
Thus, reporting several performance metrics can improve the breadth
of model assessment but does not substitute for rigorous validation.
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Table 7
Predictive performance measures and validation procedures reported by the included empirical studies.

SN Measure/procedure Category No. of studies % of studies Interpretation

reported

1 Accuracy/correct Classification 16 80% Most frequently reported measure, but

classification rate performance potentially misleading where the failed-bank
class is substantially smaller than the non-failed
class.

2 Sensitivity/Re- Class-specific 9 45% Measures the proportion of actual failed banks

call/True Positive performance correctly identified and is particularly relevant
Rate for bank-failure early-warning systems.

3 ROC-AUC/AUROC Discrimination 8 40% Evaluates the model’s ability to discriminate
between failed and non-failed banks across
classification thresholds.

4 Specificity/True Class-specific 8 40% Measures the proportion of non-failed banks

Negative Rate performance correctly identified and should be interpreted
jointly with sensitivity.

5 Cross-validation Validation procedure 7 35% Provides internal assessment of model
performance and reduces dependence on a
single train-test split; however, it is a
validation procedure rather than a
predictive-performance metric.

6 Type I and/or Type II Misclassification 4 20% Distinguishes different types of classification

errors performance errors, which is important because failure to
identify a failing bank may have different
consequences from incorrectly flagging a
healthy bank.

7 R?/pseudo-R? Model fit 3 15% Provides information on model fit or
explanatory power in some econometric
models, but is not directly comparable with
classification-performance measures.

8 Akaike Information Model-selection 3 15% Used for selecting among competing statistical

Criterion (AIC) criterion models; lower AIC indicates preferable relative
fit, but AIC is not a measure of predictive
classification accuracy.

9 Precision Class-specific 2 10% Measures the proportion of banks predicted to

performance fail that actually failed and is useful when
false-positive failure warnings are important.

10 Kolmogorov-Smirnov Discrimination 1 5% Measures separation between the score

Distance (KSD) distributions of failed and non-failed banks and
was used alongside AUROC in one included
study.

11 F1-score/F-measure Combined 0 0% Not explicitly reported by the included

class-specific empirical studies. Its absence is notable
performance because F1 combines precision and recall and

is useful when evaluating imbalanced
classification problems.

Notes: Frequencies are based on the 20 empirical studies for which the reported performance measures could be reliably established from the accessible study evidence.
Liu et al. (2021) and Citterio (2024) were excluded because they are review studies. Behbood et al. (2013) was retained in the systematic review and methodological
synthesis but excluded from this frequency calculation because its complete set of reported performance measures could not be reliably verified. Exclusion from this
frequency calculation should not be interpreted as evidence that particular performance measures were absent from the original study.

The measures reported in Table 7 should also not be treated as in-
terchangeable indicators of predictive performance. Accuracy measures
the overall proportion of correctly classified observations; sensitivity or
recall measures the proportion of actual failed banks correctly identi-
fied; specificity measures the proportion of non-failed banks correctly
classified; and precision measures the proportion of banks predicted
to fail that actually failed. ROC-AUC assesses discrimination between
failed and non-failed banks across classification thresholds. In contrast,
R-square principally provides information on model fit or explanatory
power in relevant statistical models, while AIC is primarily a model-
selection criterion. Cross-validation is a validation procedure rather
than a performance metric. Consequently, these measures were not
treated as directly equivalent indicators of predictive performance in
the present review.

Differences in evaluation practice were observed between studies
employing econometric and AI/ML models, although this distinction
was not absolute. Studies employing conventional econometric ap-
proaches more commonly reported measures of model fit and model
selection such as R-square, and AIC (Barajas et al. 2023; Huang et al.
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2012; Ik et al. 2014; Zaghdoudi, 2013; Ozel, 2013; Zhen-Jia-Liu,
2015; Kimmel et al. 2016). AI/ML studies more frequently reported
classification and discrimination measures such as accuracy, sensitivity,
specificity and ROC-AUC (Ekinci and Erdal, 2017; Krist6f and Virag,
2022; Pham and Ho, 2021; Affes and Hentati-Kaffel, 2019; Wang et al.
2016; Jing and Fang, 2018; Li et al. 2022b; Climent et al. 2019;
Behbood et al. 2014, 2015; Ecer, 2013). Nevertheless, several studies
evaluated both conventional and AI/ML approaches using common
performance measures, meaning that the choice of evaluation criterion
cannot be attributed exclusively to model family (Jing and Fang, 2018;
Manthoulis et al. 2020).

The distinction between econometric and AI/ML evaluation should
therefore be expressed cautiously. The original assumption that econo-
metric models are necessarily linear while AI models are necessarily
nonlinear is overly general. Some conventional statistical models im-
pose particular functional-form assumptions, whereas Al/ML methods
can accommodate complex nonlinear relationships and interactions.
Consequently, conventional goodness-of-fit measures such as R-square
cannot automatically be extended to all machine-learning classification
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models, and model evaluation should instead be aligned with the statis-
tical properties and predictive objective of the model concerned (Mac
Nally, 2018). The appropriateness of an evaluation measure, therefore,
depends more fundamentally on the outcome structure, modelling ob-
jective, and validation design than on a simple econometric-versus-Al
distinction.

A particularly important finding from Table 7 is the predominance
of overall accuracy or correct classification rate, which was reported
in 80% of the fully appraised empirical studies. Accuracy is widely
used because it is intuitive and provides a readily interpretable measure
of the proportion of observations correctly classified. However, its
interpretation in bank-failure prediction requires considerable caution
because failure is generally a minority-class or rare-event outcome.
Under class imbalance, a model can obtain apparently high accuracy by
correctly classifying the majority of non-failed banks while performing
considerably less effectively in detecting actual failures. Thus, reliance
on accuracy alone may provide an overly optimistic assessment of
model performance (Johnson and Smith, 2023).

This limitation is particularly relevant to the present review because
the objective of a bank-failure early-warning model is not merely to
maximise the total proportion of correctly classified banks but, crit-
ically, to identify institutions at elevated risk of failure. Sensitivity
or recall is therefore especially informative because it measures the
proportion of actual failures correctly detected. Precision provides
complementary information by measuring the proportion of predicted
failures that actually fail, while specificity measures the model’s ability
to correctly identify non-failed banks. Type I and Type II errors are
similarly important because the consequences of failing to identify a
genuinely failing bank may differ substantially from those of incorrectly
flagging a healthy institution as likely to fail (Barajas et al. 2023;
Ecer, 2013; Jing and Fang, 2018). The re-audit of the reviewed studies
further shows that precision was explicitly reported in only 10% of
the fully appraised empirical studies and that none explicitly reported
the Fl-score. This is an important finding given the class-imbalance
characteristics of bank-failure prediction.

The Fl-score combines precision and recall and can provide com-
plementary information about minority-class performance where both
missed failures and false failure warnings are important. Its absence,
together with the comparatively limited reporting of precision, suggests
that a substantial part of the literature has emphasised aggregate
classification performance more strongly than the joint assessment of
minority-class detection and the reliability of positive failure predic-
tions. ROC-AUC was reported by 40% of the fully appraised empirical
studies. Unlike accuracy at a particular classification threshold, ROC-
AUC assesses a model’s ability to discriminate between failed and
non-failed banks across a range of thresholds and has consequently
become an important evaluation measure in classification research
(Isangediok and Gajamannage, 2022). Nevertheless, ROC-AUC should
not be characterised as inherently more “advanced” than other mea-
sures or as eliminating the methodological challenges created by class
imbalance. A model evaluated on a highly imbalanced dataset may
still exhibit apparently strong ROC-AUC performance while generat-
ing relatively weak precision for the minority failure class. ROC-AUC
should therefore be interpreted alongside sensitivity/recall, specificity,
precision, class prevalence and the validation design rather than being
treated as an intrinsically superior performance measure.

More fundamentally, the substantial heterogeneity among the re-
viewed studies means that reported performance values cannot be
directly compared across studies. The studies differ considerably in
sample size, banking system and geographical setting, number and
prevalence of failures, definition of bank failure, predictor variables,
prediction horizon, treatment of class imbalance, sampling strategy
and validation methodology (Affes and Hentati-Kaffel, 2019; Ekinci
and Erdal, 2017; Jing and Fang, 2018; Manthoulis et al. 2020; Pham
and Ho, 2021; Wang et al. 2016). For example, Jing and Fang (2018)
explicitly estimated models using observations from 2002-2009 and
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evaluated them out-of-sample using 2010 observations, whereas other
studies relied on internal partitions or cross-validation. Consequently,
performance obtained through an in-sample assessment or random
train—test partition is not methodologically equivalent to performance
obtained from a genuinely future-period temporal test.

Accordingly, an accuracy of 95% reported by one study cannot
automatically be interpreted as evidence of a superior model to an
accuracy of 90% reported by another study. Differences in the under-
lying datasets, failure prevalence, prediction horizons and validation
designs may explain part of the observed variation in performance.
The present review therefore treats the performance values reported
by individual studies as study-specific descriptive evidence rather than
as directly comparable estimates from which algorithms can be ranked
across studies.

This consideration is particularly important when interpreting ex-
ceptionally high predictive-performance values reported for some mod-
els, including ANN and hybrid/boosting configurations for which re-
ported accuracy approached or reached 100%. Although several re-
viewed studies found strong performance for AI/ML techniques (Ecer,
2013; Ekinci and Erdal, 2017; Jing and Fang, 2018; Krist6f and Virag,
2022; Pham and Ho, 2021; Wang et al. 2016), extremely high classifi-
cation performance should be interpreted cautiously. Perfect or near-
perfect performance within a particular dataset does not necessarily
imply equivalent performance on unseen banks or future periods. Such
estimates may be influenced by sample size and composition, class bal-
ancing, predictor-selection procedures, model complexity, overfitting
or optimistic validation designs.

Data leakage represents an additional potential source of inflated
performance where information from the evaluation sample inadver-
tently enters model development through preprocessing, feature selec-
tion, resampling or other stages. However, the present review does not
infer that data leakage occurred merely because a study reported excep-
tionally high performance. Such an inference would require evidence
from the methodology of the individual study. Consequently, the 100%
or near-100% accuracy values reported in the literature are retained
as findings of the original studies but are not interpreted as evidence
of perfect generalisability or universal superiority of the corresponding
algorithms.

The methodological quality assessment undertaken in this review
provides an important additional context for interpreting these perfor-
mance results. A high accuracy or ROC-AUC should not automatically
be considered strong predictive evidence where the underlying study
has substantial methodological concerns relating to sample/event ad-
equacy, definition of bank failure, validation methodology, treatment
of class imbalance or absence of out-of-sample testing. Conversely, a
somewhat lower performance estimate obtained under rigorous tem-
poral or external validation may provide stronger evidence of gener-
alisable predictive capability than near-perfect performance obtained
under less demanding evaluation conditions. This reinforces the need to
interpret model performance jointly with methodological quality rather
than treating headline performance measures in isolation. For this rea-
son, greater interpretive weight is placed on within-study comparisons,
where competing models are evaluated using the same dataset, failure
definition, predictor information, prediction horizon and validation
procedure.

Several included studies directly compared conventional economet-
ric models with AI/ML approaches under broadly common experi-
mental conditions (Jing and Fang, 2018; Li et al. 2014; Manthoulis
et al. 2020), while others compared alternative AI/ML architectures
using common data and evaluation designs (Ecer, 2013; Ekinci and
Erdal, 2017; Pham and Ho, 2021; Wang et al. 2016). Such comparisons
provide a more credible basis for assessing relative predictive perfor-
mance because major sources of between-study heterogeneity are held
approximately constant.
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The evidence from these within-study comparisons indicates that
AI/ML models frequently achieved competitive or higher reported pre-
dictive performance than conventional approaches in particular ap-
plications (Ecer, 2013; Jing and Fang, 2018; Li et al. 2014; Man-
thoulis et al. 2020). However, this advantage was not uniform across
models, prediction horizons, datasets or performance measures. For
example, Jing and Fang (2018) found that although data-mining mod-
els performed strongly in-sample, the logit model generated fewer
missed failures and false alarms in the out-of-sample period. Such evi-
dence demonstrates why model superiority cannot be established solely
from headline accuracy and why validation context and the particular
regulatory cost of classification errors must also be considered.

Consequently, it cannot be argued that econometric based mod-
els performed poorly in predicting bank failures as this cannot be
supported considering the differences in study design and methodolog-
ical quality. Although some conventional econometric models reported
lower performance than AI/ML models, the observed differences cannot
be attributed solely to model class because the studies differed substan-
tially in datasets, failure prevalence, predictor specification, prediction
horizons, class-imbalance treatment and validation designs. The evi-
dence, therefore, supports a more qualified conclusion: AI/ML models
frequently demonstrate potential incremental predictive value over
conventional econometric approaches in within-study comparisons, but
the magnitude and consistency of this advantage vary across studies
and evaluation criteria and do not establish universal superiority (Jing
and Fang, 2018; Li et al. 2014; Manthoulis et al. 2020).

Overall, Table 7 reveals both substantial heterogeneity in model-
evaluation practices and an important methodological limitation within
the bank-failure prediction literature. The predominance of accuracy,
comparatively lower reporting of class-specific measures such as pre-
cision, and the absence of explicitly reported Fl-scores indicate that
aggregate classification performance has frequently received greater
attention than minority-class predictive performance. Future bank-
failure prediction research would therefore benefit from more system-
atic reporting of complementary measures, including sensitivity/recall,
specificity, precision and F1-score, alongside discrimination measures
such as ROC-AUC and, where appropriate, calibration measures. These
should be accompanied by rigorous temporal or external validation and
transparent reporting of class-imbalance treatment. Accordingly, the
present review interprets model performance jointly with methodolog-
ical quality and treats reported performance estimates as descriptive,
study-specific evidence rather than as a basis for directly ranking
econometric and AI/ML algorithms across heterogeneous studies.

3.4. Models and algorithms selection

The 21 included primary studies reviewed in this systematic review
have used various models and algorithms to predict future bank fail-
ures. The selection of models and algorithms is a very important aspect
of both econometric and Al modelling projects, as choosing the right
models and algorithms ensures an improvement in the performance
and efficiency of the resulting early warning systems and promotes the
efficiency, scalability, and interpretability of the applications that are
being developed (Zoller & Huber, 2021).

We observed that both studies that were econometric-based and
Al-based selected and adopted diverse techniques and algorithms to
achieve the common goal of predicting bank failures. Table 8 below
shows the techniques and algorithms adopted by both strands of studies
we have included in this review.

Table 8 demonstrates the methodological diversity of the 21 pri-
mary empirical studies included in the review. Because several studies
evaluated more than one modelling technique, the frequencies reported
in the table represent the number of studies in which a particular
technique or algorithm was evaluated rather than mutually exclusive
classifications of the studies.
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Table 8

Techniques and algorithms reported in the included empirical studies.
SN Technique/Algorithm No. of % of

Studies Studies

1 Logistic regression/logit model 7 33.3%
2 Fuzzy bridge refinement 3 14.3%
3 Neural fuzzy inference 2 9.5%
4 Deep-learning neural network (DL-NN) 1 4.8%
5 Hybrid modelling approaches 4 19.0%
6 Data envelopment analysis (DEA) 1 4.8%
7 Multiple discriminant analysis 1 4.8%
8 Cox proportional-hazards model 1 4.8%
9 Artificial neural networks (ANN) 2 9.5%
10 Support vector machines (SVM) 3 14.3%
11 Classification and regression trees (CART) 1 4.8%
12 Multivariate adaptive regression splines (MARS) 1 4.8%
13 Other survival modelling approaches 1 4.8%

Note: Percentages are calculated using the 21 primary empirical studies as the denom-
inator. Liu et al. (2021) and Citterio (2024) are review studies and are excluded from
the calculation. Individual empirical studies may evaluate more than one technique or
algorithm; consequently, the categories are not mutually exclusive and the percentages
are not expected to sum to 100%.

Logistic regression was the most frequently identified individual
modelling technique, appearing in seven of the 21 empirical studies
(33.3%) (Barajas et al., 2023; Huang et al., 2012; Ilk et al., 2014; Kim-
mel et al., 2016; Ozel, 2013; Zaghdoudi, 2013; Zhen-Jia-Liu, 2015). Its
continued use in bank-failure research reflects, among other considera-
tions, its suitability for binary outcomes and the relative interpretability
of estimated relationships between predictor variables and the proba-
bility of failure. Nevertheless, the appropriateness of logistic regression
depends on model specification and the characteristics of the data, and
its predictive performance should therefore be evaluated empirically
rather than assumed from model class alone (Citterio, 2024).

The reviewed literature also demonstrates substantial use of AI/ML
and hybrid approaches. Fuzzy bridge refinement was reported in three
studies (14.3%), support vector machines in three studies (14.3%), arti-
ficial neural networks in two studies (9.5%), and neural fuzzy inference
approaches in two studies (9.5%). Hybrid modelling approaches were
identified in four studies (19.0%). These frequencies indicate that the
post-Global Financial Crisis literature has explored a diverse range of
computational approaches alongside conventional econometric models.

Other techniques were less frequently represented in the included
evidence base. These included data envelopment analysis (DEA), mul-
tiple discriminant analysis, Cox proportional-hazards modelling, classi-
fication and regression trees (CART), multivariate adaptive regression
splines (MARS), deep-learning neural-network approaches and other
survival modelling approaches. Their lower frequency within this par-
ticular evidence base should not be interpreted as evidence of inferior
predictive performance; it indicates only that these methods were less
frequently represented among the 21 empirical studies identified by the
review.

Importantly, the frequencies in Table 8 describe the methodological
composition of the reviewed literature and do not provide a ranking
of model performance. Several included studies compared multiple
econometric, AI/ML or hybrid approaches within the same empirical
design (Affes & Hentati-Kaffel, 2019; Behbood et al., 2014; Jing & Fang,
2018; Manthoulis et al., 2020). Accordingly, comparative predictive
performance is considered separately in the subsequent section, with
greater weight placed on within-study comparisons, validation design,
prediction horizon, class distribution and the performance measures
reported by the original studies.

3.5. Predictive performance and validation of bank-failure models

The predictive performance of bank-failure models is a central
concern in the development of Early Warning Systems (EWS), as banks
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and regulatory authorities require models that can identify institutions
at elevated risk of failure with sufficient reliability and timeliness to
support supervisory intervention (Citterio, 2024). However, predictive
performance cannot be evaluated meaningfully using overall classifi-
cation accuracy alone. This is particularly important in bank-failure
prediction, where failures may represent a relatively small proportion
of observations and where model performance is influenced by the
operational definition of failure, class distribution, prediction horizon,
sampling strategy, decision threshold and validation design.

Accordingly, the present review does not rank the included studies
according to their reported headline accuracy. Instead, the predictive
evidence from the 21 primary empirical studies is evaluated within
the methodological context in which it was generated. The two review
studies, Liu et al. (2021) and Citterio (2024), are retained for contextual
synthesis but are excluded from the empirical performance comparison.
Where an empirical study evaluated multiple models or algorithms,
the analysis retains the reported comparative evidence rather than
selecting only the model with the highest accuracy. This avoids system-
atically privileging studies that evaluated larger numbers of candidate
algorithms and preserves the experimental conditions under which
competing models were compared.

Table 9 therefore presents a structured evidence matrix covering
the operational definition of bank failure, geographical setting and
observation period, sample and failure-event composition, treatment
of class imbalance, models evaluated, prediction horizon, validation
and temporal splitting procedures, reported performance measures, and
relevant temporal-validity considerations. Performance measures such
as accuracy, sensitivity or recall, specificity, precision, Type I and
Type II errors, and ROC-AUC are interpreted jointly where reported
rather than treated as interchangeable indicators of predictive quality.
Particular attention is also given to whether performance was evaluated
in-sample, through cross-validation or random holdout procedures, or
through temporally separated out-of-sample testing.

These methodological distinctions are necessary because the re-
ported performance estimates are not generated under equivalent ex-
perimental conditions. A higher accuracy or AUC reported in one study
does not necessarily indicate a superior modelling approach to a lower
value reported in another study when the underlying studies differ in
failure prevalence, outcome definition, prediction horizon, predictor
information and validation design. Consequently, greater interpretive
weight is placed on within-study comparisons in which competing
models are evaluated using broadly common data, outcome definitions,
prediction horizons and validation procedures. The evidence matrix is
therefore intended to support a structured assessment of the conditions
under which different modelling approaches perform effectively rather
than a cross-study hierarchy based on headline predictive accuracy.

The empirical studies included in this review demonstrate substan-
tial diversity in the modelling approaches used to predict bank failure.
Many studies evaluated more than one econometric, AI/ML, or hybrid
modelling approach rather than relying on a single specification (Affes
& Hentati-Kaffel, 2019; Behbood et al., 2014; Jing & Fang, 2018;
Manthoulis et al., 2020). However, where several models were eval-
uated within the same study, the present synthesis does not select only
the model reporting the highest headline accuracy. Such an approach
could introduce optimistic selection bias and disproportionately favour
studies that evaluated a larger number of candidate algorithms. Instead,
the comparative results are retained within the methodological setting
in which they were generated, with greater interpretive weight placed
on within-study comparisons where competing models were evaluated
using broadly common data, outcome definitions, prediction horizons
and validation procedures.

As shown in Table 9, substantial heterogeneity exists across the
empirical evidence base. The studies differ in geographical setting, ob-
servation period, sample size, failure prevalence, operational definition
of bank failure, predictor variables, treatment of class imbalance, pre-
diction horizon and validation design. Reported predictive-performance
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measures also vary considerably and include overall accuracy or correct
classification, sensitivity or recall, specificity, precision, Type I and
Type II errors, ROC-AUC and other model-specific measures. Conse-
quently, a predictive accuracy of, for example, 95% in one study
cannot automatically be interpreted as evidence of superior predictive
performance relative to a lower accuracy reported in another study.
The estimates were generated under different experimental conditions
and are therefore not directly comparable.

This issue is particularly important because bank failure is com-
monly a rare-event classification problem. Overall accuracy can provide
an incomplete or potentially misleading representation of predictive
performance when failed banks constitute a relatively small proportion
of the sample. A model may correctly classify a large proportion of
surviving banks and consequently achieve high overall accuracy while
still failing to identify a substantial proportion of the failed institutions
that are of primary interest to regulators. For this reason, the present
review interprets accuracy jointly with class-specific measures such as
sensitivity or recall, specificity, precision and Type I and Type II errors,
together with threshold-independent measures such as ROC-AUC where
these are reported. The treatment of class imbalance is also considered
when interpreting the reported results.

The validation design provides a further important basis for dis-
tinguishing the strength of the predictive evidence. Some studies em-
ployed cross-validation or training/test partitions, whereas others in-
corporated explicit temporal separation between model development
and subsequent evaluation. For example, Jing and Fang (2018) esti-
mated their models using observations from 2002-2009 and evaluated
predictive performance using 2010 observations (Jing & Fang, 2018).
Behbood et al. (2014) similarly trained their models using earlier obser-
vations and subsequently evaluated performance in later test periods,
including 1995, 1998 and 2000 (Behbood et al., 2014). Their use of
SMOTE on the training data rather than the subsequent test observa-
tions is also methodologically relevant when interpreting the reported
predictive results. Wang et al. (2016), meanwhile, explicitly evaluated
early-warning performance at one- and two-year prediction horizons.
These designs provide different evidence from studies reporting primar-
ily in-sample classification or internal validation, and their reported
performance estimates should not be interpreted as methodologically
equivalent.

Prediction horizon is similarly important for interpreting model per-
formance. The supervisory usefulness of a bank-failure model depends
not only on whether it correctly identifies a failing institution, but
also on whether the warning is generated sufficiently early to permit
meaningful intervention. The included studies vary in this respect.
Some explicitly evaluate predictions at defined pre-failure horizons,
while others report contemporaneous classification or do not spec-
ify the forecasting horizon sufficiently clearly. For example, Climent
et al. (2019) evaluate predictive performance across multiple pre-
failure horizons, while Wang et al. (2016) consider one- and two-year
early-warning scenarios. Consequently, models evaluated at different
prediction horizons should not be ranked solely according to their
reported classification performance.

The treatment of class imbalance also varies materially across the
studies. Behbood et al. (2014), for example, apply SMOTE to the
training data in a sample containing substantially fewer failed than
surviving banks (Behbood et al., 2014), while Manthoulis et al. (2020)
incorporate random undersampling through RUSBOOST in a large US
banking dataset containing 430 failures among approximately 59,347
bank-year observations (Manthoulis et al., 2020). Other studies employ
approximately balanced samples by design. Ecer (2013), for example,
evaluates ANN and SVM using 17 failed and 17 non-failed banks.
Although a balanced design can facilitate comparison between algo-
rithms, predictive performance obtained from such a sample should
not be interpreted as directly equivalent to performance in a natu-
rally imbalanced banking population. These differences further demon-
strate why headline accuracy alone provides an insufficient basis for
cross-study comparison.
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Table 9

Structured evidence matrix of methodological characteristics, validation designs and predictive performance of the included empirical studies.

Study

Failure definition

Geography/period

Sample/failures

Class
balance/treatment

Models evaluated

Prediction horizon

Validation/temporal
split

Metrics reported

Temporal validity
considerations

Huang, Chang &
Liu (2012)

Zaghdoudi (2013)

Ozel, G. (2013)

1k, Pekkurnaz &
Cinko (2014)

Liu, Z.-J. (2015)

Kimmel,
Thornton &
Bennett (2016)

Jing & Fang
(2018)

Manthoulis et al.
(2020)

Barajas,
Krakovich &
Loépez-Iturriaga
(2023)

Behbood, Lu &
Zhang (2013)

Financial distress
proxied by
current-year cash
flow relative to
liabilities rather than
observed regulatory
closure

Banking weakness/
failure index
constructed from
changes in deposits,
credit and borrowing

Banks classified as
failed/ transferred to
the Savings Deposit
Insurance Fund
(SDIF)

Bank failure status as
defined in the
original Turkish-bank
study

Financial distress
proxied by current
cash flow being
insufficient relative to
liabilities
Problem/failing-bank
status based on
supervisory/
bank-failure
classification used in
the study

Observed US bank
failures

Failed versus
surviving US banks,
extended to ordinal
pre-failure states

Failure includes
cessation/ loss of
banking licence,
including liquidation,
licence withdrawal
and relevant exit
events

Failed and surviving
US banks

Developing and
developed-country
banks; study period
as reported in
original study

Tunisia; 2002-2010

Turkey; 2000-2008

Turkey; longitudinal
study period reported
by authors

Cross-country sample;
2002-2012

United States; period
reported in original
study

United States;
2002-2010

United States;
2006-2015

Russia; 2012-2019

United States;
historical banking
sample

858 banks; 2114
observations

14 banks

70 banks; failed
and non-failed
banks

Approximately 40
banks

772 banks; 6773
bank-year
observations

Large US
banking sample

293 banks; 16
predictors

Approx. 6500
banks; 59,347
bank-year
observations; 430
failures

954 banks;
13,578
bank-quarter
observations

3103 banks
reported in the
study dataset

No explicit
resampling procedure
identified

No explicit imbalance
treatment reported

No explicit
resampling procedure
reported

No explicit synthetic
balancing procedure
identified

No explicit synthetic
resampling procedure
reported

No explicit synthetic
balancing procedure
reported

No synthetic
balancing procedure
identified in the
principal comparison

Class imbalance
explicitly addressed;
random
undersampling used
within RUSBOOST

Failure prevalence
explicitly represented;
no synthetic
balancing required/
reported

Imbalanced failure
data addressed within
modelling framework

Bank-failure/ distress
prediction model
based on financial
ratios

Logistic regression

Cox proportional
hazards, stratified
Cox, ordinary logistic
regression and
conditional logistic
regression

Longitudinal/
econometric failure
models including
logistic-regression-
based analysis

Bank financial-distress
prediction models

Logit, Cox
proportional-hazards
and
multiple-discriminant
approaches

Logit and multiple
data-mining models,
including ANN

Ordinal classification,
logistic regression,
SVM and RUSBOOST

Logistic-regression/
survival-oriented
bank-failure analysis

Fuzzy-logic/
fuzzy-bridge
refinement approach

NR

NR

NR

NR

Early-warning
prediction prior to
bank problems/
failure

Prediction using
information available
prior to failure

Multiple pre-failure
states represented
through an ordinal
framework

NR

Pre-failure prediction

No clearly separated
temporal or external
predictive validation
identified

Model estimated and
evaluated using the
study sample; no
independent temporal
0O0S test identified

Reported logistic
classification is
in-sample; no
independent temporal
holdout identified

Internal model
evaluation;
independent temporal
validation not clearly
established

In-sample and
out-of-sample
assessments reported

Predictive evaluation
beyond model
estimation reported

Models estimated on
2002-2009 data and
evaluated on 2010
observations

Comparative
validation
incorporating
resampling/ testing
procedures

Model estimation and
predictive assessment;
no independent
temporal/ external
holdout clearly
identified

Training/ testing
evaluation reported

Classification/
predictive
performance measures

Accuracy and
statistical /model-fit
measures

Correct classification;
likelihood/ model-fit
statistics

Classification and
model-fit measures

Accuracy, sensitivity,
specificity and
ROC-based measures

Classification and
model-performance
measures

Accuracy, missed
failures, false alarms
and other
classification
measures

AUROC, KSD and
classification
measures

Correct classification
and regression/
model-performance
measures

Accuracy/
classification
measures

High interpretive caution:
outcome is a distress proxy
rather than observed bank
closure; temporal 00S
protection not established

Temporal generalisability
unclear; outcome is a
banking-weakness proxy
rather than observed closure

No independent temporal
0O0S validation identified;
look-ahead and survivorship
protection not explicitly
established

Temporal-validity protection
unclear from reported design;
survivorship considerations
NR

0O0S assessment improves
validation; interpretation
remains constrained by use
of a distress proxy rather
than observed bank closure

Temporal structure
strengthens early-warning
interpretation; exact
look-ahead and survivorship
protection should be
interpreted from the reported
design

Explicit temporal OOS design
reduces look-ahead concern;
within-study comparison is
more informative than
cross-study accuracy ranking

Strong attention to rare-event
prediction and validation;
interpretation should retain
distinction between
resampling-based and
temporal validation

Independent temporal
generalisability remains
uncertain; failure definition is
broader than simple
regulatory closure

0OS testing reported; some
design details remain
insufficiently reported for
stronger temporal-bias
judgement

(continued on next page)
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Table 9 (continued).

Study

Failure definition

Geography/period

Sample/failures

Class
balance/treatment

Models evaluated

Prediction horizon

Validation/temporal
split

Metrics reported

Temporal validity
considerations

Behbood, Lu &
Zhang (2014)

Li, Shi, Huang &
Yang (2014)

Behbood, Lu,
Zhang & Pedrycz
(2015)

Wang, Quek &
Ng (2016)

Ekinci & Erdal
(2017)

Affes &
Hentati-Kaffel
(2019)

Climent,
Momparler &
Carmona (2019)

Pham & Ho
(2021)

Kristof & Virag
(2022)

Observed failed and
surviving US banks

Failed and non-failed
commercial banks
based on FDIC-related
banking data

Observed failed and
surviving US banks

Failed versus
non-failed US banks
identified from
longitudinal financial
information

Failed versus
non-failed banks

Bankruptcy/ failure
status of US banks

Failed/ distressed
Eurozone banks
identified using the
study’s distress/
failure criterion

Failed and non-failed
banks according to
the study’s
bank-failure
classification

Bank failure status
across EU-27 banking
sample

United States;
historical sample
extending to 2000

United States; period
reported in original
study

United States;
1979-2000

United States;
approximately 21
years

Bank sample reported
by authors

United States;
complete market-cycle
sample with annual
evaluation

Eurozone; 2006-2016

Bank sample reported
by authors

EU-27; study period
reported by authors

3103 banks: 548
failed and 2555
surviving

316 banks

3103 banks: 548
failed and 2555
surviving

3635 banks; nine
financial
covariates

37 banks: 17
failed and 20
non-failed; 35
financial ratios

1025 banks
reported in
review extraction

168 banks; 28
variables
reported in
review extraction

180 banks; 16
predictors

5614 banks; 15
variables
reported in
review extraction

SMOTE applied to
training data only

No explicit synthetic
resampling procedure
identified

SMOTE applied to
training data only

Training samples
constructed to control
failed/ non-failed
composition

Approximately
balanced by study
design

Natural class
imbalance retained;
failed and non-failed
classification reported
separately

Class imbalance
considered in model
development/
evaluation

Class imbalance
explicitly addressed
in modelling/
evaluation

No explicit synthetic
balancing procedure
identified

Fuzzy-bridge
refinement and
comparator models

Trait Recognition
(TR), SVM and
hybrid TR-SVM

Fuzzy-rule/
fuzzy-bridge
refinement prediction
system

GARSINFIS
neural-fuzzy system
and benchmark
models

Hybrid prediction
model and
comparator models

CART, MARS,
K-means and hybrid
K-means-MARS

XGBoost and
comparative
prediction framework

Boosting algorithms,
including XGBoost
and hybrid/ ensemble
approaches

C5.0 decision trees
and deep-learning
neural networks

Pre-failure prediction

NR

Pre-failure prediction

One-year and
two-year prior
prediction

NR

Annual failure
forecasting

One-, two- and
three-year pre-failure
horizons

Pre-failure prediction

Pre-failure prediction

Training observations
through 1990; later
test periods include
1995, 1998 and 2000

Training/testing
predictive comparison
reported; independent
temporal validation
not clearly
established

Training through
1990; subsequent
temporal tests include
1995, 1998 and 2000

Repeated training/
testing experiments
across prediction
horizons

Stratified 10-fold
cross-validation

K-fold cross-validation
with training/ testing
assessment

Machine-learning
training/ testing
across pre-failure

Accuracy, sensitivity,
specificity and
geometric mean

Overall accuracy,
precision, TPR and
TNR

Sensitivity, specificity,
geometric mean and
classification
performance

Accuracy, sensitivity
and specificity

Classification rate,
sensitivity, specificity
and AUC

Correct classification,
sensitivity, specificity,
Type I error, Type II
error and AUC

Accuracy, AUC,
sensitivity and

horizons

Training/ testing and
comparative
boosting-model
evaluation

Separate training and
testing performance
reported

Accuracy, precision,
recall and AUC

Classification
accuracy and AUROC

Temporal separation and
training-only SMOTE reduce
leakage concern and provide
comparatively strong OOS
evidence

Multiple class-specific metrics
improve interpretation;
temporal generalisability
remains less certain

Explicit temporal testing and
training only oversampling
provide comparatively strong
protection against optimistic
evaluation

Explicit one- and two-year
horizons strengthen temporal
interpretation; sensitivity and
specificity permit
minority-class assessment

Cross-validation reduces
dependence on a single split
but does not constitute
independent temporal/
external validation

Class-specific errors provide
stronger rare-event
information than accuracy
alone; validation is internal
rather than independent
external validation

Explicit horizons improve
temporal interpretation;
outcome coding and
classification threshold should
be considered when
comparing results with other
studies

Use of precision/ recall is
valuable under imbalance;
reported headline accuracy
should be interpreted within
the study’s sampling and
validation design

Training AUROC and testing
AUROC are reported
separately, permitting
assessment of overtraining;
independent external
validation not identified

(continued on next page)
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Table 9 (continued).

Study

Failure definition

Geography/period

Sample/failures

Class
balance/treatment

Models evaluated

Prediction horizon

Validation/temporal
split

Metrics reported

Temporal validity
considerations

Ecer F. (2013)

Li, Feng & Tang
(2022)

Failed versus
non-failed banks

Failed versus
non-failed US
commercial and
savings banks

Turkey; study period
reported by authors

United States;
2002-2016

34 banks: 17
failed and 17
non-failed; 14
selected financial
ratios

4426 banks; 21
variables
reported in
review extraction

Balanced failed/
non-failed sample by
design

No explicit synthetic
oversampling
procedure reported

Artificial Neural
Network (ANN) and
Support Vector
Machine (SVM)

Malmquist DEA with
Worst Practice
Frontier and
alternative static/
dynamic DEA
specifications

NR

Dynamic multi-period
prediction

Training/validation
comparison

Dynamic and static
specifications
compared
longitudinally;
robustness and paired
statistical testing
performed

Classification accuracy
and comparative
predictive

performance

AUC and other
predictive/
classification
indicators; paired
tests of model
performance

Balanced design facilitates
model comparison but differs
substantially from natural
rare-event prevalence;
temporal/ external validation
is limited

Longitudinal design
incorporates historical
information; dynamic and
static specifications should be
compared within-study rather
than ranked against unrelated
algorithms

Notes: NR = not reported or not sufficiently specified in the original study; OOS = out-of-sample; AUC/AUROC = area under the receiver operating characteristic curve; ANN = artificial neural network; SVM = support vector machine; DEA = data envelopment analysis; SMOTE = Synthetic
Minority Over-sampling Technique; TPR = true-positive rate; TNR = true-negative rate; KSD = Kolmogorov-Smirnov distance; GARSINFIS = Genetic Algorithm and Rough Set Incorporated Neural Fuzzy Inference System. NR should not be interpreted as evidence that a methodological procedure

was not undertaken; it indicates that the information could not be established sufficiently reliably from the reported study.

The table contains the 21 primary empirical studies. Liu et al. (2021) and Citterio (2024) are review studies and are therefore excluded from this empirical evidence matrix. Reported performance measures are presented as study-specific descriptive evidence and are not treated as directly

comparable estimates across studies because of differences in failure definitions, geographical settings, observation periods, sample composition, class prevalence, predictor sets, prediction horizons, decision thresholds and validation designs.

Calibration assessment was recorded where explicitly reported. Where no clear assessment of agreement between predicted probabilities and observed outcomes could be established, calibration was treated as NR rather than assumed to be absent. Similarly, potential look-ahead or survivorship

concerns were classified conservatively and were not inferred where the original study provided insufficient information.
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The very high predictive-performance values reported by some stud-
ies therefore require interpretation within their respective experimental
designs rather than as evidence of an absolute hierarchy of algorithms.
Studies including Pham and Ho (2021), Behbood et al. (2014), Li
et al. (2022), Jing and Fang (2018) and other AI/ML and econometric
applications report strong predictive results under particular modelling
conditions (Behbood et al., 2014; Jing & Fang, 2018; Li et al., 2022;
Pham & Ho, 2021). However, exceptionally high reported accuracy may
be influenced by sample composition, class balancing, feature selection,
prediction horizon, decision threshold and the method used to separate
model-development and evaluation data. High reported performance is
therefore not treated in this review as sufficient evidence, by itself, that
one model or modelling family is generally superior to another. Nor is
data leakage inferred solely from a high performance estimate; such a
conclusion would require evidence from the underlying study design.

The evidence also indicates that sample size alone does not ex-
plain differences in reported predictive performance. Some studies
use several thousand banks, including Behbood et al. (2014) and Li
et al. (2022), whereas others obtain strong reported performance from
substantially smaller samples. The informational content of the pre-
dictors, number of failure events, class distribution, model specifi-
cation, feature-selection procedure, prediction horizon and validation
strategy are therefore also relevant. Financial statement variables and
accounting ratios are prominent predictors throughout the literature
and continue to provide important information concerning bank cap-
italisation, asset quality, profitability and liquidity. Their frequent use
across both econometric and AI/ML studies suggests that the predictive
information contained in bank-level financial characteristics remains
central to bank-failure modelling, although the way in which different
modelling approaches exploit that information varies.

The within-study comparative evidence provides a more appropriate
basis for assessing the relative predictive performance of AI/ML and
conventional econometric approaches than comparisons of headline
performance measures across different studies. Several included studies
evaluated competing model families using broadly common datasets,
outcome definitions and evaluation procedures (Ecer, 2013; Jing &
Fang, 2018; Li et al., 2014; Manthoulis et al., 2020).

Within these comparative settings, AI/ML approaches frequently
produced competitive or higher predictive performance according to
one or more of the measures reported by the original studies. How-
ever, this pattern was not uniform across algorithms, datasets, predic-
tion horizons or evaluation criteria. Consequently, the evidence does
not support a general conclusion that AI/ML models are universally
superior to conventional econometric approaches.

Jing and Fang (2018) provide an important illustration of this
qualification. Although the data-mining models evaluated in their study
demonstrated strong predictive performance under some evaluation
conditions, logistic regression produced fewer missed failures and
false alarms in the temporally separated out-of-sample evaluation.
This finding demonstrates that the relative performance of competing
approaches may depend on the performance criterion being considered
and that higher performance on one measure does not necessarily imply
superior supervisory usefulness across all relevant criteria.

The evidence therefore suggests that the potential incremental pre-
dictive value of AI/ML is conditional on the empirical and method-
ological setting in which the models are evaluated. Model architecture
alone does not determine predictive performance. Sample composition,
failure prevalence, predictor information, class-imbalance treatment,
prediction horizon, decision threshold and validation design also in-
fluence the reported results. Accordingly, the present review interprets
AI/ML as providing potential incremental predictive value in particular
bank-failure prediction settings rather than as constituting a universally
superior alternative to econometric modelling.

From an early-warning-system perspective, this distinction is impor-
tant. A model intended to support supervisory intervention should be
evaluated not only according to aggregate predictive performance but
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also according to its ability to identify failed or distressed institutions
sufficiently early, its false-negative and false-positive behaviour, and
its performance on observations that were not used during model
development. The practical value of a bank-failure prediction model
therefore depends jointly on predictive performance, validation quality,
prediction horizon and the decision context in which the model is
intended to operate.

3.6. Integration of external macroeconomic and non-financial data sources

The evidence in the literature has shown that bank failures are
caused by both internal and external factors, therefore, to gain a com-
plete understanding of these causes and predict future failures of banks,
both internal and external factors must be considered in forecasting
bank failures (Heffernan, 2003; Zaghdoudi, 2013). In this section, we
reviewed the selected studies based on their level of integration of
external macroeconomic variables and non-financial data like Environ-
mental Social and Governance (ESG) performance of banks into the
models they have developed to predict bank failures. The table below
presents our analysis of the level of data points that were used by the
selected studies to develop models that predicted bank failures (see
Table 10).

The evidence reviewed indicates that bank-level financial variables
dominate the predictor sets used in the primary empirical studies,
while broader macroeconomic and non-financial risk factors are less
consistently represented. Some empirical studies incorporated vari-
ables extending beyond conventional bank-level accounting indicators;
however, the extent and specification of these variables varied across
studies. Consequently, the evidence does not support the conclusion
that macroeconomic information is entirely absent from the empirical
bank-failure prediction literature.

The comparatively limited and heterogeneous incorporation of
broader risk factors nevertheless identifies an important area for fur-
ther research. Macroeconomic conditions such as economic growth,
inflation, interest rates and labour-market conditions may affect the en-
vironment in which bank-level vulnerabilities develop. Their potential
contribution to bank-failure prediction should therefore be evaluated
alongside bank-specific financial indicators rather than assumed to
provide either universally superior or negligible predictive information.

Environmental, social and governance (ESG) factors represent a
further potential extension of the predictor space. Citterio (2024), as a
review study rather than a primary model-development study, discusses
the relevance of broader determinants of bank distress and failure.
The evidence identified in the present review, however, does not pro-
vide a sufficient basis for concluding that ESG variables have been
systematically incorporated into the primary empirical bank-failure
prediction models. This should therefore be interpreted as an area
requiring further empirical investigation rather than as an established
determinant of predictive performance.

This is a startling observation as there is strong evidence in the
literature that documented the influence that macroeconomic variables
like the Gross Domestic Product (GDP), inflation rate, interest rate and
unemployment have on the financial stability of banks. Mare (2015)
documented evidence from a study he conducted in Italy in which he
argued that distressed conditions in the macroeconomic environment
can escalate the risk of bank failing to fulfil their obligations to de-
positors and creditors. Citterio (2024) conducted a systematic review
of 76 research papers that developed models to predict bank failures
and concluded that bank failures are multifaceted in nature as they
are caused by several factors including micro-level variables within the
bank as well as macroeconomic variables external to the banks. He
argued that these factors reinforce each other and build up over time
prior to the actual occurrence of the main failures.

However, evidence from the broader literature provides additional
context for this research gap. Wu and Cole (2024) had argued that in-
ternal bank level data such as accounting ratios are more sensitive and
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Table 10

Integration of macroeconomic variables in reviewed studies.

Finance Research Open 2 (2026) 100186

SN  Research Item Accounting ratios ~ Macroeconomic ESG Variables
variables
1 Huang D.-T.; Chang B.; Liu Z.-C. (2012) YES NO NO
2 Zaghdoudi T. (2013) YES NO NO
3 Ozel G. (2013) YES NO NO
4 Ilk O.; Pekkurnaz D.; Cinko M. (2014) YES NO NO
5 Zhen-Jia-Liu (2015) YES NO NO
6 Kimmel R.K.; Thornton J.H., Jr.; Bennett S.E. (2016) YES NO NO
7 Jing Z.; Fang Y. (2018) YES NO NO
8 Manthoulis G.; Doumpos M.; Zopounidis C.; Galariotis E. (2020) YES NO NO
9 Liu L.X.; Liu S.; Sathye M. (2021) YES NO NO
10 Barajas A.; Krakovich V.; Lépez-Iturriaga F.J. (2023) YES NO NO
11 Behbood V.; Lu J.; Zhang G. (2013) YES NO NO
12 Behbood V.; Lu J.; Zhang G.(2014) YES NO NO
13 Li Y.; Shi Y.; Huang A.; Yang H. (2014) YES NO NO
14 Behbood V.; Lu J.; Zhang G.; Pedrycz W. (2015) YES NO NO
15 Wang D.; Quek C.; Ng G.S. (2016) YES NO NO
16  Ekinci A.; Erdal H. (2017) YES NO NO
17 Affes Z.; Hentati-Kaffel R. (2019) YES NO NO
18 Climent F.; Momparler A.; Carmona P. (2019) YES NO NO
19 Pham X.T.T.; Ho T.H. (2021) YES NO NO
20 Kristéf T.; Virdg M. (2022) YES NO NO
21 Ecer F. (2013) YES NO NO
22 Citterio A. (2024) YES YES YES
23 Li Z.; Feng C.; Tang Y. (2022) YES NO NO

essential determinants of bank failures than external macroeconomic
variables. According to them, external macroeconomic variables influ-
ence only the risk of failure of weak and vulnerable banks. Therefore,
they discounted the significance of external macroeconomic variables
in predicting bank failures.

Another risk factor in banking system that has increasingly drawn
the attention of investors, regulators, and market participants is the
Environmental Social and Governance (ESG) risks that banks are ex-
posed to. Citterio (2024) argued that integration of ESG risk factors
into models that are designed to predict bank failures has become
very important because the ESG performance of a bank can impact
its financial performance and contributes the probability of failure
of the bank. However, in another related study by Menicucci and
Paolucci (2023) where the author investigated the impact of ESG
performance on bank performance among Italian banks, they argued
that there was a negative relationship between ESG performance of
banks and their market and operational performance. The authors
further submitted that the results on all dimensions of ESG and their
effects on bank performance were mixed. According to them, improving
the environmental dimension of ESG through waste reduction and
emission controls resulted in improved bank operational and market
performance. However, improved performance in the social dimension
of ESG through responsible product design and marketing resulted in a
decrease in accounting profits of banks.

3.7. Directions for future research

The following discussion presents forward-looking research direc-
tions arising from gaps identified in the reviewed evidence and should
not be interpreted as an empirical finding of the 21 primary studies
included in this systematic review. In particular, generative artificial
intelligence (GenAl) and synthetic-data methods were not sufficiently
represented in the included empirical evidence to permit conclusions
regarding their effectiveness for bank-failure prediction. They are there-
fore considered here as potential directions for future research rather
than as established findings of the review.

As artificial intelligence (AI) research and development progress and
more sophisticated AI models are being developed, there is a greater
chance that researchers, bank regulators, and financial institutions will
find opportunities to innovate and adopt more advanced and secure Al
algorithms for predicting bank failures. One of these innovations is the
emergence of Generative Al (GenAlI), which has given birth to a set of
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novel models that are capable of creating new contents such as texts,
videos, images, audios, codes, etc. Zhao et al. (2024).

GenAl has several branches, such as the popular Large Language
Models (LLM), Generative Adversarial Networks (GANs), Variational
Autoencoders (VAEs), diffusion models, etc. These subsets have distinct
capabilities that enable each of them to excel in the creation of specific
outputs. For example, while LLM excel in creating textual outputs;
diffusion models excel in creating images as outputs (Bandi et al.,
2023).

The application of GenAl in finance is gaining rapid momentum
considering the continuous generation of large volumes of data in the
industry and the willingness of financial firms such as banks to invest
in innovations that could promote efficiencies in their operations and
improve firms’ performance (Chen et al., 2023; Husain et al., 2022).

GenAl has been increasingly applied to various functions and as-
pects of operations in the financial industry, such as stock trading, fraud
detection, stress testing and risk management, robo-advisors, financial
planning, synthetic financial data generation, etc. For example, pre-
trained Large Language Models and transformer models are being
adapted and finetuned into domain-specific models within investment
banking to conduct fundamental stock analysis that integrates investor
sentiments from social networks to improve portfolio performance (Lee
et al., 2024).

One important characteristic of GenAl models that are being adapted
in the finance industry, like banking is that they are very data-hungry
models and require a large volume of data for their training and testing.
This volume of data is not always available due to data privacy and
security concerns, high cost of data collection, and inadequate access
to the right quality data (Kannan, 2024). To overcome this obstacle, Al
researchers and financial firms are exploring the possibility of creating
artificial data samples, called synthetic data generation. Synthetic data
is a look-alike of the real data created to mimic the statistical properties
of the real data while maintaining the privacy and security of the
original data (Kannan, 2024).

Synthetic data is becoming an emerging innovation in artificial
intelligence(Al) and is being tested across diverse industry verticals
such as health care, finance, drug discovery, manufacturing, etc. It
has the potential to address some of the critical problems that AL
researchers and practitioners have faced over time, such as ensuring
the privacy of data being used for training Al models; dealing with
unbalanced dataset in model training; and reducing overfitting and
biases in the trained model.
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Synthetic data generation mechanisms are capable of taking the
actual data observations and learning from their statistical property
to create a new dataset of high similarity without revealing the true
identities of individuals to whom the transactions or original data
belong, i.e data anonymisation (Shahul Hameed et al., 2024)

Some of the problems that Al researchers and scientists attempt to
solve do not occur frequently and evenly. And this has created the
challenge of imbalanced data, which is a condition in the dataset where
one category dominates another by occurring more frequently than
the other (Cheah et al., 2023). For example, a dataset of a sample of
1000 global banks collected to predict bank failures may have more
surviving banks dominating the entire dataset than failed banks. This
is because more banks succeed than they fail as evidenced by the work
of Correia et al. (2024) who established a panel of US commercial banks
from 1863 to 2023 and found that among all the banks in the panel,
failed banks were in the minority and surviving banks were in the
majority. In this situation, any Al model trained on this panel dataset
will be predicting results that favour the dominant class, which is the
surviving banks. Synthetic data could help to address this problem by
generating more data in the minority class to increase the numbers
of failed banks in the panel dataset and make it more balanced.
Class imbalance may be addressed using several approaches, including
resampling techniques such as the Synthetic Minority Over-sampling
Technique (SMOTE). SMOTE generates synthetic minority-class obser-
vations through interpolation between neighbouring observations and
should therefore be distinguished from generative-Al approaches such
as generative adversarial networks (GANs), variational autoencoders
(VAEs), and emerging LLM-based synthetic-data generation methods.
Future research could comparatively evaluate these approaches in the
specific context of rare bank-failure events.

Bank failure prediction problem is a risk management issue in
banking that suffers from the above challenges that the innovation
in deep generative models for generating synthetic data can help to
address. The banking system is highly regulated, so data protection
laws are very strict. As a result, evolving future research in this domain
to leverage synthetic data for training AI models that will be developed
to serve as the foundation on which Al-powered Early Warning Systems
(EWSs) will be built to forecast future bank failures will not only help
banking institutions to avoid the risk of data privacy breaches, but also
significantly reduce the problem of model’s biases due to imbalanced
data, which is common with naturally rare events such as bank defaults.

4. Limitations

This review has several limitations. First, the literature search was
restricted to the Scopus database. Although Scopus provides broad
multidisciplinary coverage relevant to finance, economics, decision
sciences and computer science, reliance on a single database may have
resulted in the omission of relevant studies indexed exclusively in
other bibliographic databases. The evidence base should therefore be
interpreted as a focused body of Scopus-indexed literature rather than
an exhaustive representation of all research on bank-failure prediction.

Second, the search strategy deliberately focused on the bank-failure
prediction construct rather than the broader literature on banking
distress, fragility, insolvency, default and Early Warning Systems. Al-
though this approach improved conceptual specificity, the relatively
restrictive search terminology may have omitted relevant studies ex-
amining bank failure using alternative terminology. Accordingly, the
findings should be interpreted within the defined conceptual and search
boundaries of the review.

Third, study identification and eligibility assessment were con-
ducted by a single reviewer. Independent duplicate screening was
therefore not undertaken. Although the use of explicit eligibility criteria
and a structured selection procedure improved consistency, single-
reviewer assessment may increase the possibility of selection error or
omission relative to independent screening by multiple reviewers.
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Fourth, the review was restricted to English-language peer-reviewed
journal articles, introducing the possibility of language and publication
bias and potentially excluding relevant evidence published in other
languages or publication formats.

Fifth, substantial methodological heterogeneity was observed across
the included empirical studies, including differences in sample size,
geographical setting, definitions of bank failure, class distributions, pre-
dictor variables, prediction horizons, evaluation metrics and validation
procedures. This heterogeneity limits direct quantitative comparison
of reported predictive performance and precludes strong conclusions
regarding the universal superiority of one modelling approach over
another.

Finally, a structured methodological quality appraisal was intro-
duced to account for differences in study quality, considering sam-
ple/event adequacy, failure definition, validation methodology, treat-
ment of class imbalance and out-of-sample or temporal testing. How-
ever, because the appraisal framework was adapted to the bank-
failure prediction context and the included studies employed heteroge-
neous econometric and AI/ML methodologies, the resulting assessments
should be interpreted as indicators of methodological confidence rather
than definitive risk-of-bias scores. Two included publications were re-
view studies rather than primary empirical model-development studies
and were therefore excluded from the empirical methodological-quality
and predictive-performance assessments. Collectively, these limitations
require cautious interpretation of cross-study performance differences.

5. Conclusion

This systematic literature review synthesised a focused body of
post-Global Financial Crisis research on bank-failure prediction, with
particular attention to the methodological characteristics, validation
practices and reported predictive performance of econometric and ar-
tificial intelligence/machine learning (AI/ML) approaches. The review
identified 23 publications, comprising 21 primary empirical studies and
two review studies.

Several conclusions emerge from the evidence. First, bank-level
financial and accounting variables remain prominent in the empirical
bank-failure prediction literature. Frequently examined dimensions in-
clude capital adequacy, asset quality, profitability, liquidity, leverage
and other indicators of bank financial condition. However, predictor
specifications varied substantially across studies, and broader macroe-
conomic and non-financial risk factors were less consistently repre-
sented. Consequently, the reviewed evidence does not support treating
the predictor sets employed across studies as directly equivalent.

Second, the empirical literature demonstrates considerable method-
ological diversity. Conventional econometric models coexist with
machine-learning, fuzzy, neural-network, support-vector-machine, tree-
based, data-envelopment, survival and hybrid modelling approaches.
Several studies directly compared different model families within the
same empirical setting. These within-study comparisons provide
stronger evidence for assessing relative predictive performance than
comparisons of headline performance measures across studies using
different datasets and research designs.

Third, AI/ML approaches demonstrated competitive or higher pre-
dictive performance than conventional approaches in some within-
study comparisons. However, this pattern was not uniform across
datasets, algorithms, failure definitions, prediction horizons, class dis-
tributions, evaluation metrics or validation designs. The evidence there-
fore supports the potential for incremental predictive value from Al/ML
in particular settings, but does not establish the universal superiority of
AI/ML, hybrid or ensemble approaches over conventional econometric
models.

Fourth, substantial heterogeneity was observed in model-evaluation
practices. Studies differed in their use of accuracy, sensitivity or re-
call, specificity, precision, ROC-AUC, model-fit measures and validation
procedures. Given the rarity of bank failures, reliance on aggregate



J. Jev et al.

accuracy alone may provide an incomplete assessment of predictive
usefulness. Future empirical studies would benefit from reporting com-
plementary class-specific and discrimination measures and from ap-
plying rigorous out-of-sample, temporal or external validation where
feasible.

The review also highlights the importance of interpretability in
the application of predictive models to banking supervision. Although
complex Al/ML models may capture nonlinear relationships and inter-
actions, predictive performance alone does not determine their suitabil-
ity for supervisory use. The transparency of model outputs, validation
quality, stability across time and the consequences of false-negative and
false-positive classifications are also relevant when evaluating models
intended to support early-warning decisions.

Several areas warrant further investigation. These include the incor-
poration and evaluation of broader macroeconomic and non-financial
predictors, improved treatment of rare-event and class-imbalance prob-
lems, greater use of temporal and external validation, and further
examination of explainable Al methods in bank-failure prediction. Gen-
erative Al and synthetic-data approaches may also represent potential
avenues for future research, particularly where access to failure obser-
vations is constrained. However, these approaches were not sufficiently
represented in the primary empirical studies included in this review
to permit conclusions regarding their effectiveness. They should there-
fore be regarded as forward-looking research directions rather than as
empirically established findings of the present review.

Overall, the evidence indicates that the usefulness of a bank-failure
prediction model depends not solely on the modelling technique em-
ployed but on the interaction between data quality, predictor specifica-
tion, failure definition, prediction horizon, class distribution, validation
design and the performance criteria relevant to the intended decision
context. Future research should therefore prioritise transparent and
methodologically comparable evaluation frameworks that permit more
reliable assessment of the incremental predictive value and supervisory
usefulness of emerging modelling approaches.
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