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BANKS: RESEARCH GAPS AND A FRAMEWORK  

FOR EARLY-WARNING MODELLING

Abstract

The purpose of the article. The article identifies the research gap caused by the lack of empirically validated 
early-warning models for distress and restructuring risk in Polish cooperative banks. It argues that models 
developed for commercial banks or non-financial enterprises cannot be transferred mechanically to cooper-
ative banks because of Poland-specific institutional, regulatory and data constraints, including institutional 
protection scheme (IPS) membership and local-market exposure.
Methodology. The study applies a scoping review approach (PRISMA-ScR), critical literature analysis, doc-
ument analysis and regulatory-institutional mapping. The review covers bank failure, distress and restruc-
turing models from 1970 to 2025 and was supplemented by a targeted screening of review studies and 
empirical comparisons on logit, discriminant analysis, tree-based methods, machine learning and systemic 
early-warning systems. Evidence from corporate-bankruptcy and general financial-distress literature is used 
only for method taxonomy and validation criteria, not as direct evidence for bank-specific predictors. The 
article is exploratory: it does not estimate a final predictive model but defines the data architecture, candi-
date predictors and validation path required for future empirical research.
Results of the research. The study provides a publishable research agenda for Poland by: (1) updating 
the description of the cooperative banking sector; (2) distinguishing bank-distress modelling from corpo-
rate-bankruptcy prediction; (3) explaining why prudential regulation is not a substitute for statistical predic-
tion; (4) proposing a Poland-specific variable set for an early-warning system; (5) defining a two-layer data 
blueprint for a bank-year panel combining public and supervisory/IPS data; and (6) translating the verified 
review literature into method-selection and validation rules, including interpretability, calibration, class im-
balance and false-negative costs.
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Introduction
Bank distress prediction represents one of the key challenges in financial risk management, 
particularly in a dynamically changing economic and regulatory environment. Bank failures 
and forced restructuring events have consequences not only for individual institutions but 
also for depositors, local borrowers, supervisory authorities and the wider financial system 
(Grossman, 1993; Xu, 2022). Over recent decades, numerous statistical and machine-learn-
ing models have been developed to identify deterioration in banks’ financial condition before 
formal insolvency or resolution occurs (Citterio, 2024). However, models developed for large 
commercial banks cannot be applied mechanically to Polish cooperative banks, because the 
latter operate under a distinct institutional architecture, different data-access constraints and 
strong local-market exposure.

In Poland, the banking sector, particularly cooperative banks, plays a significant role in en-
suring economic stability, especially in local communities (Pluskota, 2018, pp. 249–261). Co-
operative banks have unique characteristics, differing from larger commercial banks in terms of 
organisational structure and strategic goals. Their operations focus on local communities, with 
social capital playing a critical role in their functioning, influencing customer relationships and 
financial stability. Therefore, there is a need to develop dedicated failure prediction models that 
consider the specific attributes of these institutions.

One of the most significant challenges in developing predictive models for Polish cooper-
ative banks is the collection of harmonised bank-level and supervisory data. Compared with 
commercial banks, cooperative banks are smaller, locally embedded and more dependent on 
internal capital generation and relationship banking. Publicly available data is useful for a base-
line prototype but are insufficient for a supervisory-grade model without confidential COREP/
FINREP, SREP, recovery-plan and IPS support information. This constraint is central to the 
research agenda proposed in the article.

The Polish cooperative banking sector operates within two associating banks: Bank Polskiej 
Spółdzielczości S.A. (BPS) and SGB-Bank S.A.; and two recognised institutional protection 
schemes (IPS): IPS BPS and IPS SGB. As of 31 December 2025, 488 cooperative banks and 
two associating banks operated in Poland. Among cooperative banks, 307 were members of IPS 
BPS, 174 were members of IPS SGB and seven operated outside an IPS (KNF, 2026).

The current structure explains why a Polish early-warning model cannot be reduced to a ge-
neric commercial-bank model. IPS membership affects monitoring, liquidity management and 
potential support mechanisms; at the same time, it does not eliminate bank-level heterogeneity. 
KNF data for 2025 shows that cooperative banks remained well capitalised, with a total capital 
ratio of 29.51% at year-end 2025, while still differing in credit-risk profiles, local exposure and 
IPS status (KNF, 2026).
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Figure 1.
Structure of the Polish cooperative banking sector by IPS membership (December 31, 2025)

Source: Own elaboration based on KNF (2026).

Consequently, adapting existing models or developing new early-warning models for coop-
erative banks in Poland requires a sector-specific approach: the model must combine bank-level 
financial ratios, IPS status, supervisory/legal events and local macroeconomic conditions. The 
research gap is therefore not merely the absence of a model, but the absence of a transparent, 
empirically testable architecture for such a model.

The aim of this article is to identify this research gap and propose a structured blueprint for 
future empirical modelling of cooperative-bank distress and restructuring risk in Poland. The 
article specifies data sources, candidate variables and methodological requirements for a model 
that could be validated in subsequent quantitative research.

Research Methodology
In line with the article’s objective, the following research stages were conducted:

•	 review of existing bank failure prediction models described in the literature: this phase 
utilised information on various predictive models (e.g., global bank failure prediction models 
such as logit, decision trees, and random forests) that have been studied and validated in dif-
ferent countries, with the results published in academic literature. Alongside presenting the 
characteristics of each model, a preliminary attempt was made to evaluate their applicability 
to Polish conditions, with a particular focus on cooperative banks in Poland;

•	 literature analysis to highlight the lack of studies on adapting global predictive mod-
els: this stage aimed to demonstrate the absence of research analysing the potential adapta-
tion of global models, such as logit, decision trees, or random forests, to the specific conditions 
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of the Polish market. It included an assessment of the rationale for applying existing models to 
the  Polish cooperative banking sector, considering both the operational characteristics of these 
banks and the features of the analysed models;

•	 demonstrating the need to develop dedicated bank failure prediction models for coop-
erative banks: this stage focused on emphasising the need for models specifically tailored to 
cooperative banks due to their unique operational scope compared to commercial banks. The 
analysis explored various aspects of cooperative banks’ operations, such as their operational 
characteristics, risk specificity, capital resources, organisational structure, and data accessibility. 
It also highlighted the lack of predictive models for cooperative banks, in contrast to the avail-
ability of such models for commercial banks;

•	 identifying key research needs for developing predictive models: at this stage, specific 
areas and conditions enabling the adaptation of models to the evolving operational context of 
cooperative banks in Poland were identified. Additionally, quantitative and qualitative vari-
ables (and their accessibility) necessary for constructing failure prediction models for these 
banks were recognised.

The study is of exploratory nature and therefore, it does not formulate causal hypotheses. 
It applies critical literature analysis, document analysis (Bowen, 2009), comparative analysis 
and regulatory-institutional mapping. The exploratory character is treated as a limitation and 
a research-design choice: the paper builds the architecture of a future model rather than esti-
mating the model itself.

The literature review was designed as a scoping review in line with PRISMA-ScR (Tricco 
et al., 2018). The review covered bank failure, distress and restructuring models published 
between 1970 and 2025, with particular attention to logit/panel-logit, decision trees, random 
forests, survival/hazard models and systemic early-warning systems. Inclusion criteria were: 
empirical banking samples, transparent predictor reporting and reported diagnostic measures 
or validation logic. Exclusion criteria were: purely conceptual papers without model speci-
fication, studies limited to non-financial firms without banking adaptation, and single-case 
descriptions without model validation. A supplementary screening of review literature was 
used to classify sources into three evidence tiers: (1) bank-failure and banking-crisis EWS 
studies; (2) broader bankruptcy or financial-distress reviews useful for method taxonomy 
and validation criteria; and (3) lower-transferability material, such as theses or generic data- 

-mining texts, used only to orient the search and not as core evidence. The scoping review is 
not a meta-analysis; it maps the field and translates the literature into a model-design blueprint 
for Polish cooperative banks.

This distinction is important because not every bankruptcy-prediction source is bank- 
-specific. Reviews of corporate bankruptcy and AI-based financial distress prediction help iden-

Arkadiusz Kurasz



11

tify method families, sampling issues and validation metrics (Alaka et al., 2018; Qu et al., 2019; 
Kuizinienė et al., 2022; Shetty et al., 2022), whereas bank-failure studies define the relevant 
failure channels and predictors (Kumar & Ravi, 2007; Liu et al., 2021; Citterio, 2024).

Global Predictive Models for Bank Failure or Restructuring
The screened literature can be organised into four strands: classical statistical models (discrim-
inant analysis, logit/probit), bank-specific probability-of-default and failure models, tree-based 
or ensemble machine-learning models, and systemic banking-crisis early-warning systems. 
This distinction matters because individual cooperative-bank distress, corporate bankruptcy 
and systemic banking crises are related but not identical outcomes.

Logit Model 
The logit model, also known as logistic regression, is one of the classical tools for predicting 
bank failures. It estimates the probability of a binary event, such as distress, failure or super-
visory intervention, using explanatory variables. In bank applications, logit models rely on fi-
nancial indicators such as asset quality, liquidity, profitability and capital adequacy. Meyer and 
Pifer (1970) and Martin (1977) established the usefulness of early-warning logit approaches for 
bank supervision. Later research comparing logit with data-mining methods shows that logit 
remains valuable as a transparent benchmark, even when machine-learning models improve 
classification in some settings (Jing & Fang, 2018; Citterio, 2024).

In banking applications, logistic regression remains a transparent baseline, but coopera-
tive-bank data requires careful specification. Class imbalance, time-varying covariates and 
nested structures (bank-year observations within IPS structures) call for panel-logit, Firth- 

-penalised logit or survival/hazard extensions. For the Polish IPS context, validation should be 
stratified by IPS membership, year and bank size.

Studies of bank probability-of-default models confirm that logit/probit specifications can 
be strengthened by grouping heterogeneous banks and adding macroeconomic variables (Pere-
setsky et al., 2004). However, cut-off selection, misclassification costs and out-of-sample val-
idation are decisive, especially because missed failures are more costly than false alarms from 
a supervisory perspective (Davis & Karim, 2008; Affes & Hentati-Kaffel, 2019).

Decision Trees
Decision trees are another bankruptcy prediction method widely applied in banking risk analy-
sis. This data analysis technique involves step-by-step decision-making based on the values of 
individual variables. It is particularly useful in cases where data is diverse and difficult to in-
terpret using traditional statistical methods. Research by Citterio (2024) indicates that decision 
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trees are flexible, allowing for adaptation to the specific characteristics of the banking market, 
where financial variables are often complex and multidimensional. Internationally, decision 
trees have been widely applied in the banking sector. For example, in the U.S. banking sector, 
they are used to analyse both financial and operational data. A key advantage of this method is 
its intuitive output, which enables managers to make informed decisions. However, in Poland, 
there is a lack of research on the application of decision trees in banking, including cooperative 
banks, representing a gap that future studies should address.

Random Forests
Random forest algorithms represent an advanced predictive method based on ensembles of 
decision trees. They are useful when predictors interact non-linearly and when variable impor-
tance must be explored across many financial and non-financial indicators. In banking appli-
cations, however, random forests should be treated as complements rather than substitutes for 
transparent statistical models, because supervisory usefulness depends not only on accuracy but 
also on calibration, interpretability and false-negative costs (Jing & Fang, 2018; Citterio, 2024). 
In Poland, this method could be valuable for analysing cooperative banks operating in diverse 
local markets, provided that data standardisation problems are solved.

The additional review evidence supports using tree-based ensembles as robustness tools 
rather than as a default black-box solution. ML models may deliver predictive gains in default 
classification, but their use in regulated finance creates supervisory costs related to explainabil-
ity, governance and validation (Alonso & Carbó, 2020). On tabular datasets, tree-based models 
often remain strong benchmarks (Grinsztajn et al., 2022), which justifies testing random forest 
or gradient boosting against transparent logit/Firth-logit baselines.

Application of Predictive Models in the Polish Market
Although global bank failure prediction models, such as logit, decision trees, and random for-
ests, have been successfully applied in various countries, Poland lacks dedicated predictive 
solutions tailored to the specific conditions of cooperative banks. Research conducted by Pru-
sak (2005, pp. 1–207) suggests that adapting these tools to the Polish market, where coopera-
tive banks often operate under different conditions than commercial banks, is essential. Prusak 
(2005, pp. 1–207) also emphasises that the operational specificity of businesses (and by analogy, 
cooperative banks) necessitates the inclusion of non-financial variables, such as local relation-
ships or levels of social trust, which are critical to the stability of these institutions.

Polish cooperative banks have unique financial structures, and their operations are closely 
tied to local market conditions. As such, predictive models must incorporate these unique fac-
tors, including local economic conditions, customer relationship specifics, and diverse funding 
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sources. While models like logit could provide a solid foundation, adapting them to local con-
ditions requires further research.

In the context of economic and regulatory changes, the stability of Polish cooperative banks 
is closely linked to the overall stability of the European financial sector. Gasz (2014, pp. 45–60) 
highlights that European stability conditions are crucial to the functioning of financial institu-
tions at the national level.

Bank Failure Prediction Versus Bankruptcy Prediction for Non-Financial Enterprises
Predicting bank failure differs materially from predicting bankruptcy of non-financial enterpris-
es. Banks perform maturity transformation, are vulnerable to liquidity shocks and deposit with-
drawals, and operate under capital, liquidity, recovery and resolution regimes. Therefore, dis-
tress can materialise through channels that are not captured by corporate leverage/profitability  
models alone.

A bank-specific model should include asset quality (NPL ratio, coverage ratio, cost of risk), 
liquidity and funding metrics (LCR, NSFR, loan-to-deposit ratio and deposit concentration), 
solvency indicators (CET1/Tier I and total capital ratio), profitability and efficiency ratios 
(ROAA, ROAE and C/I), as well as institutional variables such as IPS membership, support 
availability and supervisory-intervention signals. Corporate bankruptcy models can inspire 
methodology, but they are not sufficient for cooperative-bank distress modelling.

Broader financial-distress and corporate-bankruptcy reviews therefore serve only a limited 
role in this paper. They justify a wider methodological menu (e.g., ensemble models, support 
vector machines, neural networks and resampling approaches), but they do not justify transfer-
ring corporate predictors directly to cooperative banks. The proposed Polish EWS must remain 
bank-specific and institution-specific.

Polish Cooperative Banking Sector: Institutional Specificity,  
Data Access and Research Gap

Despite the development of the Polish banking sector and the growing literature on bank dis-
tress, dedicated early-warning models for cooperative banks in Poland remain scarce. General 
bank-failure models can provide methodological families, but they do not solve the Poland-spe-
cific problem of IPS architecture, local exposure, data fragmentation and legal access to super-
visory variables.

In Poland, cooperative banks operate within a legally and institutionally specific architec-
ture: two associating banks (BPS and SGB-Bank) and two IPS arrangements (IPS BPS and IPS 
SGB). This structure affects liquidity management, risk monitoring, support mechanisms and 
the interpretation of bank-level ratios.

Distress and Restructuring Risk in Polish Cooperative Banks: Research Gaps and a Framework…
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As of December 31, 2025, 488 cooperative banks operated in Poland; 307 belonged to IPS 
BPS, 174 to IPS SGB and seven remained outside an IPS. Two associating banks — BPS and 
SGB-Bank — also operated in the sector (KNF, 2026). This data directly addresses the need to 
analyse the whole cooperative-banking sector rather than a single associating group.

IPS arrangements should not be treated as consolidated banking groups, but they may influ-
ence prudential treatment and risk transmission. The ECB guide defines an IPS as an arrange-
ment that protects member institutions and ensures their liquidity and solvency where neces-
sary; it also indicates that IPS eligibility may affect risk weights, large-exposure treatment and 
liquidity waivers under the CRR framework (ECB, 2016).

The structure of Polish cooperative banks therefore requires predictors that go beyond stan-
dard financial ratios: IPS membership, availability or use of support funds, local credit con-
centration, exposure to farmers and SMEs, regional macroeconomic indicators, supervisory 
measures and recovery-plan status should be analysed together with classical ratios such as 
NPL, coverage, C/I, ROAA, capital adequacy and loan-to-deposit ratio.

The cooperative business model still matters: cooperative banks are not driven solely by 
profit maximisation but also by the needs of members and local communities (Hesse & Čihák, 
2007; Pluskota, 2018). In modelling terms, local relationships, concentration of borrowers and 
community-level shocks are potential explanatory variables rather than narrative ornaments.

Polish cooperative banks are highly exposed to local economic and social conditions, which 
may strengthen client loyalty but also creates correlated regional risk. For this reason, public 
macro data at the poviat or voivodeship level should be linked with bank-level indicators wher-
ever legally and technically feasible.

The literature therefore supports a hybrid research approach combining financial ratios, in-
stitutional variables and local socio-economic indicators (Groeneveld & De Vries, 2009; Ayadi 
et al., 2010). For Poland, IPS variables are the missing hinge in this hybrid architecture.

Concise Comparative Note: IPS-Based Cooperative Systems in Germany and Italy
A concise international comparison confirms that IPS-based cooperative banking systems can 
support risk monitoring but cannot be copied mechanically. Germany’s BVR protection sys-
tems and Italy’s cooperative banking groups illustrate how network-level monitoring, support 
mechanisms and more standardised data can strengthen early-warning capacity (ECB, 2016; 
European Parliament, 2022).

The lesson for Poland is therefore cautious: foreign IPS architectures justify including net-
work-level variables in an EWS model, but Polish model design must reflect the domestic legal 
framework, the two associating banks, the two IPS structures and local data-access limitations.
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This comparison supports the article’s central thesis: the research problem is not only meth-
odological but institutional. A model for Polish cooperative banks should combine bank-level 
indicators with IPS-level and local-economy variables.

Challenges with Data Access in Poland
One of the greatest challenges in predicting cooperative-bank distress in Poland is limited ac-
cess to harmonised bank-level and supervisory data. Public aggregate data is available from 
KNF, GUS and NBP; individual banks publish financial statements to varying degrees; and IPS 
reports provide selected group-level information. However, granular COREP/FINREP, SREP, 
recovery-plan and supervisory-intervention data are generally not publicly available.

The problem is therefore not the total absence of data, but fragmentation, uneven standard-
isation and restricted access to the most informative supervisory and IPS variables. A credible 
research design should explicitly distinguish between a public prototype and an enhanced su-
pervisory/IPS model.

A reasonable database should therefore be built in two layers. The baseline public layer 
would contain bank-year observations based on annual financial statements, Pillar 3 disclo-
sures, KNF/GUS/NBP sector data and local macroeconomic indicators from Statistics Poland. 
The enhanced supervisory/IPS layer would add confidential variables such as SREP measures, 
recovery-plan status, IPS support intensity and granular liquidity/capital reporting.

This two-layer architecture explains why existing public data is insufficient for a fully vali-
dated supervisory-grade model but sufficient for a transparent prototype. The prototype can 
identify candidate predictors, test baseline logit/ML specifications and indicate which confiden-
tial variables materially improve calibration and early-warning usefulness.

The data problem also has a governance dimension: cooperation among cooperative banks, 
IPS institutions, researchers and supervisors would be necessary to define anonymisation rules, 
data dictionaries, validation windows and access protocols.

Local macroeconomic variables should be linked to cooperative banks using defensible 
service-area proxies, such as registered seat, branch network or disclosed credit concentration. 
This is necessary because regional shocks affecting farmers, SMEs and local governments may 
affect cooperative banks more strongly than large diversified commercial banks.

Legal and Regulatory Framework: Boundary Conditions and Predictors
Legal regulations are essential for the functioning of cooperative banks, but they should be 
treated as boundary conditions and sources of predictors rather than as substitutes for statisti-
cal prediction. In Poland, the relevant framework includes the Banking Law Act of August 29, 
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1997, the Act December 7, 2000 on cooperative banks, their associating and associating banks, 
and the Act of June 10, 2016 on the Bank Guarantee Fund, deposit guarantee scheme and reso-
lution. At the EU level, the CRR framework, including CRR3 (Regulation 2024/1623), defines 
capital and risk requirements relevant to model variables.

Strict regulation reduces the probability and social cost of bank distress, but it does not 
predict failure by itself. Regulatory ratios are usually threshold-based and point-in-time; they 
may not capture local borrower concentration, deterioration in loan quality, profitability ero-
sion, deposit concentration or the timing of IPS support. Prediction requires dynamic statistical 
modelling of leading indicators.

Accordingly, legal and supervisory variables should be operationalised in the model as ob-
servable signals: breach or proximity to capital/liquidity thresholds, recovery-plan status, early- 

-intervention measures, IPS support events, resolution-planning indicators and changes in reg-
ulatory buffers. This interpretation answers the regulatory question without treating regulation 
as a substitute for dynamic prediction.

Specificity of Cooperative Bank Operations and the Need for  
Dedicated Early-Warning Models

Cooperative banks differ from commercial banks because their operating model is based on 
member ownership, relationship banking and local-community service. This divergence in 
governance, objectives and customer relations means that failure prediction models devel-
oped for large diversified commercial banks are insufficient for this banking segment without 
adaptation.

A dedicated model for cooperative banks should therefore include both financial and 
non-financial variables: local labour-market dynamics, borrower concentration, relationship 
banking, local government exposure, branch-network changes, operational efficiency and IPS 
membership. These variables are not decorative; they affect how risk accumulates and how 
quickly it can be mitigated.

Organisational Structure and Management of Cooperative Banks
One fundamental distinction between cooperative and commercial banks lies in their ownership 
and organisational structures, rooted in cooperative principles of solidarity and member-based 
governance. In cooperative banks, the governance model is shaped by member participation 
and local representation (Act of December 7, 2000; Fonteyne, 2007). This structure fosters 
long-term relationships with customers and the local community.

This governance structure can support relationship banking, but it may also affect the speed 
and formality of decision-making. In an EWS model, governance and organisational variables 
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should therefore be treated as potential contextual predictors rather than as anecdotal back-
ground. The key modelling implication is not that cooperative governance is risky per se, but 
that it changes how risks are monitored, escalated and mitigated.

The Role of Social Capital and Local Relationships
Social capital and local relationships are foundational to the financial stability of cooperative 
banks. Citterio (2024: 101818) argues that integrating social aspects into predictive models can 
significantly enhance their effectiveness, especially amid shifting market conditions. Unlike 
commercial banks, which operate on a broader scale, cooperative banks rely on the trust and 
long-term relationships of local clients.

In Poland, cooperative banks are deeply integrated into local communities, meaning their 
financial stability is strongly linked to regional economic health. As noted in the literature (Mar-
tin, 1977, pp. 249–276), traditional financial models like logit do not always account for such 
variables, potentially underestimating risks for cooperative banks. Czechowska and Kuśmier-
ska (2022, pp. 8–27) highlight the importance of social capital and ties in financial decisions 
made by younger clients, suggesting that incorporating these variables into bankruptcy predic-
tion models could enhance forecast accuracy and stakeholder satisfaction.

Limited Capital Resources and Their Impact on Financial Stability
Compared to large commercial banks, cooperative banks have significantly smaller capital re-
sources. Limited access to capital markets means they rely mainly on member contributions 
and retained earnings. This reliance makes smaller cooperative banks less able to respond to 
sudden macroeconomic shocks, increasing the risk of restructuring or, in extreme cases, failure.

Institutional protection schemes provide an important defence mechanism, but they also re-
quire predictive risk tools to support timely decisions. In Poland, where cooperative banks play 
a key role in serving local communities, capital accumulation depends largely on retained earnings 
and member-related mechanisms. Predictive models should therefore reflect capital buffers, capi- 
tal erosion, profitability and IPS support capacity when forecasting distress or restructuring risk.

Operational Specificity and Operational Risk
Understanding the impact of technology on risk management is vital when examining the oper-
ational specifics of cooperative banks. As digitalisation becomes increasingly widespread, co-
operative banks must adapt their strategies to the new market realities, requiring investments in 
modern information systems. Citterio’s (2024) findings indicate that implementing innovative 
technological solutions, such as artificial intelligence, can enhance these institutions’ ability to 
monitor risks and forecast financial problems.

Distress and Restructuring Risk in Polish Cooperative Banks: Research Gaps and a Framework…
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Furthermore, integrating local data into predictive algorithms could improve crisis forecast-
ing, which is crucial for the stability of banks operating in a volatile economic environment. 
Analyses by Boos et al. (2024, pp. 497–533) suggest that predictive models must account for 
operational specifics to accurately forecast failure risks.

The Need to Adapt Models to Cooperative Bank Specifics
In addressing the need to adapt models to cooperative-bank specifics, the key issue is not fi-
nancial education as a stand-alone topic, but the operationalisation of local and institutional 
signals. Customer loyalty, member participation, local borrower concentration and branch-net-
work dependence may all affect distress dynamics, but they must be translated into measurable 
variables before they can enter an EWS model.

Developing educational programmes for members may support long-term financial litera-
cy and trust; however, model design should focus on variables that can be observed, harmon-
ised and validated. This distinction helps maintain empirical testability and model parsimony.

In the Polish context, early warning indicators should be developed for cooperative banks — 
preferably within existing institutional protection schemes — to more effectively forecast re-
structuring or bankruptcy risks. Łupiński (2019, pp. 99–113) emphasises the importance of 
tailoring predictive models to the specifics of this sector.

Creating effective failure prediction models for cooperative banks requires consideration of 
factors that are not relevant, or are less relevant, for large, diversified institutions. Traditional pre-
dictive models based primarily on financial data may fail to account for variables related to local 
relationships, social capital and operational specificity (Prusak, 2005). International evidence on 
bank failure prediction shows that advanced models can improve classification, but they must be 
interpreted with attention to false-negative costs and calibration (Jing & Fang, 2018; Citterio, 2024).

Research Needs: Data, Variables and Model Design
When analysing research needs, it is essential to connect global modelling approaches with the 
local structure of cooperative banking. Digitalisation, regulatory change and financial-market in-
tegration increase the need for advanced risk monitoring, but the empirical specification must still 
reflect domestic IPS architecture, local exposures and data availability (Citterio, 2024; NBP, 2025).

Collaboration among cooperative banks, IPS institutions, supervisors and research institu-
tions could improve data quality and support anonymised research datasets. Such cooperation is 
critical for transforming the proposed model architecture into a validated early-warning system.

The review is used to specify a minimum model architecture rather than to rank methods 
mechanically. Table 1 translates the literature and the Polish institutional setting into a candi-
date variable dictionary; Table 2 identifies feasible data sources and remaining access gaps.
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The literature does not support a simple ranking such as ‘machine learning is better than 
logit’. Some studies report higher discrimination for data-mining or ensemble models, while 
others stress the value of transparent logit models and the danger of false negatives. Therefore, 
model choice should be driven by validation design, decision costs and interpretability rather 
than headline accuracy (Jing & Fang, 2018; Alonso & Carbó, 2020; Liu et al., 2021).

Table 1.
Proposed Poland-specific variable set for a cooperative-bank early-warning system

Variable block Examples of predictors Expected role in an EWS

Capital / solvency

CET1/Tier I, total capital ratio, 
buffer above regulatory minimum, 

own funds and member-share 
fund dynamics

Lower buffers 
and rapid erosion increase 

distress risk

Asset quality
NPL ratio, coverage ratio, 

cost of risk, restructuring flow, 
exposures to farmers/SMEs

Deterioration signals 
credit-risk stress

Liquidity / funding
LCR, NSFR, loan-to-deposit ratio, 
non-sticky deposit concentration, 

IPS versus solo liquidity treatment

Funding stress and liquidity 
deterioration are leading 

bank-failure channels

Profitability / efficiency
ROAA, ROAE, net interest margin, 

C/I, net result dynamics

Weak profitability reduces 
internal capital generation 

and shock absorption

Institutional / IPS

IPS membership (BPS/SGB/
outside), IPS support intensity, 

support-fund use, group 
monitoring score

Network support may reduce 
failure probability but can signal 

hidden distress

Supervisory / legal

Recovery-plan status, early-
intervention measures, resolution-

planning flags, proximity to 
regulatory thresholds

Regulatory signals become 
predictors, not a substitute 

for prediction

Local macro / market
Poviat unemployment, income, 

demographic change, agricultural/
SME conditions

Local shocks may affect 
cooperative banks more strongly 

than large commercial banks

Source: Own elaboration based on the literature review and institutional/regulatory sources discussed  
in the article.
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Table 2.
Data sources and availability for building a cooperative-bank panel

Data layer Potential sources Availability / limitation

Public sector 
aggregates

KNF quarterly cooperative-bank 
reports; GUS financial results 

of banks; NBP Financial 
Stability Report

Useful for sector context, 
benchmark ratios and macro-

financial environment;  
not sufficient for bank-level 

calibration

Bank-level public data
Annual financial statements, 

Pillar 3 disclosures, commercial 
registers, bank websites

Feasible for a public prototype; 
standardisation and missing data 

are the main obstacles

IPS-level data
IPS BPS and IPS SGB reports, 

support-fund disclosures, group 
risk summaries

Important for membership/support 
variables; detailed support events 

may require access agreements

Supervisory / 
confidential data

COREP/FINREP, SREP, 
recovery plans, early-

intervention and resolution data

Needed for enhanced model 
calibration; requires supervisory 

or IPS cooperation  
and strict data governance

Local macro data
GUS Local Data Bank: 
unemployment, income, 

demographics, business activity

Public and linkable to bank 
territories, but geographic 

mapping of bank exposures  
is required

Source: Own elaboration based on publicly available institutional data sources and supervisory-reporting 
frameworks discussed in the article.

Developing effective distress and restructuring-risk models for cooperative banks in Poland 
requires detailed data and a disciplined variable dictionary. The following subsection identifies 
the minimum financial, institutional, supervisory and local-macro variables needed for a base-
line model.

Detailed Financial and Balance-Sheet Data
Data availability and scope consistently form the foundation of any distress or restructuring-risk 
model. For banks, including the cooperative ones, access to granular data remains limited, pre-
senting a significant challenge for researchers and financial institutions in Poland. Meyer and 
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Pifer (1970) and Martin (1977) show that bank-level financial indicators are central to early- 
-warning modelling, but the Polish cooperative-banking context also requires institutional, su-
pervisory and local-macro variables.

In Poland, the problem is therefore not only legal access but also standardisation: bank-level 
data must be harmonised across reporting formats, mergers and IPS status changes. Legislative 
or sectoral data-sharing arrangements would improve research quality, but a baseline prototype 
can already be built from public data combined with local macroeconomic indicators.

Identification of Significant Variables in Distress and Restructuring-Risk Prediction
Identifying variables relevant to the prediction of cooperative-bank distress is a key task, be-
cause these institutions operate under local conditions that are not fully captured by traditional 
models. Socio-economic factors such as unemployment, local business activity and agricultural- 

-sector conditions may influence credit quality and funding stability.
Beyond traditional financial indicators such as liquidity, profitability, capital adequacy and 

asset quality, non-financial and institutional variables may prove crucial. These include IPS 
membership, support-fund availability, recovery-plan status, branch-network intensity, local 
borrower concentration and deposit concentration.

Many of these variables are not typically included in corporate bankruptcy models, which 
limits their usefulness for cooperative banks. Research into Poland-specific predictors is there-
fore essential, particularly under changing regulatory, competitive and interest-rate conditions.

This article sets out an operational research agenda for a Polish cooperative-bank early- 
-warning system. Its key contribution is the specification of the institutional, regulatory and data 
conditions that such a model must satisfy.

The analysis shows that a valid model for Poland must include IPS architecture (BPS/SGB/
outside IPS), bank-level financial ratios, supervisory and legal events, and local macroeconomic 
indicators. Foreign models can provide methodological families — logit, panel-logit, decision 
trees, random forests or survival/hazard models — but not a ready-to-use Polish specification.

The exploratory character of the article is a limitation: it does not estimate and validate 
a final model. Its practical value lies in defining a publishable empirical next step: a bank-year 
panel, a transparent variable set and validation metrics such as AUC, Brier score, calibration 
curves and class-imbalance handling.

The proposed model architecture can support the following practical applications:
•	 supporting risk-management decisions in cooperative banks by identifying early deteri-

oration in solvency, asset quality, liquidity and profitability;
•	 prioritising remedial actions and IPS support by distinguishing temporary liquidity 

pressure from deeper solvency or asset-quality stress;
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•	 strengthening supervisory early-warning systems by combining financial indicators 
with recovery-plan, IPS and local-macro variables;

•	 informing regulatory policy by showing which indicators are leading signals and which 
are merely minimum compliance thresholds;

•	 expanding future research through comparative validation of panel-logit, Firth-logit, 
random forest and gradient boosting specifications on the same Polish dataset. 

Data Availability and Governance
Challenges related to data availability require stronger cooperation among cooperative banks, 
IPS institutions, supervisors and research organisations. The aim should be to develop stan-
dardised data dictionaries, anonymised access protocols and validation samples that can be 
used without breaching prudential secrecy or competition-sensitive information.

Local universities and research institutes could support this process by developing proto-
types, testing variable definitions and evaluating the predictive usefulness of public data. The 
broader bankruptcy-prediction literature confirms that access to reliable data is crucial for ef-
fective modelling (Shi & Li, 2019), but bank-specific EWS development also requires supervi-
sory and institutional variables.

In Poland, cooperative banks publish financial statements, but they are not required to dis-
close the full set of granular supervisory variables necessary for a calibrated EWS. Legislative 
or sectoral data-sharing arrangements would therefore improve research quality and superviso-
ry usefulness.

Model-Selection and Validation Protocol
The proposed empirical stage should compare model families on the same harmonised bank-
year panel. A defensible protocol would include: (1) an interpretable baseline (logit/Firth-logit/
panel-logit); (2) a time-to-event model; (3) a tree-based ensemble; and (4) sensitivity analysis 
across IPS strata, bank size and time windows. The aim is not to crown a universal winner, 
because review evidence shows that no bankruptcy/distress tool dominates all criteria and data-
sets (Kumar & Ravi, 2007; Alaka et al., 2018).

Validation should use out-of-time tests and report AUC/ROC, precision-recall measures 
for imbalanced samples, Brier score, calibration curves, false-negative rates and cost-sensitive 
thresholds. This approach is consistent with bank EWS studies that emphasise the costs of 
missed distress events and the need for supervisory usefulness rather than accuracy alone (Davis  
& Karim, 2008; Affes & Hentati-Kaffel, 2019; Wang et al., 2021).

Because cooperative-bank failures or restructuring events are rare, the final model should also 
document class-imbalance handling, temporal stability and explainability. For machine-learning 
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specifications, variable-importance and SHAP-type explanations may support interpretability, 
but they should not replace calibration and economic plausibility checks.

Conclusions
The article identifies a specific and still underdeveloped research gap: the absence of empiri-
cally validated early-warning models for distress and restructuring risk in Polish cooperative 
banks. The gap is not merely technical. It reflects the institutional architecture of the sector, data 
fragmentation, IPS membership, local-market exposure and limited public access to superviso-
ry variables.

The proposed research contribution is therefore a framework rather than a finished predic-
tive model. It defines: the relevant institutional context; a candidate variable set; a two-layer 
data architecture; and validation requirements for future empirical work. This is a necessary 
step before model estimation because importing foreign models without adapting them to IPS 
status, local exposures and Polish data constraints would lead to model misspecification.

For future empirical research, three model families should be tested on the same bank-year 
panel: a baseline panel-logit or Firth-logit model, a survival/hazard model for time-to-distress 
events, and an interpretable tree-based machine-learning model such as random forest or gradi-
ent boosting. Model evaluation should report AUC/ROC, precision-recall measures, Brier score, 
calibration curves, false-negative rates, class-imbalance treatment and cost-sensitive thresholds. 
This design follows the review literature: predictive accuracy must be assessed together with 
interpretability and supervisory usefulness.

The practical relevance of the framework lies in its possible use by cooperative banks, IPS 
institutions and supervisory bodies. A validated EWS could support earlier identification of de-
teriorating asset quality, liquidity pressure, capital erosion and local macroeconomic stress. Reg-
ulations and IPS arrangements provide safeguards, but they do not replace a dynamic prediction.

The main limitation of the article is that it does not estimate a final model. This limitation is 
deliberate: the article first establishes the data, institutional and methodological preconditions for 
credible modelling. The next research step should therefore be the construction of a harmonised 
panel dataset for 2010–2025 and the out-of-sample validation of the proposed model families.

Further research should also test whether IPS membership and IPS support intensity reduce 
the hazard of distress after controlling for bank size, capital buffers, asset quality, liquidity, prof-
itability and local macroeconomic conditions. This would transform the current research-needs 
analysis into a directly testable empirical contribution.
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