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1. Introduction

This study develops an interpretable early-warning
framework to predict financial distress among
non-life insurers in Bangladesh. A 2014-2024
firm-year panel is utilized to compare penalized
logistic regression, random forest, and gradi-
ent-boosted trees, apply class-balance remedies,
and map model decisions with SHAP. Gradi-
ent-boosted trees deliver the best out-of-time recall;
SHAP consistently identifies management expense
ratio, lagged underwriting performance, and reinsur-
ance intensity as the strongest predictors. Robust-
ness checks across resampling schemes and feature
reductions confirm the stability of these operational
signals. The results imply that supervisors in
thin-premium markets should prioritize expense and
underwriting monitoring and calibrate alarm thresh-
olds to favor sensitivity. This research provides a
compact, policy-ready pipeline that balances predic-
tive performance with transparency.

This research examines the prediction of
financial distress in non-life insurance firms
and develops an explainable early warning
framework that is suitable for small emerg-
ing markets. Financial distress in insurers
disrupts claims settlement, weakens risk
pooling, and creates contingent fiscal
obligations, which motivates supervisory
interest in timely, actionable signals (Ayin-
addis & Tegegne, 2023; Kebede et al.,
2024). Recent methodological advances
show that modern supervised learners,
when combined with domain-aware
explainability tools, improve the detection
of rare distress events while preserving the
interpretability required by regulators

(Abrahamsen et al., 2024; Lokanan &
Ramzan, 2024). This study, therefore,
focuses on a compact set of account-
ing-based predictors and a transparent
modeling pipeline that balances predictive
power with operational transparency.

This topic is pursued for three practical
and theoretical reasons. First, insurance
markets in many emerging economies are
characterized by thin premium bases,
concentrated exposures, and incomplete
reinsurance coverage, which magnify the
solvency impact of underwriting losses and
expense overruns (Kebede et al., 2024;
Grize et al., 2020). Second, the distress-
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prediction literature has broadened beyond
classical discriminant and logistic frame-
works to include ensemble trees, boosting,
and deep-learning hybrids that typically
deliver higher out-of-sample performance
on structured financial panels (Dhamo et
al., 2025; El Madou et al.,, 2023). Third,
policymakers require interpretable
diagnostics that map model outputs onto
familiar accounting ratios, which favors
explainable Al solutions such as SHAP and
related decomposition methods
(Bussmann et al.,, 2024; Hajek & Munk,
2023).

Three gaps motivate this study’s empirical
program. First, existing ML-based distress
studies emphasize banking, manufactur-
ing, or large publicly listed firms while
dedicated examinations of non-life insurers
in smaller markets are rare (Gavurova et
al., 2022; Shetty et al., 2022). Second,
many empirical implementations report
nominally high accuracy but provide
limited assessment of class-imbalance
remedies, time-based holdouts, and sensi-
tivity to feature selection, which under-
mines confidence in operational deploy-
ment (Wu et al., 2022; Kuiziniené, 2022).
Third, interpretability remains underdevel-
oped for regulator-ready models because
global feature rankings do not always
reveal how accounting dynamics drive
decisions at the firm-year level (Bussmann
et al., 2024). This study explicitly address-
es these gaps by combining a theory-driv-
en predictor set, multiple imbalance strate-
gies, and firm-level SHAP explanations
evaluated on out-of-time holdouts.

Bangladesh’s non-life insurance sector is
selected for both empirical and policy
reasons. The market’s concentrated premi-
um base, sensitivity to underwriting and
expense shocks, evolving regulation, and
high welfare costs from delayed claims
make it ideal for early-warning research
(Abrahamsen et al., 2024; Bussmann et al.,
2024; Kebede et al.,, 2024; Lokanan &
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Ramzan, 2024). These features represent
thin-premium emerging markets, offering a
useful setting to test whether compact,
interpretable models add supervisory
value. Prior studies indicate that expense
control, reserving, and reinsurance drive
distress more than capital ratios, a pattern
expected in Bangladesh, enhancing exter-
nal validity (Ayinaddis & Tegegne, 2023;
Shetty et al., 2022). From a methodological
standpoint, Bangladesh provides a realistic
data environment to assess parsimonious
models and robust imbalance treatment
relevant for regulators in similar markets
(Ashraf & Vincent, 2021; Grize et al., 2020;
Liang et al., 2020). Finally, focusing on one
market allows careful linkage between
model explanations, local accounting
ratios, and supervisory frameworks,
strengthening the practical transferability
of this study’s findings (Abrahamsen et al.,
2024; Bussmann et al., 2024).

The economic motivation behind this study
is centered on the real-world consequenc-
es of insurer distress in Bangladesh. The
non-life insurance market frequently expe-
riences operational failures, which are
evident in delayed claims payments,
opaque practices, and the erosion of
policyholder trust. This crisis reached a
critical pointin July 2025, when the regula-
tor (IDRA) classified 17 non-life insurers as
"at risk" due to weak governance and
fragile financial conditions (Halder, 2026).
In this thin-premium market, a sharp
distinction exists between underwriting
distress and formal insolvency. Additional-
ly, by the end of 2024, nearly 47% of the
non-life insurance claims remain unsettled,
which puts the entire industry in distress.
Underwriting distress is the primary driver
of market instability, whereas insolvency
represents only the final stage of collapse.
The existing supervisory framework relies
heavily on static capital adequacy ratios
and therefore moves slowly in detecting
the operational shifts that cause financial
distress. Consequently, there is a need for
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a dynamic early-warning system to detect
distress before the occurrence of substan-
tial welfare loss. By focusing on these early
signals, the model provides a proactive tool
for regulatory intervention, which is
currently absent in lag-based accounting
thresholds.

Labeling and predictor choices on account-
ing and actuarial grounds are justified prior
to modeling. This study measures distress
with an economically meaningful under-
writing proxy that captures loss and
expense pressure relative to premiums,
consistent with actuarial practice and with
recent empirical work that uses
combined-ratio thresholds to identify
underwriting failure (Kebede et al., 2024;
Ayinaddis & Tegegne, 2023). Candidate
predictors comprise profitability measures,
capital adequacy indicators, management
expense ratios, reinsurance reliance,
reserve metrics, growth, and scale. Choos-
ing interpretable accounting variables
reduces the risk that predictive perfor-
mance derives from spurious correlations
and facilitates immediate policy translation
of model alarms (Liang et al., 2020; Tang et
al., 2020).

This study adopts a modeling strategy that
balances accuracy with transparency and
operational readiness. Penalized logistic
regression, k-nearest neighbors, support
vector machines, random forests, and
gradient-boosted trees, tune hyperparam-
eters are evaluated with cross-validation,
and assess performance on a strictly
out-of-time holdout to emulate supervisory
deployment. Class imbalance is addressed
using synthetic oversampling procedures
such as SMOTE and ADASYN, and
compares these to no-resampling base-
lines. This research selects metrics that
prioritize recall and the F1 score because
the supervisory loss from failing to flag a
truly distressed insurer typically exceeds
the operational cost of false positives
(Lokanan & Ramzan, 2024; Dhamo et al.,
2025).

The empirical results reveal three robust
patterns. First, ensemble tree methods,
notably  gradient-boosted machines,
achieve the highest recall and competitive
ROC-AUC across tuned specifications, in
line with recent evidence on structured
financial data (Dhamo et al, 2025;
Lessmann et al., 2015). Second, SHAP-
based decomposition consistently attributes
the largest predictive influence to manage-
ment expense ratios, lagged underwriting
performance, and reinsurance intensity,
while textbook capital ratios and firm size
show weaker marginal contribution in this
study’s sample. Third, oversampling raises
recall substantially at the expense of preci-
sion, while no-resampling favors precision
but reduces sensitivity. These patterns
suggest that underwriting inefficiency and
expense mismanagement are the principal
early-warning signals in thin-premium
markets (Kebede et al., 2024; Grize et al.,
2020).

Extensive robustness exercises are carried
out to assess operational stability. This
study varies resampling schemes, reduces
feature sets based on SHAP rankings, and
implements rolling time validation. The
precision-recall tradeoff across imbalance
strategies is stable, and feature reduction
that removes low-importance capital
variables retains most predictive perfor-
mance, which supports a compact model
design for supervisory use. Time-based
validation confirms that gains are not
artifacts of in-sample overfitting, reinforc-
ing the practical viability of deploying an
interpretable early-warning model within
regulatory workflows (Wu et al., 2022;
Petropoulos et al., 2020).

This study contributes to the literature and
to policy practice in three ways. Method-
ologically, it supplies a replicable pipeline
that integrates class-balance remedies,
tuned ensemble learners, and SHAP
explainability under time-validated evalua-
tion. To ensure the study findings are
robust enough for policy use, this paper
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moves away from standard randomized
testing and instead implements a rigorous,
time-validated pipeline that accounts for
the volatile data reporting typical of
emerging economies. This study also helps
bridge the gap between high-level machine
learning and supervisory feasibility.

Empirically, this research delivers one of
the first focused machine learning assess-
ments of non-life insurer distress for a
small emerging market. We shift the focus
from traditional solvency-based research
to the unique "operational decay" of
thin-premium markets. Prior research in
banking or developed insurance sectors
often emphasizes liquidity or capital assets
for detecting distress. The results of this
study reveal that in a market like Bangla-
desh, the true leading indicators of distress
are operational and underwriting metrics.
These operational signals dominate early
distress detection in Bangladesh, proving
that failures are often visible in daily
management long before they appear on a
capital adequacy balance sheet.

Practically, this study translates model
diagnostics into regulator-friendly triggers
and monitoring heuristics, recommending
explicit supervisory attention to manage-
ment expense ratios, lagged underwriting
outcomes, and calibrated thresholds that
privilege recall. This provides a compact
framework that translates complex SHAP
diagnostics into clear, transparent triggers,
allowing regulators to justify early
interventions before a firm reaches the
point of total collapse. These contributions
advance academic understanding and
provide a tangible surveillance tool for
supervisors in comparable jurisdictions.

The findings of this study can be explicitly
helpful in redesigning the supervisory
strategy of the regulator by facilitating a
shift from reactive policing to proactive,
risk-based surveillance. At present, the
Insurance Development and Regulatory
Authority (IDRA) is forced to play its role
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only when an insurer is labeled unviable,
and claims-settlement paralysis has
already set in. This study provides the
empirical evidence needed to change the
established system and widen the window
of intervention much earlier, before a
collapse occurs. By prioritizing the moni-
toring of management expense trends and
underwriting concentrations, a supervisor
can move toward soft interventions, such
as conducting early audits and placing
restrictions on management payouts.
Ultimately, this shifts the regulatory focus
from just documenting failure to actively
preventing the welfare loss associated with
unpaid claims present in the Bangladesh
non-life insurance industry.

The structure of the paper is organized as
follows. Section 2 provides a review of the
relevant literature. Section 3 outlines the
data sources and research methodology.
Section 4 presents empirical results,
followed by a discussion of the findings in
Section 5. Finally, Section 6 offers conclud-
ing remarks.

2. Literature review

Financial distress is defined as a firm’s
inability to meet its normal obligations
without transformative remedial actions,
where failure may arise from sustained
operational losses, capital depletion,
adverse asset-liability mismatches, or
covenant breaches that precede formal
insolvency. Recent work increasingly
treats distress as a multi-dimensional
state that combines short-run underwrit-
ing and liquidity pressures with longer-run
solvency erosion (Dhamo et al., 2025;
Wang et al., 2025). Empirical treatments
extend classical probabilistic and hazard
models by emphasizing early-warning
indicators observable at the firm-year
level, e.g., combined-ratio deterioration,
negative operating cash flows, and
escalating expense ratios, that reliably
precede formal failure events (Kebede et
al., 2024; Ayinaddis & Tegegne, 2023).
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Foundational conceptualizations (Altman,
1968; Ohlson, 1980; Shumway, 2001)
remain useful as they link observable
accounting ratios to hazard-style failure
risk. Consistent with these approaches,
this study adopts a definition that privileg-
es near-term operational indicators while
recognizing solvency pathways that evolve
through accounting measures and market
signals.

To keep the theoretical discussion predic-
tion-oriented and to generate clear,
observable accounting implications, the
review focuses on three complementary
frameworks that directly imply testable
measurement choices. First, the agen-
cy/operational governance framework
emphasizes how managerial incentives,
monitoring gaps, and organizational capa-
bility produce cost overruns, reserve under
provisioning, and aggressive growth
strategies; the proximate accounting
signals are rising expense ratios, abnormal
acquisition costs, and reserve shortfalls
(Bussmann et al., 2024; Liang et al., 2020).
These observable flow measures should
respond earlier to managerial failure than
static capital ratios when governance is
weak. Second, the signaling/informa-
tion-asymmetry framework highlights how
disclosure quality and discretionary
accounting affect the informativeness of
contemporaneous capital measures. If
firms can manage reported capital or
reserves through pricing, reserving, or
accounting choices, then flow-based and
harder-to-manipulate indicators (realized
underwriting outcomes, operating cash
flows, expense trajectories) will be relative-
ly more reliable short-horizon signals of
distress (Abrahamsen et al., 2024; Ashraf
& Félix, 2019; Samitas et al., 2020). Third,
the market/regime and contingent-claims
perspective underscores nonlinearity and
conditionality: insolvency risk depends on
underwriting volatility, reinsurance struc-
ture, leverage, and market cycles. Capital
ratios, therefore, interact with underwriting

risk and cycle state to determine marginal
predictive content; this implies that predic-
tive performance must be evaluated across
regimes and with interaction terms
(Petropoulos et al.,, 2020; Bragoli et al.,
2021; Wang et al., 2025). These three
frameworks jointly generate concrete,
observable implications: (i) expense-based
and underwriting flow measures should
provide incremental predictive power for
near-term distress, (ii) contemporaneous
capital measures may be noisy absent
adequate lags and institutional controls,
and (iii) the predictive value of any
measure is regime-dependent and may
vary with governance and disclosure quali-
ty (Valaskova et al., 2018; Grize et al.,
2020; Balasubramanian et al., 2019).

Methodological lessons from the predic-
tive-modeling literature further constrain
empirical choices. Ensemble and hybrid
learners  capture nonlinearities and
interactions present in accounting panels
and often improve raw classification
performance, but gains can shrink under
strict out-of-time validation and when
pooled cross-country heterogeneity is
present (Dhamo et al.,, 2025; Wu et al.,
2022; Petropoulos et al., 2020). Explain-
ability methods such as SHAP and LIME
help translate algorithmic outputs into
supervisory heuristics but are sensitive to
correlated predictors and retraining insta-
bility. Thus, attribution results require
robustness checks before policy use
(Bussmann et al., 2024; El Madou et al.,
2023; Kuiziniené, 2022). Finally, the
rare-event nature of insolvency makes
class-imbalance treatment and policy-
aligned thresholding essential: oversam-
pling may raise recall but also false alarms,
whereas cost-sensitive calibration better
aligns model outputs with supervisory loss
functions (Bussmann et al., 2024; Wu et
al., 2022).

Empirical findings that are established
versus those that remain unresolved.
Several strands of evidence are now
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reasonably well established. First, both
capital-based and flow-based indicators
possess predictive content for insurer
distress; classical ratio models and
hazard-style specifications remain
informative in many settings (Altman,
1968; Ohlson, 1980; Shumway, 2001).
Second, ensemble machine-learning meth-
ods commonly improve in-sample classifi-
cation performance and can add value
when validated with appropriate holdouts
(Dhamo et al.,, 2025; Wu et al., 2022).
Third, interpretability techniques permit
economically meaningful mappings from
features to model outputs, improving the
plausibility of algorithmic early-warning
systems (Dhamo et al., 2025; Bussmann et
al., 2024).

At the same time, important matters
remain unresolved. Prominent empirical
studies in thin-premium and small markets
report that expense ratios, reserve
adequacy, and reinsurance reliance some-
times outperform textbook capital ratios in
predicting distress (Kebede et al., 2024;
Ayinaddis & Tegegne, 2023; Grize et al.,
2020). However, these findings are sensi-
tive to label construction, lag strategy, and
institutional heterogeneity: combined-ratio
based distress labels can embed predictor
information if not lagged adequately, and
cross-country pooling can obscure gover-
nance and accounting differences that
materially affect predictor performance
(zZizi et al., 2021; Hanafy & Ming, 2021;
Balasubramanian et al.,, 2019). Likewise,
while alternative data (textual disclosures,
sentiment proxies) add incremental value
in large, transparent markets, their margin-
al benefit is limited where accounting data
already capture short-term stress signals
(Zhao et al., 2023; Hajek & Munk, 2023;
Liang et al., 2020). Finally, the operational
feasibility of model adoption, mapping
feature attributions to supervisor actions,
and quantifying the administrative cost of
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false alarms, remains underdeveloped
(Petropoulos et al., 2020; Samitas et al.,
2020; Kuiziniengé, 2022).

Taken together, the literature establishes
three points with reasonable consensus:
first, both expense-based operational
indicators and capital adequacy measures
contain information relevant to insurer
distress; second, machine-learning models
can enhance predictive performance when
subjected to rigorous out-of-time valida-
tion; and third, explainability mechanisms
are necessary for translating predictive
outputs into supervisory use. What
remains unresolved, and what motivates
this study, is whether expense-based,
flow-oriented indicators systematically
dominate contemporaneous capital ratios
in near-term early-warning applications for
thin-premium insurance markets once
methodological concerns such as label
construction, lag structure, class imbal-
ance, and institutional heterogeneity are
properly addressed. The absence of clarity
on this relative importance limits both
theoretical inference and practical regula-
tory guidance.

To bridge the gap between theory and
prediction, this paper formalizes the
predictive framework into explicit, testable
hypotheses that directly map the reviewed
literature to the empirical design, with
particular relevance to the Bangladesh
non-life insurance market. The first propo-
sition, labeled operational primacy, posits
that operational efficiency metrics, most
notably the management/expense ratio,
provide greater incremental predictive
power for near-term insurer distress than
contemporaneous capital adequacy
measures in thin-premium environments,
conditional on appropriate lagging and
institutional controls. The second proposi-
tion, labeled model preference, posits that
ensemble-based machine-learning models
outperform traditional logistic regression,
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KNN, and SVM benchmarks in identifying
distressed insurers when evaluated using
strict out-of-time validation and policy-
aligned threshold calibration. In addition,
the analysis tests whether lagged under-
writing performance indicators exhibit
stronger short-horizon predictive power
than static capital ratios, and whether
post-hoc explainability methods consis-
tently identify operational and underwrit-
ing variables as dominant predictors in a
stable and policy-relevant manner.

Empirically, these hypotheses are opera-
tionalized by comparing parsimonious
ratio-based models with ensemble learners
under alternative label constructions, lag
structures, and class-imbalance strategies,
and by evaluating performance using
out-of-time holdouts and supervisory-fea-
sible alarm rates. Feature-attribution
results are subjected to permutation and
retraining stability checks to assess their
reliability for regulatory interpretation. By
explicitly testing the relative predictive
importance of expense-based versus
capital-based indicators under rigorous
validation and operational calibration, this
study directly addresses the central
unresolved issue in the literature: whether
operational inefficiency is inherently more
informative for early warning in thin-premi-
um markets, or whether prior findings
primarily reflect methodological and
institutional contingencies.

3. Methodology

A predictive framework is developed to
classify financial distress among non-life
insurers in Bangladesh using firm-level
accounting ratios and supervised machine
learning. This section outlines the labeling
strategy, feature selection, model set,
evaluation protocol, and robustness
checks. This study designs the pipeline to
reflect regulatory needs: it emphasizes
out-of-time validation, interpretable

predictors, and sensitivity analyses that
inform operational deployment.

All variables used in this study are
constructed directly from audited financial
statements of non-life insurance compa-
nies and from the Bangladesh Insurance
Association (BIA) yearbooks. The measures
follow standard accounting and actuarial
definitions commonly used in insurance
and financial analysis. No survey data,
subjective assessments, or constructed
indices are used. Apart from standard
normalization for model implementation,
the original accounting definitions are
preserved.

The dataset comprises all non-life insur-
ance companies operating in Bangladesh
from 2014 to 2024. The final dataset
consists of 506 company-year observa-
tions across 46 companies, including 45
private and one public insurer. However,
the data for 3 companies were unavailable
for the year 2024, as their annual reports
had not been published as of 31st August
2025. The number of missing values
consists of less than 1% of the total obser-
vations.

3.1 Detection of financial distress

Financial distress is defined with a trans-
parent, economically meaningful under-
writing rule: a firm-year is distressed if the
combined ratio exceeds 1, shown in Table
1. This criterion directly captures when
incurred claims plus management expens-
es exceed earned premium and therefore
reflects underwriting failure. This study
operationalizes the dependent variable as
a binary indicator that equals one for
distress and zero otherwise; it is applied
independently to each firm-year observa-
tion.
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Table-1 Distress labeling

Label Status Condition
1 Financial Distress Combined Ratio; > 1
0 Non-Distress Combined Ratio, < 1

3.2 Feature selection

Ten predictors are selected on accounting
and actuarial grounds. These variables
include Return on Assets, Equity Ratio,
Reinsurance Ratio, Management Expense
Ratio, Investment Yield, Unexpired Risk
Reserve Ratio, Company Size, Leverage,

Premium Growth, and Lagged Combined
Ratio. Each variable maps to a clear
economic channel in assessing solvency,
profitability, operational efficiency, and risk
exposure in the insurance industry. Table 2
summarizes the variables this study keeps
in consideration for predicting financial
distress.

Table-2 List of variables

Symbol Variable Definition Economic Interpretation
CR Combined Ratio (Net Claims + Management Underwriting performance
Expense + Agency
Commissions) / Net Premium
ROA ROA Net Profit / Total Assets Overall profitability
ER Equity Ratio Total Equity / Total Assets Capital strength and solvency
RR Reinsurance Reinsurance Ceded / Gross Risk transfer efficiency
Ratio Premium
MER Management Management Expense / Net Operational cost efficiency
Expense Ratio Premium
Iy Investment Yield | Investment Income / Total Asset portfolio performance
Investment
URR URR Ratio Unexpired Risk Reserve / Net Technical reserve adequacy
Premium
SIZE Company Size Log (Total Assets) Economies of scale and
market power
LEV Leverage Total Liability / Total Assets Financial risk and debt burden
PG Premium Growth | (Premium; — Premium,_,)/ Market share and business
Premium,_, growth
LCR Lagged Combined Ratio,_, Underwriting persistence and
Combined Ratio cycles

Source: Authors’ contribution

3.3 Data splitting, preprocessing, and
balancing

The panel is partitioned into two sets: the
training set (2014 to 2022) and the test
set (2023 to 2024). The training set is
used for learning from observations, and
the test set for simulating out-of-sample
prediction.
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Due to the inherent class imbalance related
to the small number of distress insurers,
the Synthetic Minority Oversampling
Technique (SMOTE) is applied on the
training dataset to balance the classes and
improve the models’ ability to learn from
limited distress observations without
creating bias of data leakage. Additionally,
all features are standardized using the
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Standard Scaler from the scikit-learn
library in Python to ensure fair and consis-
tent model training. By using this normal-
ization process, this research transforms
all the features’ means to zero and
standard deviations to 1. This step is
crucial for models sensitive to feature
scale.

Moreover, the combined ratio of the current
year is excluded from the feature set to
prevent the target leakage. Instead, a
one-period lagged combined ratio is used
as a predictor of financial distress in the
main models. Therefore, this adjustment
reduces the total number of observations
to 460 spanning from 2015 to 2024.

3.4 Model development

Five supervised machine learning models
are implemented to predict the financial
distress of the insurers, as summarized in
Table 3. The models include a baseline
logistic regression, two classical algorithms,
and two ensemble methods, which allow us
to compare linear, non-linear, and ensem-
ble-based approaches. This study includes
KNN and SVM primarily as benchmark
non-linear classifiers. However, the paper’s
substantive conclusions rely on the ensem-
ble models, which deliver both superior
out-of-sample performance and economi-
cally interpretable diagnostics.

Table-3 Model development

Baseline Model | Logistic Regression

Linear model for binary classification

Classical K-Nearest Neighbors (KNN) Instance based classifier; Classify based on
Machine nearest neighbors

Learning Support Vector Machine (SVM) Find the optimal margin to separate classes
Models

Ensemble Random Forest Incorporates many decision trees by
Models averaging their votes to improve accuracy

and reduce overfitting

XGBoost (Extreme Gradient
Boosting)

Builds trees sequentially, each correcting
previous errors for strong predictive power

Initially, this study trains all models using
their default hyperparameters. To prevent
data leakage and ensure robust prepro-
cessing, a pipeline is constructed incorpo-
rating mean imputation for missing values,
feature scaling, and oversampling the
minority class using SMOTE. Further, to
imitate a real-world forecasting scenario,
the models are trained on data from 2014
to 2022 and tested on data from 2023 to
2024.

3.5 Hyperparameter tuning and cross-val-
idation

This research optimizes hyperparameters
using a Grid Search and a 5-fold cross-vali-
dation approach on the training data to
boost model performance. This approach
divides the training data into five folds,

trains the models in four folds, and
validates the model’s outcome on the
remaining fold. This process repeats across
all combinations in the specified hyper-pa-
rameter grid to detect the best hyper-pa-
rameters based on the F1 score. Later, each
model is retained with the optimal hyperpa-
rameters on the full training set with a
similar processing pipeline, including mean
imputation, feature scaling, and SMOTE.

3.6 Evaluation metrics

Model performance is evaluated by using
several classification metrics: Accuracy,
Precision, Recall, F1-Score, Macro F1, and
Area Under the Receiver Operating Charac-
teristic Curve (AUC-ROC). Table 4 presents
the evaluation metrics used for measuring
model performance.
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Table-4 Evaluation metrics

Metric Definition Formula
Accuracy Captures overall proportion of correct predictions. TP+ TN
TP+ TN + FP + FN
Precision Measures proportion of correctly predicted distressed TP
insurers out of all predicted as distressed. TP + FP
Recall Calculates proportion of actual distressed firms TP
correctly identified. TP + FN
F1-Score Presents harmonic mean of Precision and Recall, Precision X Recall
balancing false positives and false negatives. X Precision + Recall
Macro F1 Provides average of F1-Scores calculated independently Flogss1+ Fleasse
for each class, treating all classes equally. - 2

To evaluate these metrics, this study uses
the confusion matrix, which summarizes
prediction outcomes by comparing predict-
ed labels against actual outcomes. It

consists of four key components as shown
in Table 5. This matrix forms the foundation
for computing evaluation metrics.

Table-5 Components of Confusion Matrix

True Positives (TP)

Correctly predicted distressed insurers

True Negatives (TN)

Correctly predicted non-distressed insurers

False Positives (FP)

Non-distressed insurers incorrectly predicted as distressed

False Negatives (FN)

Distressed insurers incorrectly predicted as non-distressed

This research puts preference on Recall,
F1-Score, and AUC-ROC because
distressed firms are relatively rare in the
dataset. These metrics are essential for
evaluating the models’ ability to discover
rare but economically important distress
events, where omitting a distressed firm
can have severe consequences. Further, to
ensure the reliability of our metrics, this
study also employs a bootstrapping proce-
dure with 1,000 iterations. The procedure
allows us to calculate 95% confidence
intervals for evaluation metrics and
provides a more conservative and stable
assessment of the model’s performance
beyond a single test-set split.

Additionally, to interpret the feature contri-
butions of the best-performing model, the
Shapley Additive Explanations (SHAP)
value is used. SHAP is a game-theoretic
approach that assigns an importance score
to the features based on their contribution
to the model’s prediction. SHAP is applied
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exclusively to the XGBoost model, which
demonstrated the best performance
among all models. Therefore, SHAP values
enable us to quantify the percentage
contribution of each indicator to the final
prediction and thereby help categorize the
most and least influential features in
predicting the financial distress of non-life
insurers in Bangladesh.

3.7 Robustness check

To assess the reliability of the best predic-
tive model, this study applies some robust-
ness checks. First, alternative resampling
methods are employed on the best-per-
forming model. Here, Adaptive Synthetic
Sampling (ADASYN) and no re-sampling
are tested, in addition to SMOTE, to assess
the impact of different techniques of
handling class imbalance. Second, feature
reduction is performed based on SHAP
Values. The model is re-run using a
reduced set of features to check the
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outcome of the models after excluding
low-importance and highly correlated
variables. Third, consistent time-based
validation is maintained. Performance is
compared across these variations using
standard metrics, with results discussed in
the results section and visuals provided in
the appendix.

Additionally, to ensure the best model’s
predictive logic is generalizable and robust
against overfitting, a SHAP-based stability
analysis was also performed. This involves
calculating the mean absolute SHAP values
for each feature in both the training and
testing phases. By comparing the feature
attribution rankings and standard devia-
tions between these subsets, this study
investigates whether the model relies on
the same economic signals regardless of
the specific data split.

4. Results

This section presents the findings from the
overall empirical analysis. It includes
summary statistics of the distressed and
healthy insurers, model performance of
the default and tuned models, feature
importance analysis, and a robustness
check to evaluate the reliability and validi-
ty of the best-performing model. Addition-
al visual results, such as Confusion Matrix,
ROC Curve, and Feature Importance Plots,
are provided in the Appendix (Figures A1
to A6).

However, it is important to clarify the
objective and interpretive scope of the
analysis. The primary aim of this study is
prediction rather than causal inference: the
models are designed to identify reliable
early-warning signals of insurer distress
that can support supervisory monitoring,
not to estimate structural relationships or

policy-invariant causal effects. According-
ly, coefficient estimates, marginal effects,
and feature-importance measures should
be interpreted as indicators of predictive
usefulness. The results reflect how consis-
tently a variable helps distinguish
distressed from non-distressed insurers in
out-of-time data, rather than as evidence
of underlying causal mechanisms. The use
of ensemble learners and post-hoc
explainability tools such as SHAP further
reinforces this distinction: feature attribu-
tions summarize contributions to predic-
tive accuracy within the trained model,
conditional on the data and validation
design, but do not imply that changes in
these variables would mechanically reduce
distress risk.

4.1 Summary statistics and preliminary
analyses

The dataset comprises a total of 506
company-year observations from 46
non-life insurers of Bangladesh over the
period of 2014 to 2024. Among 506
observations, three of the company’s
data for the year 2024 were imputed with
mean values due to unavailable data. By
using the criteria of a combined ratio
greater than 1, Table 6 shows that 404
observations (79.84%) correspond to
non-distressed insurers, while 102
(20.16%) observations are grouped as
distressed insurers. Moreover, the yearly
distribution of distress shows notable
year-to-year fluctuations in the propor-
tion of the distressed insurers in Bangla-
desh from 2014 to 2024. Table 6 exhibits
the percentage of distress company-year
observations along with their actual
count with regard to the combined ratio
criteria.
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Table-6 Yearly distribution of financial distress

Year Non-distressed Distressed Distressed (%)
2014 31 15 32.61
2015 34 12 26.09
2016 38 8 17.39
2017 41 5 10.87
2018 34 12 26.09
2019 36 10 21.74
2020 37 9 19.57
2021 43 3 6.52
2022 36 10 21.74
2023 36 10 21.74
2024 38 8 17.39
Total 404 102 100%

Source: Authors’ calculation

Yearly distributions of distress show that
the year 2014 experienced the highest
proportion of distress (32.61%), followed
by the years 2015 and 2018. In contrast,
the year 2021 experienced the lowest
percentage of distress (6.52%). This
variability over time emphasizes the impact
of several drivers, such as macroeconomic
shifts, regulatory changes, and compa-
ny-level management strategies, on finan-
cial outcomes. Moreover, it also justifies
the inclusion of a time-variant factor (LCR)
in predicting financial distress. Table 7
portrays the comparative analysis of group
means along with the result of the t-test
conducted to compare the mean values of
the features between distressed and

non-distressed insurers. The distressed
insurers exhibit a lower ROA, Equity ratio,
and premium growth, along with a small
company size. Moreover, they have a high
management expense ratio, greater depen-
dency on reinsurance transfer, high lever-
age, and a higher combined ratio in the lag
form. Additionally, the result of the t-test
implies that ROA, reinsurance ratio, and
management expense ratio basically hold
statistically significant differences in their
mean values between the distressed and
the non-distressed insurers. The results
suggest that poor profitability and high
operational costs with intense dependency
on reinsurance facilities can be associated
with financial distress.

Table-7 Comparative analysis of group means

Feature Mean Mean (non-distressed) | Mean difference P-value
(Distressed)

ROA 0.0585 0.0708 -0.0123 0.0046*
ER 0.3294 0.3335 -0.0042 0.8528
RR 0.4645 0.4010 0.0635 0.0000*
MER 0.6203 0.4192 0.2011 0.0000*
Iy 0.499 0.4461 0.0528 0.3346
URR 0.4181 0.4055 0.0126 0.2105
Size 3.1922 3.1961 -0.0038 0.9119
LEV 0.6706 0.6665 0.0042 0.8528
PG 0.0626 0.1299 -0.0674 0.1136
LCR 0.8198 0.7843 0.0355 0.4581

Source: Authors’ calculation (*Indicates statistical significance at the 1% level)
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The Variance Inflation Factor (VIF)
analysis is conducted to assess the
existence of multicollinearity among the
features chosen for predicting financial
distress. Table 8 shows that two import-
ant features, Leverage and Equity ratio,
exhibit high VIF values. However, this
study retains these variables because
the goal is to get predictive accuracy for
modeling financial distress rather than

interpreting coefficients. Additionally,
logistic regression is used as a bench-
mark model, and the tree-based models
(Random Forest and XGBoost) are robust
to multicollinearity by design. As these
models form the core of this study’s
analysis, it is expected that multicol-
linearity has no adverse effect on the
predictive performance of the models.

Table-8 Multicollinearity

Feature VIF
ROA 1.109765
ER 15.72185
RR 1.172303
MER 1.236439
1N 1.090808
URR 1.14585
Size 1.644624
LEV 89.15425
PG 1.015793
LCR 1.020458

Source: Authors’ calculation

In summary, these descriptive statistics
and preliminary analyses provide a solid
foundation for subsequent predictive
modeling with benchmark, classical, and
ensemble models.

4.2 Model performance using default
settings

Following the preliminary data analysis and
preprocessing of data, five supervised
machine learning models are employed.
The models include Logistic regression,
KNN, SVM, Random Forest, and XGBoost.
All models are implemented with their

default hyperparameters. Missing values
are implied through their mean values.
SMOTE is applied to address the class
imbalance issue, as the distressed compa-
nies are a minority here (20.12%). There-
fore, this study trains the models on the
2014 to 2022 dataset and evaluates them
on the 2023 to 2024 test set. Table 9
summarizes the results of the models with
their default hyperparameters. Detailed
classification results are presented in the
form of a Confusion Matrix for all models in
Figure A1 of the Appendix

Table-9 Default model performance summary

Model Accuracy Precision Recall F1-Score ROC-AUC
Logistic Regression 0.7065 0.3714 0.7222 0.4906 0.7538
K-Nearest Neighbors 0.7609 0.4231 0.6111 0.5000 0.7395
Support Vector Machine 0.7935 0.4815 0.7222 0.5778 0.8071
Random Forest 0.8152 0.5238 0.6111 0.5641 0.8431
XGBoost 0.7717 0.4545 0.8333 0.5882 0.8468

Source: Authors’ calculation
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The result of Table 9 shows that Logistic
regression, as a benchmark model,
achieves a test accuracy of 70.65% and a
recall of 72.22% for detecting financially
distressed insurers. The ROC score of 0.75
and limited precision (0.37) show a moder-
ate discriminatory power in detecting
financial distress, with a possibility of
detecting some healthy insurers as
distressed.

Among the KNN and SVM models, the
Support Vector Machine holds a balanced
performance with 79% accuracy and a
recall of 72%. Moreover, the ROC-AUC of
0.81 signifies strong sensitivity to
distressed cases. In comparison, K-Near-
est Neighbors (KNN) demonstrated slightly
lower performance than SVM, with an
accuracy of 76% and a recall of 61%. The
ROC-AUC also represents a moderate
predictive competence of the KNN model.

Between two ensemble models, Random
Forest exhibits robust performance, reach-
ing 82% accuracy, with a precision and
recall of 0.52 and 0.61, respectively. The
ROC-AUC of 0.84 suggests effective
distinction between distressed and
non-distressed insurers. However, XGBoost
outperforms other models with the highest
recall of 0.83, along with an accuracy of
77%. As visualized in the ROC curves in

Figure A3 of the Appendix, the ensemble
models, Random Forest and XGBoost,
achieve higher true positive rates across a
range of thresholds compared to other
default models.

Overall, all models hold reasonable predic-
tive capacity with ROC-AUC values above
0.70. Notably, all the models have lower
precision than recall, and this is expected
with a dataset having a small number of
distressed firms. Therefore, according to
the F1 score and ROC-AUC value, the
XGBoost model outperforms other models
with its default settings.

4.3 Model tuning and evaluation

5-fold cross-validation and grid search
hyper-parameter tuning are performed as
a part of the robustness check. Grid search
allows us to systematically test different
combinations of hyperparameters for each
model to find the best-performing combi-
nations. Whereas, the 5-fold cross-valida-
tion splits the training data into five parts,
and later the model trains on four parts
and validates the model performance on
the fifth. With five repeating processes, this
study uses the average F1 score to select
the hyperparameters to ensure the most
reliable performance. Table 10 summarizes
the best hyperparameters of the models
along with their average F1 score.

Table-10 Model performance and best hyper-parameters

Model Best hyper-parameters CV F1 Default Tuned
score model F1 model F1
score score
Logistic Regularization strength (C) = 0.01, | 0.5095 0.4906 0.4815
Regression Penalty type (L1/L2 ) = L2, Solver choice
= Ibfgs
K-Nearest Number of neighbors = 9, Distance metric | 0.5601 0.5000 0.5833
Neighbors = Manhattan, Weight function = Distance
Support Regularization parameter (C) = 1, Gamma | 0.5215 0.5778 0.5000
Vector = Scale, Kernel type = RBF
Machine
Random Number of trees = 200, Maximum tree | 0.5724 0.5641 0.5714
Forest depth = None, Minimum samples per split
=2
XGBoost Learning rate = 0.01, Maximum tree | 0.6300 0.5882 0.5614
depth = 3, Number of Estimator = 50,
Subsample ratio =1

Source: Authors’ calculation
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Table 11 exhibits mixed yet meaningful
results of the model performance after
tuning with the best hyperparameters.
Logistic regression maintains almost
similar accuracy around 70% and
ROC-AUC of 0.75. This indicates that,
despite tuning, this benchmark model has
limited improvement in predictive capacity.

Tuned KNN model achieves 78% accuracy
with 78% recall and ROC-AUC value above
0.80. The overall gain demonstrates that a
tuned KNN model gains better predictive
power in detecting distress. However, the
tuned SVM model underperforms the
default SVM models with an accuracy rate
of 72% and a similar recall value of 72%

Table-11 Tuned model performance summary

(Mean * 95% Confidence Interval)

Model Accuracy Precision Recall F1-Score ROC-AUC
Logistic 0.694 0.363 0.719 0.477 0.751
Regression (0.598-0.783) | (0.216-0.515) | (0.500-0.923) |(0.308-0.632) | (0.595-0.874)
K-Nearest 0.781 0.469 0.777 0.580 0.801
Neighbors (0.696-0.859) | (0.286-0.650) | (0.571-0.952) |(0.409-0.735)| (0.666-0.924)
Support Vector 0.717 0.385 0.719 0.496 0.754
Machine (0.620-0.804) | (0.226-0.548) | (0.500-0.923) |(0.326-0.655) | (0.600-0.872)
Random Forest 0.803 0.502 0.664 0.566 0.827

(0.717-0.880) | (0.290-0.714) | (0.444-0.867) |(0.375-0.732)| (0.692-0.934)
XGBoost 0.728 0.413 0.885 0.559 0.862

(0.630-0.815) | (0.250-0.568) | (0.714-1.000) |(0.385-0.704)| (0.754-0.943)

Source: Authors’ calculation

Hyperparameter tuning improves the
performance of both tree-based models.
On one hand, the Random Forest model
achieves better recall and F1 score with the
cost of a slight drop in ROC-AUC. On the
other hand, the post-tuned XGBoost model
sustains strong results with the highest
recall and ROC-ACU, which confirms its
effectiveness. The confusion matrices after
tuning present additional insights into how
hyperparameter optimization affected the
classification outcomes, particularly
improving the identification of distressed
firms (see Figure A2 in the Appendix).

Overall, tuning with hyperparameters has a
varying effect across models, an increment
in recall and precision with a slight drop in

accuracy. After tuning, the ensemble
models maintain strong performance
across all evaluation measures, while

XGBoost maintains its supremacy in
detecting financial distress as reflected in
its ROC-AUC. The ROC curves for the tuned
models (see Figure A4 in the Appendix)
demonstrate the improved discriminatory

power of XGBoost and KNN models, espe-
cially in detecting distressed insurers.
Therefore, these findings emphasize
optimizing hyperparameters to increase
the reliability and accuracy in predicting
the financial distress in the Bangladesh
non-life insurance market.

Furthermore, to address the risk of working
with a small distress sample, this paper
reports the mean performance metrics
alongside 95% confidence intervals
derived from 1000 bootstrap iterations in
Table 11. This step adds reliability to the
model’s result by acting as a statistical
stress test. For instance, the XGBoost
model shows a high mean recall of 0.885;
the interval (0.714 -1.000) acknowledges
that results can be sensitive to the specific
mix of insurers in the sample. Ultimately,
these interval ranges of the key perfor-
mance matrices offer a more conservative
assessment of the model’'s power and
ensure that the generalization of the result
is based on consistent trends rather than
an isolated data split.
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4.4 Feature
analysis

importance in predictive

The XGBoost model shows better consis-
tency in both the default and tuned models
across all evaluation measures. Subse-
quently, feature importance is examined
using an XGBoost model to understand the
key financial drivers behind financial
distress prediction in non-life insurers of
Bangladesh. For identifying feature impor-

tance, SHAP is used, which has wide use in
explaining the output of machine learning
models. Table 12 shows the Mean SHAP
values, whereas Figure A5 in the Appendix
presents the feature importance plot
generated from the XGBoost model,
highlighting management expense ratio,
reinsurance ratio, and lagged combined
ratio as leading predictors.

Table-12 Shapley additive explanations

Feature Mean SHAP value Importance %
MER 0.89 43.53
RR 0.32 15.63
LCR 0.25 12.25
ROA 0.20 9.82
URR 0.12 6.03
Size 0.10 4.84
PG 0.08 3.78
Iy 0.07 3.45
ER 0.01 0.65
LEV 0.00 0.02

Source: Authors’ calculation

The sorted values of the mean SHAP
values demonstrate that the management
expense ratio is the most powerful indica-
tor of financial distress in the Bangladesh
non-life insurance market, which domi-
nates nearly 44% of the model’s decision.
This suggests that higher operating costs
are positively related to financial distress.
Further, the reinsurance ratio and
combined ratio with a one-period lag
together hold almost 28% of the decision
of the model. This indicates that, in the
non-life insurance market, risk manage-
ment practice and past underwriting
performance play a critical role. These
three indicators dominate approximately
70% of the decisions made by the
XGBoost model. However, profitability
measures and reserve adequacy ratio also
improve the model performance in identi-
fying distressed firms. Other variables
such as company size, premium growth,
and investment yield have a moderate
influence, while two other indicators,
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namely equity ratio and leverage, show
minimal impact on model performance. To
further interpret the model decisions,
SHAP value-based feature importance is
presented in Figure A6 of the Appendix,
showing how each feature influences the
model’s output in predicting distress.

This feature analysis highlights that
expense management, prior underwriting
outcomes, and risk transfer strategies
serve as critical early warning signals for
predicting financial distress among
non-life insurers in Bangladesh.

4.5 Robustness check

Several robustness checks are conducted
to ensure the reliability and stability of the
XGBoost model. The reliability test
includes evaluating the model perfor-
mance under varying class imbalance
handling strategies with a reduced feature
set by eliminating financial indicators
having lower mean SHAP values. Table 13
shows the result of the robustness check.
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Table-13 Robustness check

Re- Feature Set Accuracy | Precision Recall F1- ROC-AUC
sampling Score
SMOTE Full Features 0.793 0.485 0.889 0.627 0.865
ADASYN Full Features 0.783 0.471 0.889 0.615 0.865
None Full Features 0.837 0.571 0.667 0.615 0.856
SMOTE Reduced Features 0.761 0.444 0.889 0.593 0.884
ADASYN Reduced Features 0.750 0.429 0.833 0.566 0.860
None Reduced Features 0.837 0.579 0.611 0.595 0.843

Source: Authors’ calculation

This study compares the model perfor-
mance under three different re-sampling
strategies: SMOTE, ADASYN, and no
re-sampling. Both SMOTE and ADASYN
improved the performance of recall (around
88.89%) with a low precision score. In
contrast, no resampling provides the
highest accuracy and precision score with a
low recall (61%) score. These trade-offs
demonstrate the challenges of identifying
minor events in a limited dataset and there-
by support the use of SMOTE to identify the
distressed companies. Further, the XGBoost
model is tested with a reduced set of eight
features by removing the equity ratio and
leverage due to low SHAP values. The
results show a minimal drop in perfor-
mance, confirming that these two features
have low predictive power.

To verify the robustness of feature attribu-
tions, a stability analysis of SHAP values is

conducted. This paper checked the consis-
tency of the model’s logic by comparing
the mean absolute SHAP values across
both the training and testing subsets. As
outlined in Table 14, the feature attributes
show noteworthy stability. The manage-
ment expense ratio remains the significant
driver, followed by the reinsurance ratio in
both sets. In fact, the mean SHAP value
increased for the lagged combined ratio
and made it a robust predictor of insurer
distress. Remarkably, the 95% confidence
interval for the test set largely overlaps
with the training averages and suggests
that the model has captured the generaliz-
able economic signal rather than statistical
noise. Furthermore, the consistency in
standard deviation across both the test
and train sets indicates that the distribu-
tion of feature impacts is uniform.

Table-14 Stability of SHAP based feature importance

Train Test

Feature| Mean SHAP | Std. Dev SHAP | 95% CI Mean SHAP Std. Dev SHAP 95% CI

MER 0.92 0.45 0.88-0.97 0.89 0.42 0.80-0.97
RR 0.34 0.28 0.32-0.37 0.32 0.23 0.27-0.37
LCR 0.20 0.17 0.18-0.22 0.25 0.22 0.21-0.29
ROA 0.20 0.14 0.19-0.21 0.20 0.13 0.17-0.23
URR 0.11 0.12 0.10-0.13 0.12 0.11 0.10-0.14
Size 0.13 0.19 0.11-0.15 0.10 0.10 0.08-0.12
PG 0.08 0.06 0.07-0.08 0.08 0.06 0.07-0.09
Iy 0.06 0.07 0.05-0.06 0.07 0.08 0.05-0.09
ER 0.01 0.02 0.01-0.01 0.01 0.02 0.01-0.02
LEV 0.00 0.00 0.00-0.00 0.00 0.00 0.00-0.00

Source: Authors’ calculation
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Overall, these robustness checks confirm
the stability and predictive validity of the
XGBoost model under various preprocess-
ing scenarios, reinforcing its suitability for
early warning systems in out-of-sample
applications.

5. Discussion

The superior performance of the XGBoost
model provides empirical support for the
model preference proposition. Further-
more, the dominance of MER in the SHAP
attribution (43.53%) validates the second
proposition of operational primacy.

The results can be interpreted as evidence
that operational inefficiencies and under-
writing performance carry primary predic-
tive power for non-life insurer distress in
small emerging markets. Across specifica-
tions, the tuned gradient-boosted ensem-
ble yields superior out-of-time recall while
SHAP attributions consistently point to
management expense ratios, lagged
underwriting outcomes, and reinsurance
intensity as the dominant contributors to
distress probability. This pattern aligns
with recent machine learning applications
that emphasize ensembles for structured
financial panels (Dhamo et al.,, 2025;
Lessmann et al., 2015) and with insur-
ance-specific  studies that highlight
expense control and reserve practice as
proximate drivers of insurer stress (Kebede
et al., 2024; Ayinaddis & Tegegne, 2023).
The practical inference is straightforward:
early-warning rules that focus on opera-
tional ratios catch stress earlier than rules
that rely primarily on capital ratios in
thin-premium  environments, because
underwriting deterioration and expense
drift produce observable stress well before
formal solvency erosion.

This study finds important departures from
some conventional expectations about
capital measures and firm size. In this
study’s sample, capital ratios and scale
contribute less marginal predictive
information than expense and underwriting
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metrics. This finding contrasts with corpo-
rate-finance narratives that treat capital
adequacy as the core early-warning signal,
but it resonates with theoretical accounts
of thin-premium markets and with empiri-
cal insurance work showing that under-
writing-cycle and expense dynamics domi-
nate failure pathways where premium
bases are narrow (Grize et al., 2020;
Valaskova et al., 2018). An implication is
that capital ratios are necessary but not
sufficient indicators in these settings. They
can remain outwardly adequate while
operational problems silently accumulate.
This divergence also signals potential
measurement and signaling issues: firms
may manage reserves or premium recogni-
tion in ways that mute the contemporane-
ous signal of true economic risk, a concern
emphasized by signaling and disclosure
theories (Abrahamsen et al., 2024; Ashraf
& Félix, 2019).

The tradeoff between sensitivity and false
alarms is central for policy translation. The
experiments with SMOTE and ADASYN
show consistent gains in recall, but materi-
al increases in false positives, which
mirrors prior reports on class-imbalance
remedies (Bussmann et al., 2024
Kuiziniené, 2022). For supervisors, this
entails two practical choices: first, tc
choose operating thresholds that reflect
the regulator’s loss function and adminis-
trative capacity; second, to use mode!
outputs as triage signals rather than
single-step triggers for enforcement. In
other words, models should feed into a
staged supervisory workflow in which
high-recall model flags prompt targeted
inspections or request-for-information
procedures rather than immediate market
action. This approach reduces the social
cost of misclassification while retaining the
early detection benefits documented in this
research and other studies (Petropoulos et
al., 2020; Samitas et al., 2020).

Beyond the model’s statistical accuracy, its
real-life application lies in assisting regulators
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in day-to-day decision-making. This study
demonstrates this practical application by
analyzing the relationship between the
XGBoost model’s probability scores and
the number of insurers flagged for
intervention (see Figure A7 in the Appen-
dix). In practice, the probability threshold
acts as an ‘intervention trigger’ that can be
adjusted based on staff capacity and risk
tolerance. For example, a regulator adopt-
ing a conservative attitude can choose a
lower threshold to create a broader safety
net and capture a large portion of the
sample to ensure high recall. In contrast, a
regulator with limited resources can raise
the threshold to focus simply on compa-
nies with the highest chance of distress.
This trade-off ensures the model is a
flexible tool that allows supervisory
authorities to explicitly define their loss
function and prioritize the early detection
of financial distress.

This research emphasizes the methodolog-
ical inference that explainable ensemble
models are operationally useful but require
rigorous stability checks. SHAP attribu-
tions are valuable because they map statis-
tical signals onto accounting concepts that
supervisors understand, but attribution
stability varies with model specification,
correlated predictors, and retraining
frequency (EI Madou et al, 2023;
Bussmann et al., 2024). This study, there-
fore, recommends routine attribution
diagnostics, periodic retraining with rolling
holdouts, and feature-reduction exercises
that isolate a compact, robust predictor
set. These precautions align with the
statistical learning literature, which warns
that algorithmic gains are conditional on
validation protocols and on alignment of
model objectives with policy desiderata
(Wang et al., 2025; Wu et al., 2022).

Finally, this research considers external
validity and comparative evidence. Studies
that exploit alternative data, such as textu-
al disclosures or vocal cues, report gains in
large, transparent markets where such

signals are rich and reliable (Zhao et al.,
2023; Hajek & Munk, 2023). This study’s
results, together with other insurance-fo-
cused work, suggest that in small emerging
markets where alternative data are scarce
and accounting captures short-run stress,
parsimonious ratio-based models may
provide the most pragmatic surveillance
gains (Kebede et al.,, 2024; Grize et al.,
2020). This is not a claim that alternative
data are universally unhelpful. Rather, it is
a contextual observation: model design
must account for data ecology and institu-
tional features if it is to deliver policy-rele-
vant early warnings (Liang et al., 2020;
Petropoulos et al., 2020).

6. Conclusion

The objective of this study is to build an
explainable, operationally viable
early-warning framework for non-life
insurer distress in a small emerging market
context. Motivated by the social costs of
delayed claim settlement and by a policy
need for intelligible supervisory tools, this
study evaluates a range of classifiers,
experiments with class-imbalance reme-
dies, and employs SHAP-based explana-
tions to map predictions back to account-
ing indicators. These objectives are both
scholarly and practical: to test whether
modern supervised learners materially
improve early-warning detection and to
translate model outputs into supervi-
sor-friendly diagnostics. The findings
support both aims. Tuned gradient-boost-
ed models deliver superior out-of-time
recall and SHAP explanations consistently
single out management expense ratios,
lagged underwriting performance, and
reinsurance reliance as primary early-
warning signals.

This study’s contributions are threefold.
First, it provides empirical evidence that
operational ratios matter more than
textbook capital metrics for early detection
in thin-premium insurance markets, there-
by refining theoretical expectations from
capital-structure and underwriting-cycle
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perspectives. Second, it offers a replicable
pipeline that balances predictive perfor-
mance with explainability, showing how
ensemble models combined with feature-
attribution tools can be calibrated to policy
loss functions. Third, it bridges method and
practice by demonstrating how compact
models based on accounting variables can
be robust to feature reduction and to
time-based validation, thereby lowering
barriers to supervised adoption in
resource-constrained regulatory environ-
ments.

The findings of this study offer a solid
roadmap for modernizing insurance super-
vision in the Bangladesh non-life insurance
market. The results will help the regulators
to shift the focus from lagging
capital-based metrics to leading opera-
tional indicators. In a market dominated by
low claim settlement and public distrust,
identifying a falling insurer is more import-
ant than accuracy. Therefore, the regulator
should prioritize the timely identification of
deteriorating insurers through the system-
atic monitoring of underwriting and
expense ratios. Beyond the regulatory
sphere, this framework serves as a critical
diagnostic  for  insurance  company
management. The study also highlights
that insurers’ internal expense manage-
ment and reinsurance adequacy are signifi-
cant for maintaining long-term resilience.
Additionally, this study provides a set of
performance metrics to the large-scale
policyholders and investors to evaluate the
true stability of their risk-carriers.
Ultimately, by adopting these transparent
diagnostics, the industry can move away
from merely documenting institutional
failure and toward a proactive model that
prevents the significant welfare loss
associated with claim-settlement paralysis.
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This research has several limitations. The
analysis relies on standard accounting
disclosures and on a distress labeling rule
anchored in underwriting performance.
Label construction and lag choices can
materially affect measured predictor
importance, which requires care to avoid
information leakage and circularity.
Institutional heterogeneity across markets
also limits unconditional generalization:
regulatory frameworks, accounting
standards, and reinsurance market depth
shape which predictors exert early-warn-
ing power. Lastly, model-driven superviso-
ry adoption raises governance questions
about retraining cadence, threshold gover-
nance, and administrative bandwidth to
investigate model flags.

Three directions can be proposed for future
research and for practical implementation.
First, future studies can extend the pipeline
to integrate stress scenarios and
macro-linked covariates so models can
anticipate systemwide episodes rather
than idiosyncratic failures alone. Second,
further research can evaluate hybrid
systems that selectively incorporate
alternative data sources where available,
while preserving a parsimonious account-
ing backbone when data are limited. Third,
researchers can undertake pilot implemen-
tations with regulators to calibrate alarm
thresholds against administrative capacity
and to observe how model-informed triage
affects supervisory outcomes empirically.
This study concludes that compact,
explainable early-warning models are
promising tools for insurer surveillance in
small markets, provided that model design,
validation, and operational integration
proceed with rigorous attention to institu-
tional context and policymaker objectives.
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Figure A1: Confusion Matrix (Default Models)
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Figure A2: Confusion Matrix (Tuned Models)

NN Condonem Mern M oty WMo & Ramyprivest onf e Mydee
| ] i o '
i i i
] ] 1
'] [ 1
i n i ] o i o 1 L ]
PO PEROH Precoued e Tk P

Figure A 3: ROC Curve (Default Models)
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Figure A4:ROC Curve (Tuned Models)

ROC Curves for Models with Tuned Hyperparameters
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Figure A5: Feature importance plots for XGBoost
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Figure A6: Feature importance for XGBoost (SHAP Values)
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