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Bankruptcy Prediction Models

Abstract

This paper provides a comprehensive review of the evolution of bankruptcy prediction and
financial distress models, tracing the transition from traditional accounting-based static models to
dynamic, market-driven, and artificial intelligence-enhanced approaches. Key milestones include the
discrete-time hazard model, which corrects biases in classical logit models by using multi-year panel
data, and structural models rooted in the Black—Scholes—Merton framework, which consistently
outperform accounting-based benchmarks by exploiting forward-looking market information. The
review highlights the growing importance of firm structural characteristics (size, diversification) and,
particularly in emerging markets such as China, the need for regional systemic risk early-warning
systems. Recent literature demonstrates that deep learning and big-data techniques achieve superior
accuracy and earlier detection by capturing complex non-linear patterns across accounting, market,
macroeconomic, and alternative data sources. The synthesis concludes that the most effective
contemporary bankruptcy prediction frameworks integrate the theoretical foundation of structural
models, the dynamic richness of hazard specifications, market-based signals, and the representational
power of deep neural networks, paving the way for real-time, interpretable, and contagion-aware
systems in the future.
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iflas prognozlasdirma modellari

Xiilasa

Bu moqals iflas prognozlasdirilmasi vo maliyys ¢otinliyi modellorinin tokamiiliine dair hortorofli
icmal togdim edir vo snonovi miihasibatliq asash statik modellordon dinamik, bazaya sdykonon vo
stini intellektlo giliclondirilmis yanasmalara ke¢idi izloyir. Osas morhololor arasinda c¢oxillik panel
molumatlarindan istifado etmoklo klassik loqit modellorindoki qorozlori aradan qaldiran diskret-
zamanda tohliilko modeli vo qabaglayici bazar molumatlarindan istifado edorok hesabata asaslanan
meyarlar ardicil sokilds tistoloyon Black—Scholes—Merton ¢orgivasing osaslanan struktur modellor
yer alir. Icmal homginin sirkotin struktur xiisusiyyatlorinin (6l¢ii, diversifikasiya) artan ohomiyyatini
vo xiisusilo Cin kimi inkisaf etmokds olan bazarlarda regional sistemik risklar i¢iin erkon xobardarliq
sistemlorino ehtiyaci vurgulayir. Son adobiyyat gostorir ki, dorin dyronmo va bdyiik data texnikalar
miihasibat ucotu, bazar, makroiqtisadi va alternativ malumat monbalori {izro kompleks geyri-xatti
niimunaleri tutmagqla daha yiiksok daqiqlik vo daha erken askarlama imkan yaradir.
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Umumi noatico ondan ibaratdir ki, miiasir iflas prognozlasdirma ¢argivolarinin on effektiv formasi
struktur modellarinin nazari asasini, tohliikke modellorinin dinamik tutumunu, bazar siqnallarini vo
dorin neyron sabokalorinin toqdimedici giiclinii birlogdiron inteqrasiya olunmus yanasmadir. Bu iso
golocokda real vaxt rejimindo isloyon, izah olunan vo yoluxma effektlorini nozors alan sistemlorin
yaranmasina yol agir.

Acar sozlar: iflas prognozlasdiriimasi, defolt masafasi, Merton modeli, BSM-Prob, KMV modeli,
taohliika modeli, Shumway modeli, darin oyranma, maliyya risklorina erkon xabardarhq, Cin maliyya
tonzimlomasi

Introduction

In recent years, more advanced methods have been developed in the field of bankruptcy prediction
models compared to traditional accounting-based approaches. As alternatives to classical models such
as Altman (1968) and Ohlson (1980), the discrete-time hazard model proposed by Shumway (2001)
and the market-based BSM-Prob model developed by Hillegeist and colleagues (2004) have gained
prominence (Altman, 1968; Ohlson, 1980; Shumway, 2001; Hillegeist et al., 2004).

Shumway’s model aims to predict firms’ bankruptcy risk by using both accounting and market
data. The most important difference between this model and the classical logit model is that, instead
of relying on a single observation year, it uses a dataset covering all years for each firm during the
estimation process. This allows the model to more accurately capture the effects of changes in a firm’s
financial structure over time, in contrast to static logit models.

Research

In the market-based prediction literature, the BSM-Prob model developed by Hillegeist and
colleagues, which is based on the Black—Scholes—Merton option-pricing framework, stands out. It
has been demonstrated that this model outperforms both the Altman and Ohlson models in in-sample
and out-of-sample tests. These results indicate that the dynamic nature of market data enables the
development of more sensitive and predictive models (Wu et al., 2010).

In addition, there are studies suggesting that various firm characteristics may serve as additional
determinants in bankruptcy prediction. For example, Rose (1992) proposed a model showing that
managers attempt to reduce bankruptcy risk through diversification when firm-specific human capital
is high (Rose, 1992). Denis and colleagues (1997) measured corporate diversification by the number
of business segments (Denis et al., 1997), while Beaver and colleagues (2005) argued that large firms
have lower bankruptcy probabilities, partly due to corporate diversification (Beaver et al., 2005).
These findings show that firm size and the level of diversification are important structural features
that should be taken into account in bankruptcy prediction.

Models Based on Financial and Legal Indicators

Throughout China’s decades-long process of social and economic development, the financial
sector has played a vital role as the cornerstone of the market economy and has occupied a central
position within the economic system. As the laws and regulations governing the financial system
have been improved, the traditional financial risk early-warning model has also been optimized within
the construction of these regulatory frameworks. The implementation of legally safeguarded financial
prevention and control measures, along with the early detection of financial risks, plays an important
role both in shaping the legal structure of financial markets and in establishing regulations aimed at
preventing financial risks.

From time to time, the financial market experiences functional disruptions, which significantly
increase the likelihood of risk. Financial risks, characterized by high danger and crisis potential, have
the capacity to inflict substantial damage on the market economy. In particular, regional financial
risks tend to have strong linkages and spillover effects; therefore, they carry a high probability of
triggering nationwide financial crises and even global financial crises through ripple effects. Under
the pressure of rapid economic growth, numerous uncertain factors emerge. As a result, the early
warning, prevention, and control of regional financial risks have become important tasks of
macroeconomic regulation in China.
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Although national legal supervision mechanisms are capable of effectively monitoring risks, the
implementation of efficient financial risk early-warning systems ensures a more harmonious and
orderly development of financial markets, contributes to the smoother functioning of the overall
market economy, and provides greater economic benefits to society. Strengthening early-warning
mechanisms for regional financial risks carries significant practical value in preventing financial
crises and stabilizing regional economic growth. Since financial behaviour is directly linked to the
economy and society, all sectors are increasingly paying attention to risks in the financial domain.

Deep learning, a widely used technology in the field of artificial intelligence, can model complex
data by means of its multilayered processing structure and nonlinear transformation mechanisms,
allowing it to extract abstract and high-level features. At the same time, deep learning can process
large-scale data, identify suitable and effective features, and learn them through training, using
multilayer perceptron models for supervised or unsupervised learning. As the depth of the model
increases, the representation of features becomes more accurate.

Chen et al. (2020) used a deep neural network to model evacuation processes in metro stations
and conducted simulation experiments (Chen et al., 2020). They classified datasets with a
convolutional neural network model and a pretrained model, verifying the proposed model’s accuracy
and training speed. Chen et al. (2021) applied deep learning technology to model cybersecurity
systems in smart cities, successfully reducing network security risks (Chen et al., 2021). Deep
learning can also be used in financial analysis; for example, it can be effective in predicting
commodity prices, forecasting financial events, detecting financial risks, and analysing other current
issues. Zhou et al. (2021) applied deep learning to the financial risk early-warning system for real-
estate companies, providing concrete analysis and demonstration (Zhou et al., 2021).

Within the context of electronic early-warning systems for regional financial risks, researchers
have also conducted studies on the causes of risks, transmission channels, indicators, and model
selection. Du et al. (2021) established a scientific and effective electronic early-warning system based
on big-data technology, integrating large volumes of information and incorporating relevant risk
indicators into the system (Du et al., 2021).

The evaluation index systems used for selecting financial risk early-warning indicators mostly
focus on foreign exchange crises, bond crises, or banking crises; however, they remain insufficient
for fully capturing systemic financial risk. Moreover, traditional financial risk early-warning systems
rely heavily on linear models, which fail to adequately capture the dynamics of complex economic
systems.

Merton Model and Its Derivatives

The Merton Model and its derivatives are among the structural credit-risk models developed to
estimate the probability of corporate default. Introduced in 1974 by Robert C. Merton, this model
assesses financial risk—particularly through capital structure and market value—to measure a firm’s
likelihood of bankruptcy (Aywak, 2022). The foundation of the model is the Black—Scholes option-
pricing theory, and it interprets a firm’s equity as a European call option.

According to the Merton Model, the value of a company’s assets determines whether it can meet
its obligations (Merton, 1974). If the firm is unable to repay its debts at maturity—that is, if the value
of its assets falls below the value of its liabilities—this signifies default. Using this approach, the
firm’s probability of default is calculated based on the stochastic behaviour and volatility of its assets.

The core components of the model are:

— Total asset value of the firm;

— Volatility of the firm’s assets;

— Maturity structure and magnitude of debt;

— Risk-free interest rate;

— Equity value and market observations.

In the Merton Model, the probability of default is treated as the likelihood that a firm’s asset value
will fail to cover its liabilities. Within this framework, concepts such as Default Distance (DD) and
Default Probability (DP) have been developed. Default Distance measures how far a firm’s asset
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value is from the default threshold, while Default Probability expresses the likelihood of default based
on the statistical distribution of this distance.

One major advantage of the Merton Model is that it provides a market-based and statistically
sophisticated estimation of default risk (Abdullah, 2016). However, it also has several limitations.
For instance, asset value and asset volatility are not directly observable, requiring indirect estimation.
In addition, the model assumes a single debt maturity and a constant risk-free interest rate, which may
not adequately represent more complex capital structures.

Among the best-known advanced derivatives of the Merton Model are the KMV Model, the
Black—Cox Model, and the Longstaff—Schwartz Model.

The KMV Model, developed by Moody’s and built upon the Merton framework, is widely applied
for estimating the default probabilities of private firms (Septiana et al., 2025). In this model, the
default threshold is defined more flexibly using historical data.

The Black—Cox Model extends the Merton Model by introducing a “default barrier” that is
monitored continuously over time, allowing the calculation of dynamic default probabilities.

The Longstaff—Schwartz Model incorporates interest-rate risk into the structural framework,
jointly evaluating both debt and interest-rate components.

These models are effectively used in many areas, including modern credit-risk management,
credit default swap (CDS) pricing, and corporate debt analysis.

Conclusion

In summary, bankruptcy and financial distress prediction has progressed from static, backward -
looking, accounting-centric models — dynamic hazard/market-based structural models — Al-
augmented, big-data-driven, non-linear systems. The most effective contemporary frameworks
combine:

» the theoretical rigor of structural (Merton-type) models,

* the time-series richness of hazard/panel approaches,

» the forward-looking information content of market variables, and

« the representational power of modern deep learning architectures.

Future advances are likely to focus on interpretability of deep models, real-time prediction using
high-frequency and unstructured data, integration of climate and geopolitical risk factors, and the
development of truly systemic early-warning systems capable of detecting contagion across firms,
sectors, and regions before traditional indicators signal distress. In an increasingly interconnected and
fast-moving financial environment, models that can continuously learn and adapt from market and
alternative data streams will dominate bankruptcy and financial risk prediction in the coming decade.
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