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The concept of business failure has been under discussion in the academic and business world due to the
economic and social relevance of the topic. The mere threat of a business going bankrupt affects the entire chain
of business relationships. Therefore, predicting the bankruptcy of a business in advance is extremely important for
investors, credit banks, suppliers, the state, employees, and other stakeholders of the organization. In this context,
academics and professionals have sought to develop models for predicting business failure. The literature on this
topic has evolved since the seminal works of Beaver (1967) and Altman, mainly based on the use of mathematics
and statistics. However, with the emergence of artificial intelligence, the topic of predicting business failure has
resurfaced with additional enthusiasm. This presentation addresses the evolution of business failure prediction

models.

artificial intelligence forecasting business failure financial sustainability

| 1. Failure Definitions

Grounded in the insights of Walsh and Cunningham &, research into business failure dates back to the 19th
century, but it has witnessed intensified and comprehensive investigation in recent years. Beaver & defines failure
as an organization’s inability to fulfill its financial obligations, signifying its incapacity to meet creditor obligations,
distribute dividends to shareholders, or avoid bankruptcy. Furthermore, Beaver et al. B characterize failure as the
non-fulfillment of financial obligations, encompassing financial difficulties, which entails the failure to meet
obligations on time and, on the other hand, the organization’s bankruptcy. Conversely, following the perspective
advanced by Altman and Hotchkiss 4!, a company can find itself in a state of economic failure for an extended
period without defaulting on its obligations. In this view, the quality of managerial stewardship by the board of
directors emerges as the primary determinant of failure. In concordance with Amankwah-Amoah et al. 2, business
failure materializes when a company cannot recover from a period of decline, ultimately leading to its collapse. In a
more general sense, business failure can be delineated as the cessation of operations due to an inability to adapt
to external changes (Amankwah-Amoah and Wang [8). However, as Pereira et al. [ noted, it is essential to
recognize that no singular concept of business failure exists, encompassing a spectrum ranging from legal

bankruptcy to insolvency, suspension of payments, or persistent financial losses.

| 2. Financial Distress Prediction Models
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In alignment with the diversity of failure definitions, a variety of models and methodologies exist for predicting
business failure. This spectrum begins with the seminal univariate analysis model introduced by Beaver @ and
extends to multivariate discriminant analysis, logit, and probit models, as expounded by Pereira et al. [Z. Moreover,
recent developments have given rise to models rooted in artificial intelligence techniques. Corroborating the
assertion of Korol and Spyridou [ establishing a financial early warning system is critical for organizations,
leveraging reasonable forecasting models that empower stakeholders to evaluate financial risks capable of shaping
organizational success or failure. It is imperative to recognize that each of the discussed models has advantages
and drawbacks. Consequently, there is no universally superior technique, and selecting an appropriate model

hinges on individual circumstances and one’s conception of business failure, aligning with Pereira et al. .

The development of business failure models gained momentum in the 1960s, catalyzed by the imperative to
scrutinize business failure and the ensuing economic and social ramifications for all stakeholders. The initial
techniqgues employed encompassed statistical methodologies applied to companies’ financial data, involving the
utilization of a set of financial ratios (Maricica and Georgeta 19). Pioneering contributions, such as those of Beaver
2 and Altman 22, played pivotal roles in this analytical domain. Regarding the most frequently employed technique
for predicting business failure, multiple discriminant analysis is the prevailing approach in the corpus of analyzed
studies (Alaka et al. [12)), Hausser and Booth 23], and Lenox 141,

Statistical techniques have historically served as the prevailing method for predicting business failure. These
techniques, founded on a predefined threshold, classify companies as failures if their scores fall below the
specified threshold or as non-failures if not. Nevertheless, as posited by Ooghe and Spaenjers [12, statistical
technigues may vyield specific errors, imposing costs on companies, such as type | errors (where failed companies
are erroneously classified as non-failed) or type Il errors (the converse situation). Pereira et al. 18 note that initial
research sought to ascertain whether datasets contained sufficient information to forecast impending insolvency or
aimed to discern the most effective predictive models. Subsequently, with more comprehensive models, such as
artificial intelligence-based techniques, a quest for enhanced accuracy and reduced error rates in business failure

prediction emerged.

Following Yeh et al. 17, the limitations of early business failure prediction models are twofold. Firstly, these models
exclusively relied on financial ratios as independent variables. Secondly, they overlooked the significance of a
company’s managerial effectiveness as a critical variable for classifying failures. While widely adopted, statistical
techniques often entail restrictive assumptions such as linearity, normality, and independence among variables (Wu

[18]) Alternative methods rooted in artificial intelligence have been introduced to circumvent these limitations.

According to Shetty et al. 19, the 1990s ushered in a new phase in the evolution of business failure prediction
models, introducing innovative methods, particularly artificial intelligence algorithms, including neural networks
(Spiler et al. 29) and decision trees. These artificial intelligence-based techniques offer promising alternatives to

traditional statistical models, addressing their principal shortcomings (Dong and Chen [21]),
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Neural networks (NN), as defined by Neves and Vieira 22, represent a prominent artificial intelligence-based
method for business failure prediction. These networks, inspired by the architecture of the human brain, can learn
directly from examples without prior knowledge of specific problems. A neural network comprises interconnected
processing units, each with a calculation function (Tam and Kiang [23)). The learning process involves iterative

adjustments to minimize errors until the network attains equilibrium, resolving the problem (Altman et al. 24]),

Neural networks offer several advantages over statistical models. They eliminate the need for a pre-established
functional relationship among variables, as they can direct knowledge acquisition through the learning process.
Furthermore, the collective behavior of multiple units, rather than individual units, contributes to their efficiency
(Altman et al. 24]), Despite their advantages, neural networks are relatively slow learners and may yield complex,
challenging-to-interpret results (Altman et al. 24]). Understanding the final rules neural networks acquire can also
be challenging (Shin and Lee [23). Numerous studies have compared the performance of neural networks with
statistical techniques, revealing that neural networks may exhibit superior predictive capacity in specific scenarios
(Altman et al. 24 and Gamez et al. 28]). It has been suggested that combining neural networks with multiple
discriminant analyses may yield more accurate and comprehensible results (Altman et al. [24)). Noh 24 compared
the bankruptcy prediction performance of the long short-term memory (LSTM), logistic regression (LR), k-nearest
neighbors (k-NN), decision tree (DT), and random forest (RF) models. For the author, the results of this research
provide useful information for selecting a suitable bankruptcy prediction model when the dataset has relatively few

bankrupt companies.

Decision trees (DTs) constitute another machine-learning technique for business failure prediction. Decision trees
map a hierarchy of classes or values based on conditional logic rules, leading to a classification. The main goal is
to uncover relationships and dependencies between the variables, usually presented in the form of rules (e.g., “X
— Y!l)'

Decision trees offer versatility and a high comprehension rate, facilitating the identification of critical factors for
accurate company classification (Pereira et al. ). Moreover, they do not necessitate the transformation of
variables or the imposition of constraints and can incorporate the costs of incorrect classification, ultimately
reducing financial burdens (Gepp et al. [28)). However, decision trees have some drawbacks, including the arbitrary
assignment of prior probabilities, rendering them less precise than statistical models. Additionally, they merely
indicate the relative importance of variables, unlike statistical models that provide detailed significance levels
(Gepp et al. [28)). Challenges include creating decision trees, which can be time-consuming, difficulty handling

incomplete information, and the possibility of unexpected values (Pereira et al. [1).

Support vector machines (SVMs) are an artificial intelligence-based method for business failure prediction. These
machines employ a linear model to create an optimal separator for binary classification. The variables closest to
this separator, referred to as support vectors, define the outcome, classifying companies as failures or non-failures
(Alaka et al. 12)), SVMs excel in minimizing structural risk, offer a higher predictive capacity, and are adept at
handling overlapping data (Yeh et al. 12 and Shetty et al. 12). SVMs are lauded for their precision and stability in

predicting business failure. Their simplicity facilitates integration with traditional statistical techniques, leveraging
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the strengths of both approaches (Min and Lee [22)). Kernel-based support vector machines (K-SVMs) enhance
classification accuracy and outperform other prediction models (Shaw and Routray B9). Genetic algorithms (GAs),
a stochastic search technique inspired by natural genetics and evolution, also contribute to business failure
prediction. GAs transform complex problems into simpler ones that can be treated as discriminant functions as
mentioned by Gordini B, GAs excel in optimizing objective functions subject to rigid and flexible constraints and
can explore non-linear solution spaces without prior information about the model (Shin and Lee 2% and Wu et al.
[Q]). GAs entail four key stages: initialization, selection, crossover, and mutation. In the initialization phase, a
population of genetic structures, or chromosomes, is distributed in the solution space. The best-performing

chromosomes are selected and copied to the next generation, gradually occupying a more significant portion.

As explained above, the burgeoning field of business failure prediction has witnessed a paradigm shift with the
advent of artificial intelligence (Al) technologies. This research aims to investigate and compare the efficacy of
business failure prediction models based on Al against those grounded in traditional statistical approaches. Based
on the literature in the field, this research posits that Al-driven models outperform their statistical counterparts in

accurately forecasting business failures.

Al-based models, particularly machine learning algorithms, offer a distinct advantage in handling complex and
dynamic datasets. These models exhibit a capacity for nuanced pattern recognition, leveraging vast amounts of
data to identify subtle indicators of financial distress that may elude conventional statistical methods. Moreover, Al
models can adapt and evolve with changing market conditions, providing a more robust and responsive framework
for business failure prediction. By harnessing the power of deep learning and neural networks, these models can
uncover intricate relationships within financial data, offering a more comprehensive understanding of the

multifaceted factors contributing to business failure.

Contrastingly, traditional statistical models often rely on predefined assumptions and linear relationships, limiting
their ability to capture the intricacies of modern business dynamics. Statistical methods may struggle with non-

linearity and fail to adapt to the evolving nature of markets, leading to diminished predictive accuracy.

Thus, based on the literature available, researchers can conclude that Al-driven business failure prediction models
surpass statistical models.
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