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Extended Abstract

Introduction

Bankruptcy is one of the important elements of the structure of the market system
and its purpose is to protect socio-economic processes against the results of
inefficient activities of members and non-fulfillment of obligations. As a result of
bankruptcy, bankrupt companies are removed from the market economy, that is,
resources are distributed from inefficient owners to those who do the most
efficient work, which means that bankruptcy is one of the ways to improve the
country's economy. Bankruptcy prediction models designed to be as accurate as
possible, but not sufficiently acceptable and interpretable from an economic point
of view, are unlikely to be useful in practice. Unlike linear regression techniques,
new bankruptcy prediction models, such as neural networks and gradient boosting
models that consider nonlinear relationships, do not clearly show how explanatory
variables and bankruptcy probability are related. This often happens when there
are non-linear relationships between the explanatory variables and the predictive
or non-uniform effects of the explanatory variables on the probability of
bankruptcy. An effective bankruptcy prediction model should show the true
effects of the most important explanatory variables on the probability of
bankruptcy and still be clear and interpretable. Moreover, the main criterion for
evaluating such a model should be how it affects the profitability of decision-
making, rather than validity criteria based solely on probability or classification.

Literature Review

Bankruptcy prediction models are valuable analytical tools used by entrepreneurs,
financial institutions and individual investors alike. However, despite the use of
sophisticated methods, their effectiveness still needs to be improved. There may
be many reasons why bankruptcy models are unreliable. Some bankruptcies
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cannot be predicted because they are caused by sudden, unusual and unexpected
events. In some cases, the problem may be due to poor bankruptcy forecasting
methods. It is also possible that errors in bankruptcy prediction are related to the
poor quality of data published in financial statements. Unreliable data can be
resulted from unintentional mistakes by accountants and deliberate manipulation
of financial statements. The trend of studies shows that although statistical models
can provide good predictions for corporate bankruptcy, the limiting assumptions
of some of these models, such as linearity, normality and independence of
predictor variables, have affected their effectiveness; Therefore, to overcome
these limitations and improve the performance of predictions, artificial
intelligence techniques were gradually developed. Bankruptcy artificial
intelligence models mainly focus on signs of business incapacity. They are
generally multivariate and the variables used in them are extracted from the data
of the company's financial statements.

Research Methodology

The present study is a systematic review. To collect the required articles, help can
be got from Google Scholar, Wiley Interscience, Science Direct, Web of Science
and Business Source Complete databases. In this research, the required data was
extracted using Web of Science. For the initial search in the mentioned database,
keywords such as Bankruptcy, Default, Distress, Failure, Forecasting, Insolvency,
Predicting, Prediction and also from the operators AND, OR and NOT was used
in the Title field so that the search engine could find all the available articles as
much as possible. Among the possible states, the only keyword that found a
significant number of articles is Bankruptcy. The results of the initial search were
1000 articles which were screened in this database to find documents related to
the research topic using built-in limiting filters (filters such as document type,
article publication language, publication year and Web of Science domains). By
applying the first filter in the document type section (selecting Article), 400
articles were removed and by selecting the English language, 51 articles were
removed. Also, by applying the time limit of 2015 to 2023, 234 articles were
selected and 266 articles were removed due to lack of subject relevance and 49
final articles related to the purpose of the study were identified and selected.
Considering that the Web of Science scientific database is constantly being
updated, therefore, if a researcher does this search at another time, he will
probably reach independent results that are not consistent with the current results.

Results

According to the findings of the current research, artificial neural network and
support vector machines are the most suitable tools and they fulfill some criteria
of bankruptcy prediction models.

Discussion and Conclusion
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The result of the present study is that the developers of bankruptcy prediction
models, instead of choosing based on popularity or other non-scientific factors,
can now make informed decisions regarding the selection of tools for their model.
Essentially, tools are often chosen based on their strengths. Another consequence
is that bankruptcy prediction models with better performance will generally be
more developed according to the needs of end users. The framework of the present
study reduces the waste of time in the process of developing many bankruptcy
prediction models with different tools in order to choose the best option after a
series of tests; Only tools that best fit the developer's situation will be used and
compared.

Future studies should consider the possibilities of interpreting the results of
artificial neural network and support vector machines because they are the most
appropriate tools and fulfill some of the criteria of bankruptcy prediction models.
The best overall model that performs better than other models according to all or
most of the criteria, although it has not yet been determined, may be in the form
of a combination of tools; Therefore, future research should, on the one hand,
investigate different combinations in order to develop the best combination that
can achieve this adaptation. On the other hand, future studies should consider
using more sophisticated tools such as Barrett machines, highly random trees, etc.
Since the tools that can be used with qualitative variables were presented in this
study, future studies should consider the inclusion of qualitative variables in the
development of bankruptcy prediction models as suggested in many studies.
Meanwhile, future studies should combine quantitative and qualitative variables
using these tools from the point of view of developing bankruptcy prediction
models with better performance.
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1. Multivariate Statistical Models (MDA)
2. Logistic Regression (LR)

3. Artificial Neural Network (ANN)

4. Support Vector Machines (SVM)

5. Rough Sets (RS)

6. Case Based Reasoning (CBR)

7. Decision Tree (DT)

8. Genetic Algorithm (GA)
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