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Abstract: Forecasting the collection of non-current receivables is one
of the key challenges in the financial management of financial and
credit institutions. This issue not only affects the financial stability and
soundness of banks, but also directly affects their ability to manage
risk and determine effective credit strategies. The present study uses
artificial intelligence-based methods to provide a forecasting model to
determine the probability of collection of non-current receivables in
contracts with debt due between 30 and 90 days. In this study,
machine learning algorithms, including decision trees, random forests,
and model clarification analyses, especially SHAP (SHapley Additive
exPlanations), are used to analyze financial data and predict the status
of receivables collection. The results of the analysis show that machine
learning models are able to distinguish and isolate self-healing
contracts from other contracts with considerable accuracy in the
future. The findings show that machine learning models have a high
power in distinguishing self-healing contracts from other cases. The
SHAP tool has also played a key role in analyzing the features that
affect the prediction. This approach can be effectively used in
improving banks' credit risk management solutions.
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Extended Abstract

Introduction

One of the problems facing the banking system of various countries, including Iran, is the increase
in past due and overdue claims of banks compared to the total facilities granted in the country's
banking network, which indicates a decrease in the quality of the banking network's assets and,
consequently, possible financial instability in the future. The existence of such claims has very
negative effects on the cycle of resources and expenditures of banks, so that from an internal
perspective, operating costs, profitability, customer service, branch grading, employee salaries and
benefits, and other quality indicators, branches are severely affected. From an external perspective,
it causes a slowdown in the circulation of liquidity in the country's economy, the lack of timely
and optimal allocation of resources to the production and industry network as facilities, the lack
of employment boom and ultimately economic recession will follow, and the accumulation of
overdue claims is increasing concerns day by day. In summary, this research, using new
approaches in the field of explainable artificial intelligence, attempts to provide an efficient,
accurate, and transparent model for predicting the collection of non-performing loans in banks.
The use of machine learning models and analytical tools not only allows for increased accuracy in
prediction, but also provides the ability to interpret and clarify model decisions for end users. Such
an approach can led to improving the credit assessment system, enhancing the quality of financial
decision-making, and reducing credit risks in the country's banking system.

Theoretical framework

The banking system, as one of the vital pillars of the country's economy, is responsible for
mobilizing and allocating financial resources. A significant part of this task is achieved in the form
of granting facilities to natural and legal persons. However, granting facilities is always
accompanied by risks, the most important of which is the risk of default or non-repayment of
facility installments by customers. When customers are unable to pay their installments on the
specified due date, the bank's receivables are placed in a non-current state, which, if continued,
will not only threaten the bank's profitability but also cause a liquidity crisis and, in extreme cases,
threaten economic stability at the macro level. Non-current receivables have become one of the
important indicators for assessing the efficiency and health of the banking system in recent years.
In order to control this risk, banks and regulatory institutions have always sought tools and models
to predict the probability of customer default and analyze the factors affecting the repayment or
non-repayment of facilities. In response to these shortcomings, in recent years, artificial
intelligence, and especially machine learning, have attracted the attention of researchers and
activists in the financial field as new tools for data analysis. Algorithms such as artificial neural
networks, decision trees, random forests, support vector machines, and deep learning models have
been able to identify complex relationships between customer characteristics and repayment
probability by learning from large volumes of historical data and provide highly accurate models
(Lessmann et al., 2015 and Zhang et al., 2021). In the meantime, explainable artificial intelligence
has emerged as a new approach in data science that aims to increase the transparency,
understandability, and reliability of complex machine learning models. XAl includes a set of
methods and algorithms that can make the causes and logic of Al models’ decisions interpretable
to humans. Methods such as LIME, SHAP, Anchors, and feature-based decisions are among the
key techniques in this area that have found important applications in banking and credit risk
analysis (Barredo Arrieta et al., 2020 and Ribeiro et al., 2016).
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Methodology

The present study is applied in terms of purpose and analytical-quantitative in terms of approach,
and by using machine learning algorithms and explainable artificial intelligence methods, it seeks
to design a model to predict the probability of collection of non-current receivables in contracts
with debt due between 30 and 90 days. This research is included in the category of data-driven
research that uses real banking and credit data to try to provide an accurate and interpretable model
for credit decision-making. Considering the specific characteristics of financial data and the
complexity of customer behavior, the research uses a predictive modeling approach to extract and
explain the relationships affecting the probability of default and repayment through analyzing the
patterns in the data. Given the importance of the issue of collection of receivables in banking
processes, always dealing appropriately and systematically with bad-paying customers in order to
improve their situation requires predicting and identifying these people with high accuracy and at
the right time. Therefore, in order to reduce the operational and human costs of identifying these
individuals and also to minimize the dissatisfaction of generally good customers with
inappropriate repayment behavior, a high-accuracy intelligent model is needed. With the
advancement of artificial intelligence and machine learning algorithms, significant improvements
have been achieved in the performance of many different business areas that use data-based
artificial intelligence. Therefore, it can be said that the use of data-driven machine learning
algorithms, along with high accuracy and speed of execution, can prevent erroneous biases in
decision-making. Therefore, in the upcoming research, machine learning-based algorithms are
used to identify bad customers with a high probability of worsening their repayment status.

Discussion and Results

In this study, the confusion matrix, which is one of the key tools in the analysis of classification
models, was used to evaluate the performance of the non-performing loan collection prediction
model. In this analysis, customers are classified into two categories: “good” and “bad” and the
main goal of the model is to accurately identify customers who are likely to default in the next
three months. The results obtained from the confusion matrix showed that the model was able to
correctly identify 84.3 percent of bad customers (True Positive), which indicates the high accuracy
of the model in identifying high-risk individuals and is considered very crucial for banks in the
credit decision-making process. On the other hand, 63 percent of good customers were also
correctly identified by the model (True Negative), which indicates the acceptable performance of
the model in identifying individuals who are committed to paying. However, the False Positive
rate of about 37% indicates that some good customers are wrongly classified as debtors; this may
lead to unfair credit decisions such as rejecting a loan application or increasing interest rates, which
may have consequences for customer satisfaction and bank policies. Also, the False Negative rate
of about 15.7% means that some debtors are wrongly identified as good customers, which may
increase credit risks for the bank. These results indicate that although the overall accuracy of the
model is relatively good, there is a need to examine the decision threshold more closely and apply
model tuning techniques to optimize the final performance. The threshold value chosen for
classification is determined based on AUC curve analysis and plays an important role in balancing
the model error rates. Previous research has also emphasized that optimal threshold selection and
the use of explainable models in financial decision-making can increase the effectiveness and
fairness of credit rating systems (Ribeiro et al., 2016; Lundberg & Lee, 2017). Overall, the findings
of this study are consistent with similar studies such as Athey et al. (2019) and Bertsimas et al.
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(2020), which have shown that the use of machine learning models combined with explainable Al
algorithms can increase forecasting accuracy while making the reasons for model decisions
transparent to end users. Finally, to improve the receivables collection forecasting system, it is
recommended to optimize the model structure, fine-tune the thresholds, and use explainable
analysis tools such as SHAP or LIME to increase the accuracy of the model and strengthen the
confidence of decision-makers in its results.

Conclusion

In this study, a model for predicting bad debt collection based on explainable artificial
intelligence was presented and evaluated. The main goal of this study was to develop a
model that can accurately predict bad debt and at the same time provide decision makers
and experts with the ability to interpret and analyze its results. Predicting bad debt
collection is one of the important challenges in the field of finance and credit that has a
direct impact on risk management and improving the financial position of organizations.
In this regard, the use of artificial intelligence techniques, especially machine learning,
and explainable tools such as SHAP, in order to analyze the effective features in predicting
and interpreting the model is of great importance. In this study, first, data related to bad
debt were collected and various features that could affect the forecast were identified.
Then, using different machine learning algorithms, models were designed to predict bad
debt collection. Next, the performance of these models was analyzed and evaluated, and
the results obtained were interpreted in detail using explainable tools such as SHAP.

In this chapter, the results of various predictive model tests are examined. The
performance of the models is analyzed from various aspects including accuracy,
interpretability, and practical capabilities. Also, the features that have the greatest impact
on the prediction of non-current receivables are identified and analyzed. Finally, based on
the results of these analyses, suggestions will be made for improving the model,
developing its practical applications in the financial and credit industries, and future
research directions. Given the increasing importance of using artificial intelligence in
financial fields, this research can be considered as an effective step in improving decision-
making processes and reducing risks associated with non-current receivables. The main
hypothesis of the research is examined and analyzed below.
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