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Abstract 

 

The goal of this study is to identify the most effective model for predicting credit risk, the 

likelihood a commercial loan defaults (become a non-performing loan) in the Turkish 

banking sector and to determine which firm and loan characteristics influence that risk. 

The analysis draws on an unbalanced dataset of 1.2 million firm-level observations for 

2018–2023, combining financial ratios with detailed loan- and firm-specific information. 

Class imbalance is addressed through oversampling (including SMOTE) and multiple 

down-sampling schemes. Although the risk is assessed ex-ante, model performance is 

evaluated ex-post using the ROC-AUC metric. Within tested conventional econometric and 

machine learning approaches accompanied with different sampling techniques, Extreme 

Gradient Boosting (XGBoost) with oversampling delivers the best result with a ROC-AUC 

score of 0.914. Compared with logistic regression under the same sampling setup, a 4.9-

percentage-point increase in test ROC-AUC is attained, confirming the model’s superior 

predictive performance over conventional approaches. Accordingly, the study finds that 

the industry and location in which a firm operates, its loan-restructuring status, loan cost 

and type (fixed vs. floating rate), the firm’s record of bad checks, and core ratios capturing 

profitability, liquidity and leverage to be the most influential predictors of credit risk. 
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Non- Technical Summary 

Accurate measurement of credit risk is crucial for ensuring the sustainability of financial 

institutions, minimizing default risk, and maintaining economic stability. In this study, 

credit risk is defined narrowly as the probability that a firm will default on a loan—i.e., the 

loan will be classified as a non-performing loan under regulatory criteria—within the next 

twelve months.  With the rapid advancement of technology, interest in modern and data-

driven analytical techniques has increased to improve the accuracy of credit risk 

predictions beyond traditional methods. 

This study examines the applicability and potential of machine learning in predicting the 

credit risk of commercial loans provided by the Turkish banking sector by integrating 

firms' financial indicators, loan characteristics, and firm-specific variables with machine 

learning techniques. Model probabilities are produced ex-ante at time t and are evaluated 

ex-post against whether the loan actually defaults during the subsequent 12-month 

window, ensuring a clear separation between prediction and realization. While not all 

firms predicted to be high-risk eventually default within the observed window, model 

performance is not judged by perfect classification. Instead, the use of Receiver Operating 

Characteristic Area Under the Curve or ROC-AUC captures the model’s ability to rank 

default risk correctly—assigning higher risk scores to firms that are more likely to default 

than those that are not. 

Using an extensive data set of 1,264,123 observations from firms operating in Türkiye 

between 2018 and 2023, the effectiveness of various machine learning algorithms in 

predicting credit risk was evaluated. The data set is highly imbalanced, with only 3.3% of 

observations corresponding to defaulted firms. To address this issue, different sampling 

techniques were applied. Various sampling methods were tested for each model, and 

their effects on model performance were systematically analyzed. The use of a large data 

set covering a five-year period and consisting of over 1.2 million observations 

differentiates this study from the existing literature, as it provides a detailed examination 

of the impact of different sampling techniques on model performance in imbalanced data 

sets. The analysis results indicate that firms' financial history, operating environment, 

borrowing costs, and debt structure are key determinants in predicting credit risk. The 

significant variables identified in the study largely overlap with the key variables defined 

by traditional methods. However, the inclusion of not only financial ratios but also credit 

characteristics and firm structure—amounting to a total of 55 different variables—and the 

comprehensive analysis of all firms utilizing credit in Türkiye highlight the study’s inclusive 

and multidimensional approach to measuring credit risk. 
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The study compares various models, including logistic regression, penalized logistic 

regression, decision trees, random forests, gradient boosting algorithms, and artificial 

neural networks, concluding that sampling techniques significantly impact model 

performance in imbalanced data sets. Gradient boosting algorithms outperformed other 

methods, but the choice of sampling method emerged as a critical factor in model 

performance. Specifically, the Extreme Gradient Boosting model, when combined with 

oversampling techniques, yielded the best results. 

These findings demonstrate that machine learning techniques can provide more 

adaptable and accurate predictions of credit risk compared to traditional methods. More 

precise measurement of credit risk enhances the efficient allocation of financial 

resources, strengthens risk management in the banking sector, and contributes to overall 

economic stability. 
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1. Introduction 

The importance of credit in the Turkish economy has grown remarkably over the past 

two decades, particularly in terms of its role in promoting economic growth and 

contributing to financial stability. Since 2002, the credit-to-GDP ratio has increased from 

14% to 44%, peaking at 76% in 2018 (Figure 1), highlighting the importance of lending in 

Türkiye. Accounting for approximately 90% of total assets in the Turkish financial 

system, bank loans are the dominant instruments in the Turkish financial system.  The 

measurement and management of credit risk, the largest risk in lending, play a crucial 

role not only for individual financial institutions but also for overall economic growth 

and financial stability. In order to better measure credit risk, the Turkish banking sector 

follows the latest international standards in credit risk measurement. 

Figure 1 – Credit-to-GDP Ratio (%) 

 

Source: BRSA, CBRT 

Note(s): As of December 2023. The nominator (credit component) covers the loans provided by Turkish banks to non-

financial sector 

After the global financial crisis in 2008, the International Accounting Standard Board 

undertook efforts to strengthen the accounting practices in the financial sector to better 

reflect the risks. Among these efforts, the introduction of IFRS (International Financial 

Reporting Standard) 9 was a significant step forward, as it provided more useful and 

relevant information to investors compared to the previous International Accounting 

Standard (IAS) 39 standard, particularly in the European context during the transition 

period (Mechelli, Sforza, & Cimini, 2020). As a result of these efforts, the IFRS-9 came into 

force in 2014, replacing the previous IAS 39. The IFRS9 standard aims to improve 

transparency, enhance credit risk management, and better reflect economic conditions in 

financial reporting. For credit impairment, the IFRS 9 introduces a forward-looking 
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expected credit loss (ECL) model, replacing the backward-looking incurred credit loss 

model of the IAS 39. IFRS 9 recommends that the ECL calculation should use all reasonable 

and supportable information, including past events, current conditions and future 

economic conditions. By enabling the calculation and recognition of potential losses from 

the inception of a loan, IFRS 9 aims to provide a more accurate and realistic reflection of 

key financial ratios such as bank profitability, capital adequacy, liquidity status and asset 

quality. This will enable a more transparent assessment of banks' financial health and 

strengthen risk management. As IFRS 9 was adopted in Türkiye in 2018, the data from 

2018 onwards has been used in this study. 

The accurate measurement of credit risk has a direct impact on a bank's profitability and 

capital adequacy. Proper assessment of risk during the lending process allows banks to 

minimize potential losses and maintain capital adequacy ratios. This is essential for banks 

to operate without liquidity problems and to allocate credit resources effectively. This is 

because the close relationship between liquidity risk and credit risk highlights the 

importance of managing both risks simultaneously (Imbierowicz & Rauch, 2014). 

Otherwise, credit losses can adversely affect banks' financial health and undermine 

confidence in the financial system, which may potentially lead to banking crises. 

The application of machine learning methods in the financial sector has become a 

prominent area of interest in recent years. In particular, in the area of credit risk 

management, exploring the potential of these technologies has the ability to significantly 

improve the risk assessment and management processes of financial institutions. 

Integrating machine learning techniques into credit risk analysis can help financial 

institutions make more informed decisions with more accurate predictions. Unlike 

traditional credit risk models that heavily rely on predefined financial ratios and static risk 

parameters, machine learning models leverage large data sets and dynamic patterns to 

provide more adaptive and real-time risk assessments. This adaptability not only 

enhances credit allocation efficiency but also reduces the operational costs associated 

with manual risk evaluations, leading to greater economic efficiency. 

This study aims to investigate the potential of machine learning techniques in credit risk 

analysis, focusing on commercial loans, which constitute the majority of loans in the 

Turkish banking sector. This is crucial because better management of credit risk in such a 

big segment of the loan market will assist maintaining financial stability and increasing 

the resilience of the economic system. This approach is seen as a step towards preserving 

overall economic welfare and preventing potential financial crises. 

The study compared many models and found that the models using gradient boosting 

techniques from machine learning models were more successful than other models. 

Machine learning models provide a faster and data-driven alternative to traditional 
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models, enabling financial institutions to be proactive. In addition, sampling techniques 

are also found to be effective for model success. Consistent with the literature, financial 

ratios are found to be important in predicting credit risk. However, our study goes beyond 

financial indicators and introduces a broader approach to credit risk estimation. 

Accordingly, industry-specific variables and variables representing firm behavior and 

structure are included in the model. These variables are found to be at least as important 

as financial ratios. This broader perspective has provided a more multidimensional and 

holistic approach to credit risk analysis. 

The rest of the paper is organized as follows. The next section highlights the importance 

of machine learning for financial stability, focusing on models and unbalanced data sets. 

The critical role of accurate credit risk management in maintaining economic stability is 

emphasized. The third section describes the conceptual framework, focusing on the 

analysis of firms' financial statements and their integration with machine learning 

techniques for assessing loan repayment ability. The fourth section details the data sets 

used, their integration into the analysis, and their importance in credit risk modeling. The 

fifth section presents the system design and model results, evaluating the performance 

of machine learning models, significant variables, and their impact on predictions. Finally, 

the last two sections present the conclusions of the study and future enhancement areas. 

2. Literature Review 

The application of machine learning techniques in credit risk analysis has become an 

increasingly prominent area of research in both academic and professional circles in 

recent years. This field is of critical importance, particularly for maintaining financial 

stability and minimizing credit losses. Machine learning techniques offer significant 

advantages over traditional methods due to their ability to extract meaningful insights 

from large and complex data sets and to utilize this information in predictive processes. 

The relevant literature often prioritizes studies utilizing large, non-synthetic data sets. 

Furthermore, research emphasizing the importance of measuring credit risk using 

machine learning techniques for financial stability is frequently highlighted. The literature 

also addresses the challenges posed by imbalanced data sets and explores sampling 

methods and comparisons of various models. 

Studies based on exhaustive and real-world data sets demonstrate how machine learning 

techniques can be employed in credit risk analysis. For instance, Petropoulos et al. (2018) 

highlighted that, following the 2007-2008 global financial crisis, central banks began to 

collect large databases to strengthen supervision and monetary policies, thereby 

increasing the demand for data mining and financial modeling. Their study introduced an 

innovative approach utilizing dimensionality reduction and data mining algorithms in 

situations where traditional econometric methods fall short. Focusing on the Greek 
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banking system, the analysis aimed to classify borrowers' credit quality and predict 

default probabilities using a 10-year credit data set. Techniques such as extreme Gradient 

Boosting (XGBoost) and Deep Neural Networks were found to outperform traditional 

methods like logistic regression and discriminant analysis. 

Similarly, Khandani et al. (2010) developed non-linear and non-parametric models using 

data from a bank over the period 2005-2009. Their study, which achieved 85% accuracy 

in predicting credit card defaults, demonstrated that machine learning-based predictions 

could reduce total losses by 6% to 25% through credit limit adjustments. These findings 

suggest that machine learning can be applied not only to individual credit risk but also to 

systemic risk forecasting. 

Suhadolnik et al. (2023) discussed the increasing reliance of financial institutions and 

regulators on machine learning for credit decisions. Their study, conducted on a large 

data set containing over 2.5 million observations, found that ensemble models, 

particularly XGBoost, outperformed traditional methods. The research highlighted the 

effectiveness of ensemble techniques in credit scoring processes, demonstrating their 

success with both balanced and imbalanced data sets. 

Yıldırım et al. (2021) analyzed credit risk with statistical and machine learning methods 

using data of approximately one million companies in Türkiye between 2010-2018. The 

study evaluated two different model groups. The first model group includes logistic 

regression, decision tree, random forest algorithm, and gradient boosting methods. The 

second set of models derived from the first model is based on graph theory and includes 

new variables reflecting the commercial interactions of companies. In the comparison of 

both model groups, the best score was achieved with the random forest algorithm and 

the important variables were determined by the SHapley Additive exPlanations method. 

This study is very important as it utilizes data from Türkiye and the number of 

observations is in the order of million. On the other hand, the scope of the study covers 

the period before IFRS 9. With IFRS 9, the loan classification approach changed radically 

and the expected future loss model was adopted. Our study covers the post-IFRS 9 period 

and fills an important gap in the literature for Türkiye in this respect. 

While these studies highlight the value of large data set, our study contributes to the 

literature by focusing on commercial credit risk management in Türkiye using a data set 

of over 1.2 million observations. The scale of our data set provides an unprecedented 

level of depth among similar studies in the literature. 

One of the most common challenges in credit risk analysis is the imbalance of data sets 

due to the small number of defaulting firms. This imbalance makes it difficult for models 

to predict rare events. Birla et al. (2016) reviewed methods for handling imbalanced data 
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sets and highlighted the effectiveness of techniques such as Synthetic Minority 

Oversampling Technique (SMOTE). The study found that methods such as Random Forest 

and One-Class Classification outperformed traditional logistic regression on imbalanced 

data sets. 

Doko et al. (2021) compared logistic regression, decision trees, and Random Forest 

models for credit risk prediction using the credit registry data of the Central Bank of North 

Macedonia. The results showed that decision trees performed best on imbalanced data 

sets. Our study systematically analyzes the sampling techniques (down-sampling, over-

sampling, and SMOTE) used for imbalanced data sets, providing a broader perspective on 

their impact on model performance. 

Studies examining the performance of different machine learning models in credit risk 

analysis are essential for understanding the strengths and limitations of these models. 

Fitzpatrick and Mues (2015) compared four different modeling approaches for predicting 

mortgage defaults and found that Boosted Regression Trees significantly outperformed 

logistic regression. Moscatelli et al. (2019) demonstrated that machine learning models 

generally outperformed traditional methods, although this advantage depended on the 

scope of the data set. 

Our study contributes to the literature by comparing the performance of different models 

such as XGBoost, random forest, decision trees, and artificial neural network (ANN) on a 

large data set. Notably, we found that XGBoost combined with over-sampling methods 

provided the best results on imbalanced data sets, supporting existing analyses in the 

literature. 

3. Methodology 

In this study, we use two different types of credit default risk prediction models: statistical 

(traditional) models and machine learning models. As statistical models, we use logistic 

regression and penalized logistic regression, while for machine learning models, we prefer 

more complex methods such as decision trees, random forests, gradient boosting, and 

artificial neural networks. Each model has been chosen for its unique strengths in 

capturing specific patterns in the data. Our goal is to find the model that best fits the data 

structure used in the study and to maximize prediction performance, thereby supporting 

the decision-making processes of financial institutions.   

3.1 Statistical Models 

3.1.1 Logistic Regression 

Logistic regression is a statistical method for modeling the relationship between 

independent variables and a binary dependent variable. It estimates the probability of the 
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dependent variable belonging to a particular category using a combination of 

independent variables. The sigmoid function (𝜎) , central to logistic regression, confines 

the estimate into a value between 0 and 1, indicating the likelihood of an event occurring. 

The expression of the sigmoid function is: 

𝜎(𝑧) =
1

1 + e−z
 

where, 𝑒 is Euler's number (𝑒 ≈  2.71828). The sigmoid function approaches 0 as 𝑧 

approaches negative infinity and 1 as 𝑧 approaches positive infinity. When 𝑧 = 0, the value 

of the sigmoid function is 0.5.  

In the logistic regression model, a linear combination of the independent variables 

(x1, x2,…, xn) is taken, referred to as 𝑧 

z = β0 + B1x1 + B2x2 + ⋯ + βnxn 

The parameters β
0

, β
1

, β
2

, . . . , β
𝑛

  are learned by the model. This 𝑧 value is fed into the 

sigmoid function to get the probability of the dependent variable belonging to a specific 

category: 

𝑃(𝑌 = 1 | 𝑋)  =  𝜎(𝑧) =
1

1 + e−𝑧
 

If 𝑃(𝑌 = 1 ∣ 𝑋) > 0.5, the example is classified as positive (𝑌 = 1); otherwise, it is classified 

as negative (𝑌 = 0). Logistic regression thus models the relationship between 

independent variables and the likelihood of an event, making it widely used in binary 

classification problems. 

3.1.2 Penalized Logistic Regression 

Penalized logistic regression is a statistical method that aims to prevent overfitting and 

improve the generalization ability of the basic logistic regression model by adding penalty 

terms. This approach is particularly useful in high-dimensional data sets or when there is 

high correlation among features. Penalized logistic regression allows for the creation of 

more robust models by controlling model complexity. The penalized logistic regression 

model extends the basic logistic regression formulation by adding one or more penalty 

terms. These penalty terms constrain the model's coefficients to prevent overfitting. 

These terms are added to the model's cost function and penalize the model based on the 

magnitude of the coefficients, resulting in a preference for simpler models. Implementing 

penalized logistic regression involves adjusting a hyperparameter (𝜆) that controls the 

strength of the penalty term. This hyperparameter determines the effect of the penalty 
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on the model. The ideal 𝜆 value is typically selected using cross-validation to maximize the 

model performance. 

3.2 Machine Learning Models 

3.2.1 Decision Tree 

A decision tree is a predictive model that uses branches to represent observations about 

an item and leaves to indicate the target value. It is one of the most powerful techniques 

in supervised learning. In this method, each internal (non-leaf) node is associated with an 

input feature, and each leaf node is labeled with a class or a probability distribution of the 

classes. The branches between the nodes represent the possible values that the features 

can take in the observed samples, while the terminal nodes indicate the final value of the 

dependent variables. 

3.2.2. Random Forest 

The Random Forest algorithm operates by combining multiple decision trees. It consists 

of a collection of tree predictors, where each tree is built from a random vector sampled 

independently and with the same distribution for all trees in the forest (Breiman, 2001). 

Each decision tree is trained on randomly selected subsets of the data set, and each tree 

produces its own prediction. The final prediction is determined by aggregating the 

individual trees' predictions through majority voting or averaging. This method enhances 

the model's generalization ability and reduces overfitting. 

3.2.3 Gradient Boosting Algorithms 

These algorithms build a model iteratively by combining weak learners (typically decision 

trees) to minimize errors. In each iteration, the algorithm evaluates the errors of the 

current model and adds a new learner to reduce those errors. This process continues until 

a specified number of iterations is reached or until no significant improvement is 

achieved. If expressed mathematically, the gradient boosting algorithm increases the 

accuracy of the model by adding a new base-learner in each iteration. Initially, the model 

makes the initial prediction 𝑓0(𝑥) , and then in each iteration, errors are learned and 

corrected. Each new model (base-learner) corrects the errors of the previous model. The 

step size 𝜌𝑡 and the base-learners ℎ𝑡(𝑥) determine the contribution of each iteration. After 

𝑀 iterations, the final model 𝑓(𝑥) is obtained.  Popular implementations include XGBoost 

and Light Gradient Boosting Machine (LightGBM). 

f(x) = 𝑓0(𝑥) + ∑ 𝑝𝑡ℎ𝑡(𝑥)

𝑀

𝑡=1
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3.2.4 ANN Models 

An ANN model is structured into three main layers: the input layer, the hidden layer, and 

the output layer. This configuration is referred to as a multilayer perceptron (MLP). In an 

MLP, the input layer receives the initial data, which is then passed through one or more 

hidden layers where the data is processed and transformed. Finally, the processed data 

reaches the output layer, which produces the final prediction or classification. Figure 2 

illustrates this layered structure, showing how the input units connect to the hidden units, 

which in turn connect to the output units. This hierarchical arrangement allows the MLP 

to learn complex patterns and relationships within the data, making it a powerful tool for 

a variety of machine learning tasks. An artificial neuron receives one or more inputs 

(𝑥1, 𝑥2, . . . 𝑥𝑛) and produces an output (𝑦). Each input is multiplied by a corresponding 

weight (𝑤1, 𝑤2, . . . 𝑤𝑛), and the results are summed. This sum is adjusted by a threshold 

value (bias, 𝑏) and processed by an activation function (𝑓) to produce the final output. 

𝒚 = 𝒇(∑ 𝐰𝐢𝐱𝐢 + 𝐛)

𝒏

𝒊=𝟏

 

Figure 2 - Structure of ANN Classifier 

 
Note(s): The figure shows structure of ANN classifier. ANN: Artificial Neural Network. 

4. Data  

To effectively analyze credit risk, this study defines and organizes the default data set 

based on consolidated loan information at the firm level. The section is divided into two 

parts: 4.1 Default Definition, which describes how default status is determined, and 4.2 

Aggregation and Consolidation, which explains the process of combining firm data 

across banks and structuring it for analysis. 
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4.1 Default Definition 

The borrower is considered to be in default if at least one of the following conditions is 

met:  

• The bank is of the opinion that the borrower will not be able to fully repay its debts 

to the bank or one of its subsidiaries that is a consolidated financial institution 

without recourse to collaterals, 

• The borrower is more than 90 days late in the performance of its material 

obligations to the bank and one of its subsidiaries that is a consolidated financial 

institution. 

These conditions are reviewed by individual banks, and therefore, the default status of a 

firm is decided by the lender bank. If any of the loans of a firm within a bank is classified 

as default a by that bank, then the firm is considered to be in default within that bank 

(BRSA, 2018).  

Within the scope of this study, a similar aggregation logic is used to determine the default 

status of a firm in the entire banking system (i.e. if a firm is classified as in default in a 

bank, that firm is considered in default in our study). The study adopts a 12-month follow-

up period to predict default risk, focusing on whether a firm defaults within the 12 months 

following the year-end baseline period. Therefore, if a firm defaults in any of its loans at 

any bank in the 12-month period following the year-end baseline period, that firm is 

considered to be in default and this default status is the target variable used in this study. 

We should note that firms already in default at the baseline period are excluded from the 

data set for the respective year to ensure accurate and meaningful predictions. 

4.2 Aggregation and Consolidation 

In this study, two primary data sets covering the 2018-2023 period were merged to 

conduct credit risk analysis using machine learning techniques. The first data set consists 

of credit data reported monthly by banks to the Banking Regulation and Supervision 

Agency (BRSA) and provides detailed information on loans at the credit level. This data set 

provides valuable insights into loan and borrower characteristics, aligning with previous 

research that emphasizes the importance of credit-level data for credit risk prediction 

(Doko et al., 2021; Petropoulos et al., 2018). 

The second data set consists of year-end balance sheets and income statements of non-

financial firms, collected by the Revenue Administration and processed by the Turkish 

Statistical Institute (TurkStat) and the Central Bank of the Republic of Türkiye (CBRT). The 

selected variables were derived from balance sheet and income statement data, as these 

are fundamental tools for assessing a firm's financial position and performance. The 

balance sheet provides a snapshot of a company's financial structure and liquidity, while 
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the income statement captures operational efficiency and profitability. Financial ratios 

calculated from these sources, such as liquidity ratios, financial structure ratios, turnover 

ratios, and profitability ratios, were utilized to assess a firm's creditworthiness. These 

ratios are widely accepted in the literature for evaluating financial stability and credit risk 

(Gitman & Zutter, 2015; Saleem & Rehman, 2011; Warrad & Omari, 2015; Ningsih & Sari, 

2019). Since the financial statements are available annually, the credit data for the analysis 

focused on the last month of each year. 

After merging these two data sets, the final analytical data set was created by integrating 

them with other relevant data to predict whether firms would default within the following 

year.  

4.2.1 Credit Data Set 

Credit data set contains information such as borrower identifier, origination and maturity 

dates, currency denomination, interest rate, credit limit, and risk class of the loan. 

According to the regulations set by the BRSA (BRSA 2018), if a firm has multiple loans and 

any of these loans’ defaults, all other loans that the firm has taken from the same bank 

are also classified as delinquent. The repeated presence of a firm in the data set can cause 

the machine learning model to perceive this firm as disproportionately important, thereby 

reducing the model's generalization capability. Therefore, reducing repetitions in the data 

set is critical to ensuring that each firm is fairly and evenly represented by the model. This 

approach allows the model to make more accurate and reliable predictions across the 

data set.  

To enhance the accuracy of the analysis, multiple loans of a firm in the same bank and in 

the same observation period are treated as a single data point by weighting the features 

of the individual loans by their respective loan balances. Therefore, a single loan profile is 

built for a firm that has business with that bank in an observation point. This ensures a 

fair and balanced representation of each firm in the data set. For example, if Firm A has 

two different loans balances in Bank B, one with a principal amount of 10,000 TL and a 

maturity of 30 days, and another with a principal amount of 20,000 TL and a maturity of 

180 days. The overall credit maturity of the firm is calculated using a weighted average of 

each loan's principal and maturity, resulting in 130 days. When firm data is consolidated, 

the credit classification is also consolidated. As previously stated, if any of a firm's loans is 

classified as in default, the firm is considered to be in default.  

The same aggregation logic is also used to consolidate the loans of the firms having 

business with different banks and firms’ loan profiles are further consolidated for the 

entire banking sector. Therefore, every firm having a loan balance in the banking system 

is represented once in each observation period. As a result, a comprehensive data set for 

the period 2018-2023 was created, containing a total of 9,038,229 observations and 21 
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different variables. This data set includes various variables such as firms' credit limits, total 

loan balances, accrued interest and rediscount amounts reflecting the cost of loans, 

currency of the loan and borrowing structure as well as the opening date, maturity date, 

and interest rate for each loan. 

Due to differences in the size of the firms, credit limits, loan balances, accrued interest, 

and rediscount amounts can vary significantly. This situation poses a risk, particularly for 

machine learning algorithms, as they may assign more weight to higher loan amounts, 

potentially leading to a bias in the model results. To mitigate this bias, the data was 

constructed using metrics such as limit utilization ratio, local and foreign currency loan 

share, and accrued interest and rediscount share for each firm. Thus, the 

disproportionate impact of large firms' high loan amounts on the model was eliminated, 

allowing the data for each firm to be analyzed under equal conditions, regardless of firm 

size. Furthermore, firms with restructured loans and firms having factoring transactions 

were identified and included in the data set. After creating the variables, correlation tests 

and feature importance analyses were performed on the variables, and 12 variables 

presented in Table 1 were selected for the study.  

Table 1 - Selected Variables from the Credit Data Set 

Variable Name Variable Description Variable Type 

Accrued Interest Ratio Accrued Interest/Outstanding Loan Balance Numerical 

Fixed Rate Loan Share Fixed-Rate Loans / Outstanding Loan Balance Numerical 

Rediscount Ratio Accrued Rediscount / Outstanding Loan Balance Numerical 

Limit Utilization Ratio Outstanding Loan Balance / Credit Limit Numerical 

Remaining Maturity The remaining maturity of the firm's loans Numerical 

Local Currency Loan Share Local Currency Loans / Outstanding Loan Balance Numerical 

Loan Share Outstanding Loan Balance / Total Assets Numerical 

Real Interest Rate 
The firm's interest rate adjusted for inflation using 

the Fisher method with CPI for the relevant period. 
Numerical 

Restructuring Firms whose loans have been restructured. Categorical 

Factoring Firm Firms whose loans have been factoring transactions. Categorical 

Firm with Loans from High NPL 

Bank 

Firms that have taken loans from banks with high 

NPL ratios. 
Categorical 

Currency Code The currency of the loan. Categorical 

Note(s): This table shows the variables included in the study, which are calculated using the credit data set sourced from 

the BRSA. The real interest rate calculated by the Fisher method is calculated by subtracting the inflation rate from the 

nominal interest rate. 

4.2.2 Financial Performance Data Set 

The purpose of financial statements is to provide information that is useful to a wide 

range of users in making economic decisions regarding the financial position, financial 

performance, and cash flows of an entity (IAS 1).  This data set designed to understand 

the financial performance of real sector firms operating in Türkiye and includes 
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comprehensive balance sheets and income statements along with basic information such 

as sector classification and firm size (Table 2). Covering the period from 2018 to 2022, the 

data set contains 4,365,228 observations and 310 variables, allowing for the calculation of 

various financial ratios to measure the financial health of firms. From the balance sheet 

data, a total of 84 different financial ratios were derived, primarily focusing on key 

financial ratios. After performing correlation tests, ordinary least squares estimation, and 

feature importance analysis, 35 variables were selected for the study, as shown in Table 

2. These ratios are used to analyze various financial aspects of firms, such as debt 

management, liquidity, profitability, and operational efficiency. Measuring the financial 

health and performance of firms according to the sectors they operate in is crucial for 

credit risk analysis. This in-depth sectoral analysis helps to identify which sectors carry 

higher risks and which financial ratios are effective in determining this risk. 

Table 2 - Selected Variables from the Financial Performance Data Set 

Variable Name Variable Description Variable Type 

Acid-Test Ratio 
(Current Assets - Inventories - Prepaid Expenses - 

Other Current Assets) / Short-Term Liabilities 
Numerical 

Short-Term Receivables to 

Total Assets Ratio 
Short-Term Receivables / Total Assets Numerical 

Net Working Capital to Net 

Sales Ratio 
Net Working Capital / Net Sales Numerical 

Cash Asset Ratio (Cash +Cash Equivalents) / Total Assets Numerical 

Short-term Receivables 

Composition Ratio 

(Short-Term Receivables from Customers + Short-

Term Notes Receivables)/ Short-Term Trade 

Receivables 

Numerical 

Short-term Doubtful Trade 

Receivables Ratio 

Short-Term Doubtful Trade Receivables / Total 

Short-Term Trade Receivables 
Numerical 

Long-term Debt to Total 

Assets Ratio 
Long-Term Debt / Total Assets Numerical 

Short-term Bank Loans to 

Short-term Liabilities Ratio 
Short-Term Bank Loans / Total Short-Term Liabilities Numerical 

Financial Lease to Liabilities 

Ratio 
Financial Lease Obligations / Total Liabilities Numerical 

Tangible Fixed Assets to 

Total Assets Ratio 
Tangible Fixed Assets / Total Assets Numerical 

Self-financing Ratio (Prior Years' Losses -Profit Reserves) / Paid-In Capital Numerical 

Inventory Turnover Period 
Cost of Goods Sold / ((Previous Year's Inventory + 

Current Year's Inventory) / 2) 
Numerical 

Accounts Receivable 

Collection Period 
360 / (Net Sales / Trade Receivables) Numerical 

Net Working Capital 

Turnover Ratio 
Net Sales / (Current Assets + Short-Term Liabilities) Numerical 

Accounts Payable Turnover 

Ratio 

(Cost of Goods Sold + Current Year's Inventory - 

Previous Year's Inventory) / Short-Term Trade 

Payables 

Numerical 

Asset Turnover Ratio Net Sales / Total Assets Numerical 

Return on Assets – ROA Net Profit / Total Assets Numerical 

Cumulative Profitability Profit Reserves / Total Assets Numerical 

Operating Profit Margin Operating Profit (or Loss) / Net Sales Numerical 
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Operating Expenses to Net 

Sales Ratio 
Operating Expenses / Net Sales Numerical 

Net Profit to Financing 

Expenses Ratio 
Net Profit / Financing Expenses Numerical 

Gross Profit (Loss) to Total 

Assets Ratio 
Gross Profit (Loss) / Total Assets Numerical 

Effective Tax Rate Taxes / Pre-Tax Profit Numerical 

Finance Expense to Gross 

Sales Ratio 
Finance Expense / Gross Sales Numerical 

Inventory to Total Assets 

Ratio 
Inventory / Total Assets Numerical 

Raw Material Inventory Ratio Raw Materials / Total Inventory Numerical 

Work-in-Progress Inventory 

Ratio 
Work-In-Progress (WIP) / Total Inventory Numerical 

Merchandise Inventory Ratio Merchandise Inventory / Total Inventory Numerical 

Obsolete Inventory Ratio Obsolete Inventory / Total Inventory Numerical 

Finished Goods Inventory 

Ratio 
Finished Goods / Total Inventory Numerical 

Asset Share Firm's Total Assets / Total Assets of the Real Sector Numerical 

Number of Sectoral Firms 

The number of firms in a given year according to the 

NACE 4 code, which expresses the size of the sector 

and the level of competition. 

Numerical 

Sector Code 
The sector to which the company belongs according 

to the NACE code. 
Categorical 

Segment The size of the firm (Micro, Small, Medium, Large). Categorical 

Firm Behavior 
Firms that misreported in the data set were 

identified. 
Categorical 

Note(s): This table shows the variables included in the study, which are calculated using the financial statements data set 

sourced from the CBRT and TurkStat.  

4.2.3. Other Data Sets 

Foreign Trade Statistics: In our analysis, monthly foreign trade data was used to determine 

whether firms were engaged in export, import, or both activities. Cases where matches 

could not be found were marked as 'other'. This approach allowed for a clear classification 

of the firm's foreign trade activities. 

Rediscount Credit Statistics: The data set includes firms using rediscount credits provided 

by the CBRT. The data is collected on a daily basis and for the annual analysis, the opening 

dates of the credits during the year are taken into account. Firms that use rediscount 

credits in the relevant year are marked as “1”, and those that do not are marked as “0”. 

This method provides a comprehensive assessment of firms' use of rediscount credits 

throughout the year and allows for the inclusion of this important financial indicator in 

the analysis. This detailed approach reveals differences in credit utilization across firms 

and improves the accuracy of our credit risk analysis.  

Bounced Checks and Protested Bills of Exchange Data: Bounced checks and protested 

bills of exchange statistics play an important role in the analysis. These statistics cover 

information about bounced checks and their account holders, future-dated bills of 

exchange, paid bills, bills protested due to non-payment, bills whose protests were later 
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lifted, and bills that were canceled or returned. The data was collected daily, and all days 

within the year were considered for the annual analysis. For protested bills of exchange 

and those whose protests were later lifted, detailed data was used. For bounced checks, 

information on both bounced checks and those that were later paid was utilized. This data 

aims to better understand firms' financial behaviors and risk profiles in the context of 

their use of checks and bills of exchange. These distinctions provide insights into the 

financial conditions and market reliability of firms, enriching the credit risk analysis and 

allowing for a more comprehensive assessment. 

Feature Extraction from Firms' Credit Histories for Risk Analysis: The credit data set 

extends back to 2002, shedding light on the financial histories of firms. In this analysis, 

the first credit acquisition date of each firm was examined in detail to explore the 

relationship between the financial depth of firms and their credit risk. The initial entry of 

firms into the credit market is considered a significant indicator of their financial health 

and growth potential. Additionally, the credit classification system began to be reported 

in 2009. Therefore, the credit groups in which firms were placed from 2009 to 2017 were 

analyzed. The credit classifications during this period have helped to better understand 

the behavior and payment habits of firms in the credit market. The placement within these 

credit groups is considered a reflection of the firms' past credit payment performance and 

risk profiles. This examination reveals the payment history of firms over time and is crucial 

for credit risk analysis. By combining the firms' financial journeys from their initial credit 

acquisition dates with detailed classifications according to credit groups, a comprehensive 

picture of their payment habits and financial reliability is drawn. This analysis provides 

valuable insights into the firms' positions in the credit market and their financial health 

from past to present, aiding in the prediction of future credit risks. 

Firm Profile Information: Statistics based on firm profile information play a significant role 

in the analysis. This information includes basic data such as the establishment year and 

the location (province) of each firm. This data provides a broad perspective on the origins, 

geographic locations and publicly held or private status of the firms. The establishment 

year of a firm indicates its experience and longevity in the market, while the province 

where it is located provides insights into its geographic interactions and accessibility in 

the business world. 

Macroeconomic Variables: The use of macroeconomic variables was considered in the 

analysis. Various macroeconomic indicators such as GDP, CPI, PPI, TL credit interest rate, 

housing price index, manufacturing industry capacity utilization rate, employment rate, 

energy prices, net foreign exchange position, real sector confidence index, and consumer 

confidence index were included. The credit interest rate for firms was adjusted using the 

Fisher method with CPI (see Table 1). However, high correlations were observed among 
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the selected macroeconomic variables. To control for multicollinearity and obtain more 

robust results, macroeconomic variables were not directly used in the analysis. 

Furthermore, based on the study by Nowicki et al. (2024), which found that 

macroeconomic factors influence firm liquidity, it is suggested that macroeconomic 

variables affect firms' balance sheets, and the indirect impact of macroeconomic variables 

was considered. Additionally, periods affected by the Covid-19 pandemic were marked as 

1 in the data set. After merging the data sets, a total of 1,264,123 observations with 55 

explanatory variables were obtained. 

4.3 Descriptive Data Analysis and Variable Selection 

Various statistical methods are used to evaluate the relationship between the target 

variable -default- and the independent variables. This process includes the analysis of 

both numerical and categorical variables. Various tests are performed to individually 

assess the impact of each independent variable on the target variable and to reveal the 

discriminative power of the variables. 

For evaluating the relationships between numerical variables, Spearman correlation and 

multiple linear regression analysis were used together. One of the main purposes of 

multiple regression analysis is to measure the effect of each independent variable on the 

dependent variable, while controlling for the effects of other independent variables. 

Spearman correlation is a rank-based statistical method that measures the strength and 

direction of the monotonic relationship between two variables. This method is rank-based 

and assesses the alignment of the ranks between variables, regardless of whether the 

relationship is linear. The strength of the relationship between variables is expressed with 

a coefficient ranging from -1 to +1; +1 indicates a perfect positive monotonic relationship, 

-1 indicates a perfect negative monotonic relationship, and 0 indicates no monotonic 

relationship. Variables with high correlations with each other in the Spearman correlation 

analysis were eliminated based on the results of the multiple regression analysis, and 

important variables were retained in the analysis. In other words, if a correlation above 

65% was detected between two independent variables according to the Spearman 

correlation test, one of these variables was removed from the analysis due to its high 

correlation according to the multiple regression analysis results. Additionally, the Variance 

Inflation Factor (VIF) test was used to detect multicollinearity problems in the multiple 

regression analysis, and variables with a VIF result greater than 10 were not used in the 

analysis. 

For categorical variables, Cramer's V correlation test was applied. Cramer's V is a 

correlation coefficient that measures the strength of the association between two 

categorical variables, with values ranging from 0 to 1. This test is used to determine the 

presence and strength of relationships between categorical variables, based on the Chi-
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square test. A Cramer's V value close to 0 indicates a weak relationship, while a value close 

to 1 indicates a strong relationship. Categorical variables with high Cramer's V correlations 

were excluded from the analysis, considering model performance, to prevent redundancy 

and multicollinearity issues in the data set. 

4.4. Preparing the Data Set for Machine Learning 

When applying machine learning methods in credit risk analysis, the data preparation 

stage is a critical factor in determining the overall success of the model. A data set is 

imbalanced if the classification categories are not approximately equally represented 

(Chawla, Bowyer, Hall, & Kegelmeyer, 2002). Having only 3.3% of data classified as 

positives (defaults), the data set used in this study is highly imbalanced (Figure 3). Various 

data preprocessing techniques applied in this study have significantly affected the 

accuracy and overall performance of the model. 

Figure 3 - Imbalanced Data Set 

 

 
Note(s): This figure shows the unbalanced class distribution in the data set used to estimate default risk. 

Over-sampling, down-sampling, and SMOTE methods were used to address the 

imbalance in the data set. The predictive performance of the models explained in the 

methodology section is compared based on their sampling methods, including techniques 

such as down-sampling, over-sampling, and SMOTE. These methods are used to address 

the issue of class imbalance in the data set, which is common in credit risk analysis. As 

Chawla et al. (2002) point out, SMOTE is an effective method for addressing class 

imbalance by synthetically increasing the number of minority class examples, thereby 

reducing the adverse effects of imbalance on model performance.  
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Down-sampling involves reducing the number of majority class examples to balance the 

data set. In this study, three different down-sampling ratios were tested: 25-75, 40-60, and 

50-50 (minority-majority class ratios). This approach allows for an evaluation of how 

different levels of balance impact model performance. 

Over-sampling, on the other hand, increases the number of minority class examples to 

match the size of the majority class, ensuring that the model is adequately exposed to 

both classes during training. The findings of Batista et al. (2004) further demonstrate that 

over-sampling methods generally yield better predictive accuracy compared to under-

sampling methods, particularly when evaluated using ROC-AUC.  

As an effort to reduce the size of the data set, Principal Component Analysis (PCA) and 

Truncated Singular Value Decomposition (Truncated SVD) techniques were evaluated. 

However, PCA was found to be unsuitable due to the sparse nature of the data set. 

Nevertheless, the Truncated SVD method compressed the data set to cover 99.9% of the 

variance with 3 components (Figure 4). Although this method reduced the size of the data 

set, the sparse and heterogeneous nature of the data set negatively affected the model 

performance. Therefore, dimensionality reduction methods were not included in the final 

models. Specific preprocessing steps applied for numerical and categorical variables 

allowed the model to make more accurate predictions on the data. For numerical 

variables, imputing missing values using the Bayesian Ridge estimator helped preserve 

the overall structure of the data set. The use of RobustScaler increased the robustness of 

the scaling process by reducing the impact of outliers on the model. For categorical 

variables, filling in missing values using the most frequent value method and 

OneHotEncoder allowed for better processing of variables by the model. 
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Figure 4 - Truncated SVD 

Note(s): This figure shows the ratio of variance explained cumulatively by the components obtained with Truncated SVD. 

All of these processes are critical to increasing the effectiveness of our credit risk 

prediction model on the data set. The selection and application of data preprocessing 

techniques form a fundamental building block for the model to understand complex data 

structures and make accurate predictions. In particular, the correct application of data 

imbalance methods and missing data imputation techniques play a critical role in 

improving model performance. 

Before evaluating the models, the data set was first divided into training (85%) and test 

(15%) sets using stratified sampling to preserve the class distribution. The test set, 

consisting of data never seen by the model, was reserved exclusively for evaluating the 

final model’s out-of-sample performance. This separation ensures that the model's ability 

to generalize to unseen data is reliably measured. 

To prevent data leakage, a preprocessing pipeline was employed, where all data 

transformation steps, including data imputation, scaling, and encoding, were fitted only 

on the training data and later applied to the test data. This approach guarantees that no 

information from the test set influenced the training process, ensuring an unbiased 

evaluation of the model. 

The training set was then subjected to five-fold cross-validation for model tuning and 

validation. During this process, the training data was divided into five subsets. In each 

iteration, one subset was used as the validation set, while the remaining four subsets were 

used to train the model. The test set was not included in this process to maintain its role 

as an independent evaluation set. This process was repeated five times, with a different 

subset being used as the validation set in each iteration. The performance metrics from 
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each iteration were averaged to obtain a robust evaluation of the model’s performance. 

Based on these results, the hyperparameters that maximized the model’s predictive 

ability on unseen data was selected. 

 Figure 5 – Workflow Diagram 

Note(s): This figure shows the stages in the modelling process. ROC-AUC: Receiver Operating Characteristic Area Under the 

Curve. 

For hyperparameter optimization, HalvingRandomSearchCV was used. This algorithm 

iteratively evaluates subsets of hyperparameter combinations, progressively narrowing 

the focus to the most promising candidates. This makes it more effective than grid search 

in high-dimensional spaces (Bergstra & Bengio, 2012). This approach significantly reduces 

computational cost while ensuring robust results. Based on the optimization process, the 

hyperparameters that maximize the model's predictive ability on unseen data was 

selected. Additionally, this iterative method allowed the model’s performance to be fine-

tuned for each sampling technique without incurring excessive computational overhead. 

The data treatment and model building steps are summarized in the workflow diagram in 

Figure 5. 

 

Raw Data Set
Train Test Split 

(85%-15% - Stratified 
Sampling)

Preprocessing - Using Pipeline 
Fit on Train

Transform on Test
(Numerical and Categorical

Processing+Sampling)

Training Set Only
Five Fold Cross Validation

Training +Validation Only
Hyperparameter Tuning

Average Results Across Folds

Test Set Evaluation Final Metrics                          
(Roc-Auc)



 

22 

 

5. Results 

5.1 Model Comparison and Selection 

This section compares the performance of machine learning models with different 

sampling methods using the ROC-AUC score1 on training and test data sets. Logistic 

Regression and Penalized Logistic Regression models achieved the lowest ROC-AUC 

scores among all sampling methods. The models performed particularly poorly with over-

sampling, yielding results below 50%, indicating their lack of effectiveness. These results 

suggest that statistical models are insufficient in modeling complex risk structures in this 

data set. However, the observed improvement in the performance of these models, 

particularly with the down-sampling (40-60) method, indicates that increasing the 

minority class ratio can significantly improve the predictive ability of these models. 

Tree-based models, such as Decision Tree and Random Forest, achieved higher scores. 

Notably, the Random Forest model achieved a high score of 89.82% with the down-

sampling (40-60) method. These findings suggest that tree-based models are more 

effective at capturing relationships within the data. 

XGBoost and LightGBM models, especially with over-sampling and down-sampling (40-60) 

methods, achieved high scores of 91.43% and 90.80%, respectively, placing them among 

the best-performing models in this study. These results demonstrate the effectiveness of 

advanced gradient boosting models in handling imbalanced data sets and identifying 

complex relationships. On the other hand, the ANN model, with a score of 86.07% on the 

test data set, did not perform as well as the gradient boosting algorithms, suggesting that 

the ANN model may be less effective on this type of data set. 

 

 

 

 

 

1 The discriminatory power of a credit risk model reflects its effectiveness in distinguishing between firms that will default 

and those that will not. This is assessed using the ROC-AUC curve, which measures the trade-off between true positive and 

false positive rates (Fawcett, 2005). A model with an ROC-AUC value of 0.5 performs no better than random chance, whereas 

a perfect model scores 1. Additionally, credit risk assessment should consider business cycle fluctuations, as economic 

conditions influence firms' ability to service debt. The ROC-AUC score helps policymakers evaluate model performance 

across varying economic conditions, aiding more precise decision-making during both tightening and expansion phases. 
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Table 3 - Test Data Set ROC-AUC Results of the Models 

  
Over-

Sampling   
SMOTE  

Down-

Sampling  

(25-75) 

Down-

Sampling 

(40-60) 

Down-

Sampling 

(50-50) 

Logistic Regression 42.66% 56.80% 60.01% 86.31% 79.79% 

Penalized Logistic Regression  42.66% 42.33% 79.04% 84.37% 72.35% 

Decision Tree 85.63% 85.19% 84.97% 82.78% 83.39% 

Random Forest 88.14% 87.55% 87.89% 89.82% 89.22% 

XGBoost  91.43% 90.58% 91.09% 91.17% 90.90% 

LightGBM  89.31% 88.67% 90.28% 90.80% 90.08% 

ANN 77.89% 74.91% 82.32% 86.07% 86.08% 

Note(s): Table shows the comparative performance of the models used in the study on the test data set. In the study, three 

ratios, 25-75 per cent, 40-60 per cent, 50-50 per cent, were used for the minority-majority class ratio for down-sampling. 

XGBoost: Extreme Gradient Boosting, LightGBM: Light Gradient Boosting, ANN: Artificial Neural Network, ROC-AUC: 

Receiver Operating Characteristic Area Under the Curve. 

Table 4 - Training Data Set ROC-AUC Results of the Models 

  
Over-

Sampling   
SMOTE  

Down-

Sampling  

(25-75) 

Down-

Sampling 

(40-60) 

Down-

Sampling 

(50-50) 

Logistic Regression 42.49% 57.08% 59.87% 85.68% 79.75% 

Penalized Logistic Regression  42.49% 42.15% 79.17% 83.66% 71.93% 

Decision Tree 85.96% 85.62% 85.18% 82.20% 82.74% 

Random Forest 88.87% 88.18% 88.34% 90.57% 89.48% 

XGBoost  93.99% 91.90% 94.42% 94.46% 95.52% 

LightGBM  89.77% 88.99% 90.86% 90.82% 90.15% 

ANN 78.48% 75.35% 82.61% 85.97% 86.02% 

Note(s): Table shows the comparative performance of the models used in the study on the train data set. In the study, three 

ratios, 25-75 per cent, 40-60 per cent, 50-50 per cent, were used for the minority-majority class ratio for down-sampling. 

XGBoost: Extreme Gradient Boosting, LightGBM: Light Gradient Boosting, ANN: Artificial Neural Network, ROC-AUC: 

Receiver Operating Characteristic Area Under the Curve. 

In Figure 6, the ROC-AUC curves illustrate how different algorithms, using optimal 

sampling methods, balance the true positive rate and false positive rate in their models. 

A curve closer to the top-left corner (ideal point) indicates a near-zero false positive rate 

and a maximum true positive rate. In other words, an upward shift in the curve suggests 

that the model distinguishes between positive and negative classes more effectively, 

leading to a higher ROC-AUC score. XGBoost and LightGBM have positioned themselves 

near the top region in both the training and test data sets, demonstrating superior 

performance. Additionally, all models, when utilizing optimal sampling methods, perform 

significantly better than the reference point. This highlights the positive impact of 

sampling methods on model performance. 
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Figure 6 –Comparison of ROC-AUC For Different Models’ Optimal Samples 

 

Note(s): This figure shows the ROC-AUC scores of different models according to the optimal sampling methods.  DS: Down-

sampling, OS: Over-sampling. In the study, three ratios, 25-75 per cent, 40-60 per cent, 50-50 per cent, were used for the 

minority-majority class ratio for down-sampling. XGBoost: Extreme Gradient Boosting, LightGBM: Light Gradient Boosting, 

ANN: Artificial Neural Network, ROC-AUC: Receiver Operating Characteristic Area Under the Curve. 

This analysis highlights the importance of selecting the appropriate model and sampling 

method when modeling credit risk, as these choices significantly impact the overall 

performance of the model. Ultimately, the best model was obtained using the XGBoost 

algorithm with the over-sampling method. Additionally, the scores of the training and test 

data sets are quite close to each other, indicating that these models did not overfit the 

data. 

The superior performance of the XGBoost model with over-sampling can be attributed to 

its robust handling of imbalanced data sets, advanced optimization techniques, and ability 

to capture complex patterns in the data. Over-sampling increases the representation of 

the minority class by duplicating existing observations rather than generating synthetic 

data, ensuring that the model receives sufficient exposure to the default class without 

introducing noise. XGBoost’s gradient boosting framework iteratively reduces errors by 

focusing on misclassified observations, thereby improving its ability to discriminate 

between defaulting and non-defaulting firms. Furthermore, XGBoost’s scalability and 

computational efficiency make it particularly well-suited for large data sets like the one 

used in this study, where the combination of over-sampling and its tree-based structure 

resulted in the highest ROC-AUC score. These attributes highlight XGBoost as an effective 

tool for credit risk modeling in imbalanced and large-scale data settings. 
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5.2 Feature Importance 

The identification of key variables for predicting the credit risk of firms has been the 

subject of academic debate for many years. In this context, Beaver (1966) conducted a 

univariate analysis to demonstrate that financial ratios can be used to predict corporate 

bankruptcies. In his study, the ratio of cash flow to total debt was identified as the variable 

with the highest predictive power. In addition, the ratio of net income to total assets, the 

ratio of debt to total assets and the current ratio were highlighted as other important 

variables. In later years, multivariate models were developed to provide a more 

comprehensive approach to credit risk prediction. One such model, the Z-score model, 

was developed by Altman et al. (1977) using linear discriminant analysis. This study 

identified seven key variables for determining bankruptcy risk, of which four showed the 

strongest discriminatory ability: cumulative profitability ratio, earnings stability, capital 

structure and profitability to total assets ratio.  

A comparison of the studies by Beaver (1966) and Altman et al. (1977) reveals a focus on 

similar sets of variables as key determinants of credit risk. In general, profitability and 

liquidity indicators, debt levels and leverage ratios were central to such studies. Similarly, 

in our study, profitability, liquidity, debt structure and financial composition are among 

the key predictive variables. For example, "net profit to financial expenses" and "accounts 

payable turnover ratio" are used as measures of profitability and liquidity, while "accrued 

interest ratio" and "proportion of fixed-rate loans" are considered as indicators of debt 

structure. However, our study goes beyond financial indicators and takes a broader 

approach to credit risk prediction. Accordingly, variables reflecting the impact of 

macroeconomic factors e.g., "real interest rate"), industry-specific variables and variables 

representing firms’ behavior and structure have also been included in the model. This 

broader perspective aims to improve the analysis of credit risk in a more 

multidimensional and holistic manner. 

We examine which features are important in credit risk analysis from a broad perspective. 

The ranking is based on the best performing model (XGBoost using the oversampling 

method). The top 20 attributes are presented in Table 5, along with the attribute 

importance scores of the competing models.  

Evaluating the contribution of features used in machine learning models to model 

performance is critical for both the explicability and optimization of the model. In this 

study, the permutation importance method was chosen to determine the importance 

levels of the features. 

The permutation importance method is based on measuring the impact of a feature on 

the model's predictive performance by randomly shuffling (permuting) the values of that 

feature and assessing its effect on model performance. If a particular feature significantly 
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contributes to model performance, shuffling its values is expected to result in a 

substantial drop in performance metrics. This drop serves as an indicator of the feature's 

importance. 

During the analysis, the permutation importance function from the Scikit-learn library2 

was utilized. The implementation involved the following steps: 

• Multiple Permutations: For each feature, 150 different permutations were 

performed to increase the statistical reliability of the results (50-100-150-200 

different permutations were tried, there was no significant change in the results, 

150 different permutations were used in the final results in terms of computational 

capacity.). 

• Feature Ranking: The impact of features on model performance was ranked based 

on their average importance values. 

Permutation importance is applicable to a wide range of models, from linear models to 

decision trees and artificial neural networks. Its computational cost is lower compared to 

other methods. Unlike importance scores derived from the internal mechanisms of a 

model, this method directly measures the impact of features on model performance. 

Factors such as whether the firm's loan was restructured, the cost of the loan, the NPL 

ratio of the bank from which the loan was obtained, the structure of the debt (whether it 

is fixed or floating interest), the firm's history of writing bad checks, whether the loan was 

obtained during the pandemic period, and the “Tangible Fixed Assets to Total Assets 

Ratio”, which reflects the structure of the firm's investments, are important variables for 

almost all models. 

In the XGBoost model, “Sector Code” and “Restructuring” variables constitutes the 60.4% 

of the all importance, followed by the “Province Code” variable, accounting for another 

9.29%. In other words, much of what XGBoost learns is based on the firm's geographical 

location, the sector in which it operates, and whether its loan has been restructured. 

“Sector Code”, which also have some explanatory power in most of the other models, 

holds particularly high importance in XGBoost. This indicates that credit risk profiles differ 

significantly across sectors, and the model successfully captures these variations. The 

“Restructuring” feature highlights that firms with restructured loans may carry a higher 

risk and still lack the capacity to repay loans. The “Province Code” represents the location 

of the firm, i.e., its geopolitical position, which can influence supply chain costs while also 

expose the firm to geopolitical risks such as earthquakes, wars, or wildfires. 

 

2 https://scikit-learn.org/stable/modules/permutation_importance.html 

 

https://scikit-learn.org/stable/modules/permutation_importance.html
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Table 5 - Feature Importance3 

Note(s): This table presents the important features identified by different models under optimal sampling methods and 

their importance scores. The ranking is based on XGBoost with over-sampling, which achieved the best performance among 

all models. The top 20 most important features are listed. For variable definitions, please refer to the data section. DS: 

Down-sampling, OS: Over-sampling. In the study, three ratios, 25-75 per cent, 40-60 per cent, 50-50 per cent, were used for 

the minority-majority class ratio for down-sampling. DS: Down-sampling, OS: Over-sampling, XGBoost: Extreme Gradient 

Boosting, LightGBM: Light Gradient Boosting, ANN: Artificial Neural Network. 

 

3 All the important features for each model are provided in the Appendix. 

Variable 

Logistic 

Regression 

Penalized 

Logistic 

Regression 

Decision 

Tree 

Random 

Forest 
XGBoost LightGBM ANN 

(DS 40-60) (DS 40-60) (OS) 
(DS 40-

60) 
(OS) (DS 40-60) 

(DS 50-

50) 

Sector Code 3.92% 3.60% 0.00% 0.74% 31.29% 0.38% 3.80% 

Restructuring 9.19% 8.52% 18.08% 21.39% 29.13% 3.23% 14.03% 

Province Code 1.94% 1.51% 0.00% 0.35% 9.29% 0.00% 2.21% 

Accrued Interest 

Ratio 
16.47% 17.00% 66.21% 23.93% 8.35% 5.08% 46.71% 

Firm with Loans 

from High NPL 

Bank 

5.13% 4.60% 4.63% 3.73% 2.97% 4.67% 0.71% 

Type of Check 2.26% 1.55% 0.00% 1.27% 2.48% 2.49% 0.52% 

Covid-19 1.83% 1.55% 0.02% 1.41% 2.00% 2.88% 0.22% 

Fixed Rate Loan 

Share 
2.78% 2.77% 9.69% 5.66% 1.19% 5.43% 3.67% 

Import or 

Export 
1.39% 1.05% 0.00% 0.51% 1.05% 0.64% 0.50% 

Segment 1.55% 1.60% 0.48% 0.39% 0.72% 0.52% 0.96% 

Type of Bills 1.50% 0.82% 0.00% 0.03% 0.57% 0.02% 0.17% 

Tangible Fixed 

Assets to Total 

Assets Ratio 

4.67% 4.54% 0.00% 2.69% 0.57% 5.88% 3.38% 

Firm Age 2.50% 2.17% 0.00% 1.19% 0.55% 5.57% 3.76% 

Real Interest 

Rate 
4.61% 4.47% 0.00% 4.39% 0.55% 5.70% 2.82% 

Net Profit to 

Financing 

Expenses Ratio 

0.33% 1.13% 0.00% 3.13% 0.50% 3.63% 0.85% 

Accounts 

Receivable 

Collection 

Period 

3.32% 3.79% 0.11% 2.97% 0.50% 2.69% 1.53% 

Currency Code 1.39% 0.71% 0.00% 0.08% 0.48% 0.09% 0.05% 

Rediscount 

Ratio 
3.10% 3.15% 0.53% 1.34% 0.47% 5.04% 0.86% 

CBRT 

Rediscount 

Credit Usage 

1.39% 0.71% 0.00% 0.07% 0.39% 0.01% 0.08% 

Accounts 

Payable 

Turnover Ratio 

0.00% 0.00% 0.00% 2.52% 0.37% 3.48% 3.27% 
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“Accrued Interest Ratio” reflects the firm's interest burden and its impact on financial 

performance. High interest rates may limit the firm's capacity to meet its credit 

obligations. “The Firm with Loans from High NPL Bank” feature indicates that the firm is 

borrowing from a bank with a high NPL ratio, suggesting either that the firm is unable to 

secure loans from other banks and gear to the banks that has less stringent credit 

standards. “The Type of Check” feature refers to the presence of bounced checks by the 

firm, indicating its inability to settle debts to its suppliers, which may be an early 

indicator that the firm could default on its debts to the bank as well. 

The “Covid-19” variable indicates the pandemic period, capturing both the direct effects 

of the pandemic the impact of the BRSA’s changes in credit risk classification due to the 

pandemic4. “Fixed Rate Loan Share” plays a critical role in determining a firm’s credit risk, 

especially considering economic cycles. Firms borrowing at fixed rates are somewhat 

protected during periods of rising policy rates as their borrowing costs remain unchanged, 

while firms with variable rate loans are more sensitive to interest rate hikes, facing 

increased credit risk due to rising costs. This highlights the significant financial impact of 

borrowing strategies on firms. 

“Import or Export” indicates whether the firm is an exporter or importer, with exchange 

rate fluctuations, global and local market conditions, supply chain risks, international 

regulations, and customs tariffs all influencing credit risk. “Segment” represents the firm’s 

size, indicating whether it is an SME or a large enterprise, which is a highly influential factor 

in credit risk. Larger firms typically have easier access to credit or other financial 

resources, while micro-enterprises may face more difficulty in obtaining credit. 

“The Type of Bills” feature, similar to bounced checks, indicates whether the firm has 

protested bills, which can be considered an early indicator of credit risk. “Tangible Fixed 

Assets to Total Assets Ratio” reflects the firm’s asset structure and financial stability. High 

ratios suggest that the firm tends to invest in illiquid assets, potentially restricting its 

liquidity and financial flexibility. "Firm Age” indicates that firms with a long market 

presence may be better equipped to adapt to market fluctuations due to their experience 

and crisis management skills, which can be seen as a factor reducing credit risk. 

The “Real Interest Rate” indicates whether the firm’s borrowing costs are above or below 

inflation. “Net Profit to Financing Expenses” reflects the relationship between the firm's 

net profit and its interest and other financing expenses, showing the firm’s capacity to 

cover its financing costs. A high ratio indicates that the firm can easily meet its debt 

 

4 BRSA introduced regulations to support banks due to the coronavirus pandemic 

https://www.bddk.org.tr/Mevzuat/DokumanGetir/777  

 

https://www.bddk.org.tr/Mevzuat/DokumanGetir/777
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payments with its profits and manage additional financial obligations. “The Accounts 

Receivable Collection Period” reflects the firm's ability to manage cash flow. A short 

collection period suggests that the firm can quickly convert its revenues into cash, 

enabling it to cover operational expenses and debts on time. “Currency Code” indicates 

the currency in which the firm has borrowed. The currency preferences of firms that have 

taken loans either exclusively in FX or exclusively in TL may be related to their structural 

characteristics. 

The “Rediscount Ratio” reflects the cost of discounted loans, with a high ratio indicating 

that the cost of credit is high and suggesting an increase in credit risk. “CBRT Rediscount 

Credit Usage” refers to a type of credit provided by the CBRT to exporters, and the model 

considers whether firms using this credit have different credit risks compared to others. 

“The Accounts Payable Turnover Ratio” indicates how effectively the firm manages its cash 

flow. A high ratio suggests that the firm pays its debts quickly, maintaining a healthy cash 

flow, which reduces the likelihood of liquidity problems. 

6. Conclusion 

Accurate measurement of credit risk enables a more efficient allocation of financial 

resources, thereby supporting economic development. This contributes to the stimulation 

of economic activity, the expansion of employment opportunities and the overall 

improvement of the country's economic performance. At the same time, improved credit 

risk management ensures financial stability and increases the resilience of the economy, 

especially the real sector, to economic shocks. With more accurate risk measurement, the 

financial sector can allocate resources more effectively, thereby reducing default and 

systemic risks and supporting long-term financial stability. In this context, methodological 

advances in credit risk analysis are of great importance not only for the financial sector 

but also for the overall economic welfare of the country. The integration of financial 

technologies and advanced analytical tools, such as machine learning, will make credit 

risk management more sophisticated and play a central role in supporting economic 

development and financial stability. 

Machine learning techniques are making a significant contribution by enabling financial 

institutions to optimize capital allocation, reduce loan default rates and enhance the 

overall stability of the financial system. Compared to traditional risk assessment methods, 

machine learning offers a faster, data-driven alternative to traditional methods, enabling 

banks to proactively respond to emerging financial risks. 

This study covers the calculation of credit risk using machine learning methods for firms 

operating across Türkiye during the period from 2018 to 2023. In this comprehensive 

analysis, which includes a total of 1,264,123 data points, various machine learning 
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algorithms were tested, and their effectiveness in predicting credit risk was comparatively 

evaluated. The best ROC-AUC score, 91.43% on the test data set, was achieved with the 

XGBoost model using the over-sampling method.  The XGBoost model outperformed 

others due to its ability to handle imbalanced data sets, capture complex relationships 

through its tree-based structure, and efficiently optimize through gradient boosting. 

These features make it particularly suitable for credit risk prediction in large and diverse 

data sets. 

The study found that these machine learning-based methods produced more accurate 

and timely results than traditional risk assessment techniques. Different sampling 

methods were used and the success of the algorithms varied significantly depending on 

the sampling method used. This emphasizes the importance of sampling strategies in 

unbalanced data sets. Although the prioritization of the models varied, in addition to key 

financial indicators such as debt restructuring, debt structure and liquidity indicators, 

non-financial indicators such as corporate behavior, industry structural characteristics 

and geographic location of the company also played a critical role in assessing credit risk. 

This finding underscores the need to assess credit risk from a broader perspective. It is 

believed that this study will make a significant contribution to the credit risk management 

literature and enable a more effective measurement of credit risk in Türkiye. 

These findings have important policy implications for financial institutions and regulators. 

The adoption of machine learning techniques, particularly in handling imbalanced data 

sets, can significantly enhance the accuracy of credit risk assessment and allow for more 

proactive risk management. Variables such as debt restructuring and interest burden 

should be closely monitored to guide lending decisions and reduce systemic risk. 

Additionally, the integration of advanced algorithms into existing risk assessment 

frameworks can improve the resilience of financial systems, especially during periods of 

economic uncertainty. 

There are several opportunities for extending this research. First, the temporal scope of 

the data set could be expanded to include more years, enabling a deeper understanding 

of long-term credit risk trends.  

Another promising direction involves exploring deep learning techniques, which were 

not utilized in this study due to computational limitations. Future research could 

evaluate the effectiveness of deep learning models such as convolutional neural 

networks and long short-term memory networks in capturing complex patterns and 

temporal dependencies in credit risk data. These advanced models could offer valuable 

insights and complement existing machine learning approaches. By addressing these 

areas, future research could refine credit risk prediction methodologies and contribute 

to the ongoing evolution of risk management practices in the financial sector. 
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Appendix  

Rationale for Using ROC-AUC in Model Selection 

During Monetary Expansion: 

Cost of False Positives: In expansion periods, false positives are considered costlier. Firms 

can avoid default by borrowing at lower interest rates or restructuring their debts. 

However, misclassifying a healthy firm as a firm in default causes banks to set aside 

unnecessary provisions. These unnecessary provisions lower the bank's profitability and 

limit its credit granting capacity. As a result, the bank's ability to offer credits that support 

economic growth is adversely affected. Therefore, false positives are costlier during 

monetary expansion periods. 

Cost of False Negatives: During expansion periods, the failure to identify risky firms as 

default is considered less costly due to improving overall economic conditions. Firms can 

take advantage of lower interest rates to increase their debt servicing capability and 

reduce bankruptcy risks. Consequently, the cost of false negatives is generally lower 

compared to false positives during these periods. 

During Monetary Tightening: 

Cost of False Positives: In tightening periods, although the cost of false positives remains 

high, it is usually less costly compared to false negatives. This is because limiting the 

bank's lending capacity and setting aside unnecessary provisions increase capital costs, 

but banks have some flexibility to prevent direct losses. For example, during the COVID-

19 pandemic, the BRSA provided banks with some forbearances regarding capital 

adequacy requirements. 

Cost of False Negatives: In tightening periods, false negatives are considered costlier. The 

inability to identify a firm likely to default can lead to substantial losses for the bank during 

periods of economic uncertainty and increased credit risk. The failure to detect risky firms 

significantly degrades the quality of the bank’s credit portfolio and threatens financial 

stability. Therefore, false negatives are generally considered costlier during tightening 

periods. 

In summary, having the ability to evaluate across decision thresholds offers flexibility for 

policy makers. Therefore, models are selected based on ROC-AUC score results. 
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Table A1 - Logistic Regression’s Feature Importance 

Feature Name 
Feature 

Importance (%) 
Feature Name 

Feature 

Importance (%) 
Accrued Interest Ratio 16.47 Currency Code 1.39 

Restructuring 9.19 Import or Export 1.39 

Firm with Loans from High 

NPL Bank 
5.13 BIST 100 1.39 

Tangible Fixed Assets to Total 

Assets Ratio 
4.67 Inventory Turnover Period 1.19 

Real Interest Rate 4.61 Loan Share 1.12 

Sector Code 3.92 Merchandise Inventory Ratio 0.82 

Credit Histories 3.63 Return on Assets - ROA 0.72 

Accounts Receivable 

Collection Period 
3.32 Raw Material Inventory Ratio 0.66 

Rediscount Ratio 3.10 
Net Working Capital Turnover 

Ratio 
0.57 

Fixed Rate Loan Share 2.78 Operating Profit Margin 0.57 

Firm Age 2.50 
Short-term Bank Loans to 

Short-term Liabilities Ratio 
0.56 

Type of Check 2.26 Inventory to Total Assets Ratio 0.51 

Firm Behavior 2.12 Number of Sectoral Firms 0.45 

Short-Term Receivables to 

Total Assets Ratio 
1.99 

Finance Expense to Gross 

Sales Ratio 
0.35 

Effective Tax Rate 1.97 
Net Profit to Financing 

Expenses Ratio 
0.33 

Province Code 1.94 Cumulative Profitability 0.24 

Covid-19 1.83 Acid-Test Ratio 0.17 

Operating Expenses to Net 

Sales Ratio 
1.81 Self-financing Ratio 0.16 

Gross Profit (Loss) to Total 

Assets Ratio 
1.72 Finished Goods Inventory Ratio 0.16 

Remaining Maturity 1.57 Asset Share 0.10 

Cash Asset Ratio 1.56 
Short-term Receivables 

Composition Ratio 
0.09 

Segment 1.55 
Work-in-Progress Inventory 

Ratio 
0.06 

Asset Turnover Ratio 1.53 
Short-term Doubtful Trade 

Receivables Ratio 
0.02 

Net Working Capital to Net 

Sales Ratio 
1.52 Obsolete Inventory Ratio 0.00 

Type of Bills 1.50 
Long-term Debt to Total Assets 

Ratio 
0.00 

Factoring Firm 1.39 
Accounts Payable Turnover 

Ratio 
0.00 

CBRT Rediscount Credit 

Usage 
1.39 

Financial Lease to Liabilities 

Ratio 
0.00 

    Limit Utilization Ratio 0.00 
Note(s): This table shows the degree of importance of the variables used in the study according to logistic regression. See 

the data section for definitions of the variables in the table. 
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Table A2 - Penalized Logistic Regression’s Feature Importance 

Feature Name 
Feature 

Importance (%) 
Feature Name 

Feature 

Importance (%) 
Accrued Interest Ratio 17.00 Number of Sectoral Firms 1.05 

Restructuring 8.52 Loan Share 1.05 

Firm with Loans from High 

NPL Bank 

4.60 Import or Export 1.05 

Tangible Fixed Assets to Total 

Assets Ratio 

4.54 Type of Bills 0.82 

Real Interest Rate 4.47 Self-financing Ratio 0.76 

Credit Histories 4.15 Currency Code 0.71 

Accounts Receivable 

Collection Period 

3.79 CBRT Rediscount Credit Usage 0.71 

Sector Code 3.60 Factoring Firm 0.71 

Rediscount Ratio 3.15 BIST 100 0.71 

Net Working Capital to Net 

Sales Ratio 

2.84 Net Working Capital Turnover 

Ratio 

0.45 

Fixed Rate Loan Share 2.77 Asset Share 0.43 

Raw Material Inventory Ratio 2.44 Merchandise Inventory Ratio 0.43 

Short-Term Receivables to 

Total Assets Ratio 

2.23 Short-term Receivables 

Composition Ratio 

0.37 

Firm Age 2.17 Long-term Debt to Total Assets 

Ratio 

0.36 

Gross Profit (Loss) to Total 

Assets Ratio 

2.13 Short-term Bank Loans to 

Short-term Liabilities Ratio 

0.33 

Asset Turnover Ratio 1.78 Inventory to Total Assets Ratio 0.27 

Effective Tax Rate 1.76 Operating Profit Margin 0.22 

Operating Expenses to Net 

Sales Ratio 

1.75 Finance Expense to Gross 

Sales Ratio 

0.21 

Remaining Maturity 1.65 Cumulative Profitability 0.16 

Cash Asset Ratio 1.65 Acid-Test Ratio 0.15 

Segment 1.60 Finished Goods Inventory Ratio 0.12 

Firm Behavior 1.59 Work-in-Progress Inventory 

Ratio 

0.03 

Type of Check 1.55 Short-term Doubtful Trade 

Receivables Ratio 

0.01 

Covid-19 1.55 Obsolete Inventory Ratio 0.00 

Inventory Turnover Period 1.51 Accounts Payable Turnover 

Ratio 

0.00 

Province Code 1.51 Financial Lease to Liabilities 

Ratio 

0.00 

Return on Assets - ROA 1.46 Limit Utilization Ratio 0.00 

Net Profit to Financing 

Expenses Ratio 

1.13 
  

Note(s): This table shows the degree of importance of the variables used in the study according to penalized logistic 

regression. See the data section for definitions of the variables in the table. 
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Table A3 - Decision Tree’s Feature Importance 

Feature Name 
Feature 

Importance (%) 
Feature Name 

Feature 

Importance (%) 
Accrued Interest Ratio 66.21 Asset Share 0.00 

Restructuring 18.08 Effective Tax Rate 0.00 

Fixed Rate Loan Share 9.69 Gross Profit (Loss) to Total 

Assets Ratio 

0.00 

Firm with Loans from High 

NPL Bank 

4.63 Finance Expense to Gross 

Sales Ratio 

0.00 

Rediscount Ratio 0.53 Loan Share 0.00 

Segment 0.48 Self-financing Ratio 0.00 

Cumulative Profitability 0.25 Asset Turnover Ratio 0.00 

Accounts Receivable 

Collection Period 

0.11 Long-term Debt to Total Assets 

Ratio 

0.00 

Covid-19 0.02 Short-term Doubtful Trade 

Receivables Ratio 

0.00 

Province Code 0.00 Operating Expenses to Net 

Sales Ratio 

0.00 

Sector Code 0.00 Short-term Bank Loans to 

Short-term Liabilities Ratio 

0.00 

Type of Check 0.00 Inventory Turnover Period 0.00 

Import or Export 0.00 Finished Goods Inventory Ratio 0.00 

Type of Bills 0.00 Number of Sectoral Firms 0.00 

Tangible Fixed Assets to Total 

Assets Ratio 

0.00 Merchandise Inventory Ratio 0.00 

Firm Age 0.00 BIST 100 0.00 

Real Interest Rate 0.00 Financial Lease to Liabilities 

Ratio 

0.00 

Net Profit to Financing 

Expenses Ratio 

0.00 Net Working Capital to Net 

Sales Ratio 

0.00 

Currency Code 0.00 Short-term Receivables 

Composition Ratio 

0.00 

CBRT Rediscount Credit 

Usage 

0.00 Acid-Test Ratio 0.00 

Accounts Payable Turnover 

Ratio 

0.00 Inventory to Total Assets Ratio 0.00 

Limit Utilization Ratio 0.00 Operating Profit Margin 0.00 

Firm Behavior 0.00 Net Working Capital Turnover 

Ratio 

0.00 

Credit Histories 0.00 Work-in-Progress Inventory 

Ratio 

0.00 

Return on Assets - ROA 0.00 Obsolete Inventory Ratio 0.00 

Cash Asset Ratio 0.00 Raw Material Inventory Ratio 0.00 

Short-Term Receivables to 

Total Assets Ratio 

0.00 Factoring Firm 0.00 

Remaining Maturity 0.00 
  

Note(s): This table shows the degree of importance of the variables used in the study according to decision tree. See the 

data section for definitions of the variables in the table. 

 

 



 

37 

 

Table A4 - Random Forest’s Feature Importance 

Feature Name 
Feature 

Importance (%) 
Feature Name 

Feature 

Importance (%) 
Accrued Interest Ratio 23.93 Net Working Capital to Net 

Sales Ratio 

0.59 

Restructuring 21.39 Number of Sectoral Firms 0.53 

Fixed Rate Loan Share 5.66 Import or Export 0.51 

Real Interest Rate 4.39 Operating Expenses to Net 

Sales Ratio 

0.48 

Firm with Loans from High 

NPL Bank 

3.73 Cumulative Profitability 0.47 

Net Profit to Financing 

Expenses Ratio 

3.13 Firm Behavior 0.44 

Accounts Receivable 

Collection Period 

2.97 Net Working Capital Turnover 

Ratio 

0.39 

Tangible Fixed Assets to Total 

Assets Ratio 

2.69 Segment 0.39 

Accounts Payable Turnover 

Ratio 

2.52 Self-financing Ratio 0.38 

Return on Assets - ROA 2.04 Acid-Test Ratio 0.38 

Limit Utilization Ratio 2.00 Province Code 0.35 

Gross Profit (Loss) to Total 

Assets Ratio 

1.74 Long-term Debt to Total Assets 

Ratio 

0.33 

Cash Asset Ratio 1.54 Short-term Receivables 

Composition Ratio 

0.29 

Credit Histories 1.47 Inventory to Total Assets Ratio 0.28 

Covid-19 1.41 Short-term Bank Loans to 

Short-term Liabilities Ratio 

0.25 

Rediscount Ratio 1.34 Merchandise Inventory Ratio 0.19 

Effective Tax Rate 1.29 Short-term Doubtful Trade 

Receivables Ratio 

0.14 

Type of Check 1.27 Raw Material Inventory Ratio 0.14 

Firm Age 1.19 Finished Goods Inventory Ratio 0.09 

Short-Term Receivables to 

Total Assets Ratio 

1.11 Currency Code 0.08 

Asset Turnover Ratio 1.08 CBRT Rediscount Credit Usage 0.07 

Remaining Maturity 0.88 Work-in-Progress Inventory 

Ratio 

0.05 

Inventory Turnover Period 0.81 Financial Lease to Liabilities 

Ratio 

0.05 

Finance Expense to Gross 

Sales Ratio 

0.79 Obsolete Inventory Ratio 0.05 

Sector Code 0.74 Type of Bills 0.03 

Loan Share 0.67 BIST 100 0.00 

Asset Share 0.67 Factoring Firm 0.00 

Operating Profit Margin 0.61 
  

Note(s): This table shows the degree of importance of the variables used in the study according to random forest. See the 

data section for definitions of the variables in the table. 
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Table A5 - XGBoost’s Feature Importance 

Feature Name 
Feature 

Importance (%) 
Feature Name 

Feature 

Importance (%) 
Sector Code 31.29 Effective Tax Rate 0.25 

Restructuring 29.13 Gross Profit (Loss) to Total 

Assets Ratio 

0.25 

Province Code 9.29 Finance Expense to Gross 

Sales Ratio 

0.23 

Accrued Interest Ratio 8.35 Loan Share 0.22 

Firm with Loans from High 

NPL Bank 

2.97 Self-financing Ratio 0.20 

Type of Check 2.48 Asset Turnover Ratio 0.18 

Covid-19 2.00 Long-term Debt to Total Assets 

Ratio 

0.18 

Fixed Rate Loan Share 1.19 Cumulative Profitability 0.17 

Import or Export 1.05 Short-term Doubtful Trade 

Receivables Ratio 

0.16 

Segment 0.72 Operating Expenses to Net 

Sales Ratio 

0.16 

Type of Bills 0.57 Short-term Bank Loans to 

Short-term Liabilities Ratio 

0.16 

Tangible Fixed Assets to Total 

Assets Ratio 

0.57 Inventory Turnover Period 0.16 

Firm Age 0.55 Finished Goods Inventory Ratio 0.15 

Real Interest Rate 0.55 Number of Sectoral Firms 0.15 

Net Profit to Financing 

Expenses Ratio 

0.50 Merchandise Inventory Ratio 0.15 

Accounts Receivable 

Collection Period 

0.50 BIST 100 0.14 

Currency Code 0.48 Financial Lease to Liabilities 

Ratio 

0.14 

Rediscount Ratio 0.47 Net Working Capital to Net 

Sales Ratio 

0.13 

CBRT Rediscount Credit 

Usage 

0.39 Short-term Receivables 

Composition Ratio 

0.13 

Accounts Payable Turnover 

Ratio 

0.37 Acid-Test Ratio 0.13 

Limit Utilization Ratio 0.37 Inventory to Total Assets Ratio 0.13 

Firm Behavior 0.35 Operating Profit Margin 0.13 

Credit Histories 0.35 Net Working Capital Turnover 

Ratio 

0.13 

Return on Assets - ROA 0.27 Work-in-Progress Inventory 

Ratio 

0.12 

Cash Asset Ratio 0.27 Obsolete Inventory Ratio 0.11 

Short-Term Receivables to 

Total Assets Ratio 

0.27 Raw Material Inventory Ratio 0.11 

Remaining Maturity 0.26 Factoring Firm 0.00 

Asset Share 0.25 
  

Note(s): This table shows the degree of importance of the variables used in the study according to XGBoost. XGBoost: 

Extreme Gradient Boosting. See the data section for definitions of the variables in the table. 
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Table A6 - LightGBM’s Feature Importance 

Feature Name 
Feature 

Importance (%) 
Feature Name 

Feature 

Importance (%) 
Tangible Fixed Assets to Total 

Assets Ratio 

5.88 Asset Turnover Ratio 0.79 

Real Interest Rate 5.70 Inventory to Total Assets Ratio 0.76 

Firm Age 5.57 Acid-Test Ratio 0.68 

Fixed Rate Loan Share 5.43 Short-term Bank Loans to 

Short-term Liabilities Ratio 

0.65 

Accrued Interest Ratio 5.08 Import or Export 0.64 

Rediscount Ratio 5.04 Inventory Turnover Period 0.60 

Firm with Loans from High 

NPL Bank 

4.67 Segment 0.52 

Limit Utilization Ratio 4.46 Short-term Receivables 

Composition Ratio 

0.51 

Asset Share 4.31 Number of Sectoral Firms 0.40 

Cash Asset Ratio 3.83 Sector Code 0.38 

Net Profit to Financing 

Expenses Ratio 

3.63 Operating Profit Margin 0.38 

Accounts Payable Turnover 

Ratio 

3.48 Net Working Capital to Net 

Sales Ratio 

0.35 

Restructuring 3.23 Short-term Doubtful Trade 

Receivables Ratio 

0.31 

Remaining Maturity 3.08 Merchandise Inventory Ratio 0.30 

Covid-19 2.88 Net Working Capital Turnover 

Ratio 

0.26 

Credit Histories 2.86 Firm Behavior 0.22 

Accounts Receivable 

Collection Period 

2.69 Finished Goods Inventory Ratio 0.18 

Short-Term Receivables to 

Total Assets Ratio 

2.66 Currency Code 0.09 

Type of Check 2.49 Work-in-Progress Inventory 

Ratio 

0.04 

Loan Share 2.49 Raw Material Inventory Ratio 0.03 

Gross Profit (Loss) to Total 

Assets Ratio 

2.05 Type of Bills 0.02 

Self-financing Ratio 2.00 Financial Lease to Liabilities 

Ratio 

0.02 

Return on Assets - ROA 1.75 CBRT Rediscount Credit Usage 0.01 

Cumulative Profitability 1.72 Province Code 0.00 

Finance Expense to Gross 

Sales Ratio 

1.65 BIST 100 0.00 

Operating Expenses to Net 

Sales Ratio 

1.29 Obsolete Inventory Ratio 0.00 

Long-term Debt to Total 

Assets Ratio 

1.11 Factoring Firm 0.00 

Effective Tax Rate 0.87 
  

Note(s): This table shows the degree of importance of the variables used in the study according to LightGBM. LightGBM: 

Light Gradient Boosting. See the data section for definitions of the variables in the table. 
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Table A7 - Artificial Neural Network’s Feature Importance 

Feature Name 
Feature 

Importance (%) 
Feature Name 

Feature 

Importance(%) 
Accrued Interest Ratio 46.71 Firm Behavior 0.36 

Restructuring 14.03 Operating Expenses to Net 

Sales Ratio 

0.33 

Sector Code 3.80 Inventory to Total Assets Ratio 0.33 

Firm Age 3.76 Remaining Maturity 0.32 

Fixed Rate Loan Share 3.67 Asset Turnover Ratio 0.28 

Tangible Fixed Assets to Total 

Assets Ratio 

3.38 Acid-Test Ratio 0.27 

Accounts Payable Turnover 

Ratio 

3.27 Covid-19 0.22 

Real Interest Rate 2.82 Long-term Debt to Total Assets 

Ratio 

0.21 

Province Code 2.21 Self-financing Ratio 0.18 

Limit Utilization Ratio 1.71 Type of Bills 0.17 

Accounts Receivable 

Collection Period 

1.53 Finished Goods Inventory Ratio 0.12 

Segment 0.96 Work-in-Progress Inventory 

Ratio 

0.12 

Rediscount Ratio 0.86 Cumulative Profitability 0.11 

Net Profit to Financing 

Expenses Ratio 

0.85 Short-term Bank Loans to 

Short-term Liabilities Ratio 

0.08 

Firm with Loans from High 

NPL Bank 

0.71 CBRT Rediscount Credit Usage 0.08 

Short-term Receivables 

Composition Ratio 

0.68 Currency Code 0.05 

Short-Term Receivables to 

Total Assets Ratio 

0.63 Gross Profit (Loss) to Total 

Assets Ratio 

0.05 

Inventory Turnover Period 0.52 Short-term Doubtful Trade 

Receivables Ratio 

0.04 

Type of Check 0.52 Net Working Capital to Net 

Sales Ratio 

0.04 

Import or Export 0.50 Operating Profit Margin 0.03 

Number of Sectoral Firms 0.49 Cash Asset Ratio 0.02 

Merchandise Inventory Ratio 0.48 BIST 100 0.01 

Return on Assets - ROA 0.47 Raw Material Inventory Ratio 0.01 

Net Working Capital Turnover 

Ratio 

0.41 Factoring Firm 0.01 

Loan Share 0.41 Obsolete Inventory Ratio 0.00 

Asset Share 0.41 Effective Tax Rate 0.00 

Finance Expense to Gross 

Sales Ratio 

0.41 Financial Lease to Liabilities 

Ratio 

0.00 

Credit Histories 0.38 
  

Note(s): This table shows the degree of importance of the variables used in the study according to ANN. ANN: Artificial 

Neural Network. See the data section for definitions of the variables in the table. 
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