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Figure 11
Accuracy in identifying Arabic characters from air-writing by Fine KNN model.

Table IV
Comparison of  the results with recent studies.

5. Conclusion 
In this research, a data acquisition system is constructed to capture data of  
Arabic characters written in the air, and a motion sensor-based air-writing 
dataset is created using this system. The developed dataset is then used to 
assess the accuracy of  various supervised machine learning models in 
recognizing Arabic characters in air-writing. It has been observed that 
existing machine learning models effectively recognize Arabic letters from 
air-writing data, achieving a maximum accuracy of  98.5%. This technique 
holds the potential to facilitate inputting Arabic text into digital devices 
without the need for a keyboard or touch screen, thereby enhancing 
user-friendly human-machine interaction. However, there are some 
drawbacks to the suggested air-writing technique. It requires the entire hand 
to move, making it time-consuming, labor-intensive, and demanding in terms 

of  space. In the future, the proposed system could be further developed to 
recognize Arabic air-writing based on finger movements, potentially making 
the air-writing process quicker, more effortless, and space-efficient.
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1. Introduction
Loan-granting is a crucial operation to increase bank's profitability and 
maintenance. Even slight advances in default prediction might result in large 
revenues for banks. However, deciding to approve a loan is difficult and 
dangerous since banks must correctly forecast defaults to prevent financial 
losses, particularly during economic crises. According to Thomas, Crook and 
Edelman (2017) they noticed various factors influencing the rate of  default 
throughout a period, including the price of  money (that is, interest rate), 

credit availability and need, the status of  the country's economy, and the 
cyclical fluctuations of  credit through time. Aside from these factors, the 
accessibility of  data, exactness, and dependability make the default forecast 
considerably more difficult than other domain-dependent categorization 
tasks. Furthermore, because the number of  loan applicants is massive, it is 
difficult for bankers to calculate the appropriate risk-to-profitability ratio. 
When a customer requests a loan, lenders must assess the applicant's 
solvency before approving the loan. Because the bank's risk tolerance and 
financial objectives are tied to this issue. As a result, loan approval models 
play a vital role in assisting bankers in making sound decisions.

However, the real-world scenario is different. The number of  classes in 
a real-world dataset is not equal. Because of  these inequalities, the loan 
approval model cannot produce an accurate result, instead produces a biased 
output. Recently, ML researchers guided how to handle a data set with 
imbalances. Haixiang, Yijing, Shang, Mingyun, Yuanyue and Bing (2017) 
highlight two approaches commonly used in this context: Resampling and 
Ensemble methods. The resampling strategy focuses on class distribution, 
whereas the ensemble technique focuses on numerous poor classifiers that 
work together to create a more effective and sound model. Although these 
strategies are frequently employed, they are not without flaws. The most 
basic kind of  over-sampling is to replicate random data of  the minority 
group, thus might result in overfitting. The simplest under-sampling strategy 
includes eliminating arbitrary samples from the dominant  class, therefore 
might result in information loss. On the other hand, previous research 
(Haixiang, Yijing, Shang, Mingyun, Yuanyue, & Bing, 2017) has shown that 
ensemble learning algorithms perform better than a single model in the case 
of  skewed datasets. They have been widely applied to dealing with various 
real-world challenges, such as credit reporting and class imbalance problems. 
Bagging and boosting are two methods for incorporating basic classifiers 
into a powerful classifier. The bagging approach is a concurrent ensemble 
technique that creates the primary classifiers simultaneously whereas the 
boosting method is a sequential approach that builds the base classifiers 
sequentially, with the final classifiers impacted by the initial classifiers.

However, the integration of  preprocessing methods, dynamic selection 
strategies, and group generators leads only to the work of  De Melo Junior, 
Nardini, Renso and de Macêdo (2019). This particular study stands out 
because it incorporates a combination of  techniques rather than evaluating 
individual methods in isolation. The authors of  this work explored the 
effectiveness of  preprocessing techniques, dynamic selection methods 
(automatically selecting the most competent classifiers for prediction), and 

clustering generators (generation of  diverse taxonomy). One of  the 
important things is, that De Melo Junior, Nardini, Renso and de Macêdo 
(2019) mainly focused on the comparison of  these techniques rather than the 
methodology of  the techniques. Their study delivers very useful information 
rather than introducing new techniques.

Among the Data-level approaches, such as oversampling (Batista, Prati, 
& Monard, 2004) and the under-sampling methods (Zhang & Mani, 2003; Li, 
Zhu, & Wu, 2020) a popular oversampling method is the synthetic minority 
oversampling technique (SMOTE) (Chawla, Bowyer, Hall, & Kegelmeyer, 
2002), which has many applications and also practice in different fields.

The classic SMOTE method and its many extensions (Chawla, 
Lazarevic, Hall, & Bowyer, 2003; Han, Wang, & Mao, 2005; Sinapiromsaran 
& Lursinsap, 2009; Tang, Zhang, Chawla, & Krasser, 2008; Bai & Garcia, 
2008; Prusty, Jayanthi, & Velusamy, 2017; Douzas, Bacao, & Last, 2018; Susan 
& Kumar, 2019; Cover, & Hart, 1967) uses the k-Nearest Neighbor (KNN) 
algorithm to generate new samples. These approaches attempt to aggregate 
minority class samples by computing the arbitrary difference between a 
chosen source sample and one of  its nearest neighbor samples. Several 
improved variants have been proposed based on this principle, including 
borderline SMOTE (Han, Wang, & Mao, 2005), safe-level SMOTE 
(Bunkhumpornpat, Sinapiromsaran, & Lursinsap, 2009), ADASYN (He, Bai, 
Garcia, & Li 2008), SMOTE-IPF (Sáez, Luengo, Stefanowski, & Herrera, 
2015) and k-means SMOTE (Douzas, Bacao, & Last, 2018). These variations 
introduced additional considerations to improve the efficiency of  the 
SMOTE technique and overcome potential limitations. However, SMOTE is 
capable of  generating noisy, finite, and repetitive patterns, which can affect 
the possibility of  misclassification of  the dominant class that makes up the 
original data. By using oversampling, Emu, Jahin, Akter, Patwary and Akter 
(2022) were able to increase the sample size for the minority while preserving 
the proportions of  low classification errors for the group, which kept the 
majority class. Their method, however, has problems with how well 
weighting filters out minority data. Their weighting procedure proved to be 
inadequately effective, which can have a significant impact on assessing the 
importance of  each minority sample. In terms of  filtering and adaptive 
representation for the minority class instance, this strategy does not produce 
the best results. This constraint emphasizes the need to create reliable and 
effective methods for handling minority class samples in oversampling 
approaches.

Considering the aforementioned issues, especially those related to 
SMOTE and WBOT, this paper offers a novel strategy based on fuzzy 

c-means clustering.  This oversampling method makes use of  fuzzy 
computing and clustering to boost composite sample production. It allocates 
data points to various clusters with variable degrees of  membership. The 
proposed strategy tries to fabricate composite examples that are more 
representative, consequently limiting the effect on the misclassification pace 
of  the ruling classes. An improvement in oversampling adequacy in case of  
class imbalance has been done by this innovative procedure.

The remaining sections of  this study are organized as follows: The 
literature review is fully reported in Part II, which is followed by Part III on 
imbalanced data and Part IV on the suggested technique, and Part V on the 
findings. The work is concluded by part VI with suggestions for more 
investigation.

2. Related works
In a study, De Melo Junior, Nardini, Renso, and de Macêdo, (2019) 
conducted extensive research on credit scoring, focusing on four datasets 
with an imbalance ratio (IR) of  25%. The analysts pointed to judge the value 
of  different methods in tending to class imbalance, counting under-sampling 
strategies such as Random Under-Sampling (RUS), oversampling methods 
like Smote and Random Over-Sampling, as well as ensemble strategies like 
homogeneous selection and dynamic selection. Additionally, they examined 
the performance of  these approaches when combined with pool generators.
In contrast to conventional credit valuation approaches, Serrano-Cinca and 
Gutirrez-Nieto, (2016) proposed an elective strategy that employments the 
inside rate of  return (IRR) rather than the twofold IDs of  the default 
advance. By considering the IRR as a preparation measure, the creators need 
to adjust the credit rating models with the profit-oriented objectives of  
monetary education. This procedure offers an exciting viewpoint because it 
centers on maximizing benefits and not only forecasting. Bastani, Asgari and 
Namavari (2019) presented a diverse point of  view on credit evaluation by 
evaluating not only the probability of  default but also profitability. They offer 
a two-phase approach that uses a comprehensive and in-depth learning 
strategy to associate dropout assessment with profitability. By counting 
productivity as a deciding figure, their approach gives a more comprehensive 
examination that considers both the risk and potential money related to loan 
approvals. Sousa, Gama and Brandão (2016) proposed a show for credit 
chance examination and stated that active models tend to surpass inactive 
models in terms of  estimate exactness. However, despite the outstanding 
performance of  dynamic models, the writers note that ordinary models are 
still more broadly utilized within the economic industry. This finding
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Figure 11
Accuracy in identifying Arabic characters from air-writing by Fine KNN model.

Table IV
Comparison of  the results with recent studies.

5. Conclusion 
In this research, a data acquisition system is constructed to capture data of  
Arabic characters written in the air, and a motion sensor-based air-writing 
dataset is created using this system. The developed dataset is then used to 
assess the accuracy of  various supervised machine learning models in 
recognizing Arabic characters in air-writing. It has been observed that 
existing machine learning models effectively recognize Arabic letters from 
air-writing data, achieving a maximum accuracy of  98.5%. This technique 
holds the potential to facilitate inputting Arabic text into digital devices 
without the need for a keyboard or touch screen, thereby enhancing 
user-friendly human-machine interaction. However, there are some 
drawbacks to the suggested air-writing technique. It requires the entire hand 
to move, making it time-consuming, labor-intensive, and demanding in terms 

of  space. In the future, the proposed system could be further developed to 
recognize Arabic air-writing based on finger movements, potentially making 
the air-writing process quicker, more effortless, and space-efficient.
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1. Introduction
Loan-granting is a crucial operation to increase bank's profitability and 
maintenance. Even slight advances in default prediction might result in large 
revenues for banks. However, deciding to approve a loan is difficult and 
dangerous since banks must correctly forecast defaults to prevent financial 
losses, particularly during economic crises. According to Thomas, Crook and 
Edelman (2017) they noticed various factors influencing the rate of  default 
throughout a period, including the price of  money (that is, interest rate), 

credit availability and need, the status of  the country's economy, and the 
cyclical fluctuations of  credit through time. Aside from these factors, the 
accessibility of  data, exactness, and dependability make the default forecast 
considerably more difficult than other domain-dependent categorization 
tasks. Furthermore, because the number of  loan applicants is massive, it is 
difficult for bankers to calculate the appropriate risk-to-profitability ratio. 
When a customer requests a loan, lenders must assess the applicant's 
solvency before approving the loan. Because the bank's risk tolerance and 
financial objectives are tied to this issue. As a result, loan approval models 
play a vital role in assisting bankers in making sound decisions.

However, the real-world scenario is different. The number of  classes in 
a real-world dataset is not equal. Because of  these inequalities, the loan 
approval model cannot produce an accurate result, instead produces a biased 
output. Recently, ML researchers guided how to handle a data set with 
imbalances. Haixiang, Yijing, Shang, Mingyun, Yuanyue and Bing (2017) 
highlight two approaches commonly used in this context: Resampling and 
Ensemble methods. The resampling strategy focuses on class distribution, 
whereas the ensemble technique focuses on numerous poor classifiers that 
work together to create a more effective and sound model. Although these 
strategies are frequently employed, they are not without flaws. The most 
basic kind of  over-sampling is to replicate random data of  the minority 
group, thus might result in overfitting. The simplest under-sampling strategy 
includes eliminating arbitrary samples from the dominant  class, therefore 
might result in information loss. On the other hand, previous research 
(Haixiang, Yijing, Shang, Mingyun, Yuanyue, & Bing, 2017) has shown that 
ensemble learning algorithms perform better than a single model in the case 
of  skewed datasets. They have been widely applied to dealing with various 
real-world challenges, such as credit reporting and class imbalance problems. 
Bagging and boosting are two methods for incorporating basic classifiers 
into a powerful classifier. The bagging approach is a concurrent ensemble 
technique that creates the primary classifiers simultaneously whereas the 
boosting method is a sequential approach that builds the base classifiers 
sequentially, with the final classifiers impacted by the initial classifiers.

However, the integration of  preprocessing methods, dynamic selection 
strategies, and group generators leads only to the work of  De Melo Junior, 
Nardini, Renso and de Macêdo (2019). This particular study stands out 
because it incorporates a combination of  techniques rather than evaluating 
individual methods in isolation. The authors of  this work explored the 
effectiveness of  preprocessing techniques, dynamic selection methods 
(automatically selecting the most competent classifiers for prediction), and 

clustering generators (generation of  diverse taxonomy). One of  the 
important things is, that De Melo Junior, Nardini, Renso and de Macêdo 
(2019) mainly focused on the comparison of  these techniques rather than the 
methodology of  the techniques. Their study delivers very useful information 
rather than introducing new techniques.

Among the Data-level approaches, such as oversampling (Batista, Prati, 
& Monard, 2004) and the under-sampling methods (Zhang & Mani, 2003; Li, 
Zhu, & Wu, 2020) a popular oversampling method is the synthetic minority 
oversampling technique (SMOTE) (Chawla, Bowyer, Hall, & Kegelmeyer, 
2002), which has many applications and also practice in different fields.

The classic SMOTE method and its many extensions (Chawla, 
Lazarevic, Hall, & Bowyer, 2003; Han, Wang, & Mao, 2005; Sinapiromsaran 
& Lursinsap, 2009; Tang, Zhang, Chawla, & Krasser, 2008; Bai & Garcia, 
2008; Prusty, Jayanthi, & Velusamy, 2017; Douzas, Bacao, & Last, 2018; Susan 
& Kumar, 2019; Cover, & Hart, 1967) uses the k-Nearest Neighbor (KNN) 
algorithm to generate new samples. These approaches attempt to aggregate 
minority class samples by computing the arbitrary difference between a 
chosen source sample and one of  its nearest neighbor samples. Several 
improved variants have been proposed based on this principle, including 
borderline SMOTE (Han, Wang, & Mao, 2005), safe-level SMOTE 
(Bunkhumpornpat, Sinapiromsaran, & Lursinsap, 2009), ADASYN (He, Bai, 
Garcia, & Li 2008), SMOTE-IPF (Sáez, Luengo, Stefanowski, & Herrera, 
2015) and k-means SMOTE (Douzas, Bacao, & Last, 2018). These variations 
introduced additional considerations to improve the efficiency of  the 
SMOTE technique and overcome potential limitations. However, SMOTE is 
capable of  generating noisy, finite, and repetitive patterns, which can affect 
the possibility of  misclassification of  the dominant class that makes up the 
original data. By using oversampling, Emu, Jahin, Akter, Patwary and Akter 
(2022) were able to increase the sample size for the minority while preserving 
the proportions of  low classification errors for the group, which kept the 
majority class. Their method, however, has problems with how well 
weighting filters out minority data. Their weighting procedure proved to be 
inadequately effective, which can have a significant impact on assessing the 
importance of  each minority sample. In terms of  filtering and adaptive 
representation for the minority class instance, this strategy does not produce 
the best results. This constraint emphasizes the need to create reliable and 
effective methods for handling minority class samples in oversampling 
approaches.

Considering the aforementioned issues, especially those related to 
SMOTE and WBOT, this paper offers a novel strategy based on fuzzy 

c-means clustering.  This oversampling method makes use of  fuzzy 
computing and clustering to boost composite sample production. It allocates 
data points to various clusters with variable degrees of  membership. The 
proposed strategy tries to fabricate composite examples that are more 
representative, consequently limiting the effect on the misclassification pace 
of  the ruling classes. An improvement in oversampling adequacy in case of  
class imbalance has been done by this innovative procedure.

The remaining sections of  this study are organized as follows: The 
literature review is fully reported in Part II, which is followed by Part III on 
imbalanced data and Part IV on the suggested technique, and Part V on the 
findings. The work is concluded by part VI with suggestions for more 
investigation.

2. Related works
In a study, De Melo Junior, Nardini, Renso, and de Macêdo, (2019) 
conducted extensive research on credit scoring, focusing on four datasets 
with an imbalance ratio (IR) of  25%. The analysts pointed to judge the value 
of  different methods in tending to class imbalance, counting under-sampling 
strategies such as Random Under-Sampling (RUS), oversampling methods 
like Smote and Random Over-Sampling, as well as ensemble strategies like 
homogeneous selection and dynamic selection. Additionally, they examined 
the performance of  these approaches when combined with pool generators.
In contrast to conventional credit valuation approaches, Serrano-Cinca and 
Gutirrez-Nieto, (2016) proposed an elective strategy that employments the 
inside rate of  return (IRR) rather than the twofold IDs of  the default 
advance. By considering the IRR as a preparation measure, the creators need 
to adjust the credit rating models with the profit-oriented objectives of  
monetary education. This procedure offers an exciting viewpoint because it 
centers on maximizing benefits and not only forecasting. Bastani, Asgari and 
Namavari (2019) presented a diverse point of  view on credit evaluation by 
evaluating not only the probability of  default but also profitability. They offer 
a two-phase approach that uses a comprehensive and in-depth learning 
strategy to associate dropout assessment with profitability. By counting 
productivity as a deciding figure, their approach gives a more comprehensive 
examination that considers both the risk and potential money related to loan 
approvals. Sousa, Gama and Brandão (2016) proposed a show for credit 
chance examination and stated that active models tend to surpass inactive 
models in terms of  estimate exactness. However, despite the outstanding 
performance of  dynamic models, the writers note that ordinary models are 
still more broadly utilized within the economic industry. This finding
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Figure 11
Accuracy in identifying Arabic characters from air-writing by Fine KNN model.

Table IV
Comparison of  the results with recent studies.

5. Conclusion 
In this research, a data acquisition system is constructed to capture data of  
Arabic characters written in the air, and a motion sensor-based air-writing 
dataset is created using this system. The developed dataset is then used to 
assess the accuracy of  various supervised machine learning models in 
recognizing Arabic characters in air-writing. It has been observed that 
existing machine learning models effectively recognize Arabic letters from 
air-writing data, achieving a maximum accuracy of  98.5%. This technique 
holds the potential to facilitate inputting Arabic text into digital devices 
without the need for a keyboard or touch screen, thereby enhancing 
user-friendly human-machine interaction. However, there are some 
drawbacks to the suggested air-writing technique. It requires the entire hand 
to move, making it time-consuming, labor-intensive, and demanding in terms 

of  space. In the future, the proposed system could be further developed to 
recognize Arabic air-writing based on finger movements, potentially making 
the air-writing process quicker, more effortless, and space-efficient.
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1. Introduction
Loan-granting is a crucial operation to increase bank's profitability and 
maintenance. Even slight advances in default prediction might result in large 
revenues for banks. However, deciding to approve a loan is difficult and 
dangerous since banks must correctly forecast defaults to prevent financial 
losses, particularly during economic crises. According to Thomas, Crook and 
Edelman (2017) they noticed various factors influencing the rate of  default 
throughout a period, including the price of  money (that is, interest rate), 

credit availability and need, the status of  the country's economy, and the 
cyclical fluctuations of  credit through time. Aside from these factors, the 
accessibility of  data, exactness, and dependability make the default forecast 
considerably more difficult than other domain-dependent categorization 
tasks. Furthermore, because the number of  loan applicants is massive, it is 
difficult for bankers to calculate the appropriate risk-to-profitability ratio. 
When a customer requests a loan, lenders must assess the applicant's 
solvency before approving the loan. Because the bank's risk tolerance and 
financial objectives are tied to this issue. As a result, loan approval models 
play a vital role in assisting bankers in making sound decisions.

However, the real-world scenario is different. The number of  classes in 
a real-world dataset is not equal. Because of  these inequalities, the loan 
approval model cannot produce an accurate result, instead produces a biased 
output. Recently, ML researchers guided how to handle a data set with 
imbalances. Haixiang, Yijing, Shang, Mingyun, Yuanyue and Bing (2017) 
highlight two approaches commonly used in this context: Resampling and 
Ensemble methods. The resampling strategy focuses on class distribution, 
whereas the ensemble technique focuses on numerous poor classifiers that 
work together to create a more effective and sound model. Although these 
strategies are frequently employed, they are not without flaws. The most 
basic kind of  over-sampling is to replicate random data of  the minority 
group, thus might result in overfitting. The simplest under-sampling strategy 
includes eliminating arbitrary samples from the dominant  class, therefore 
might result in information loss. On the other hand, previous research 
(Haixiang, Yijing, Shang, Mingyun, Yuanyue, & Bing, 2017) has shown that 
ensemble learning algorithms perform better than a single model in the case 
of  skewed datasets. They have been widely applied to dealing with various 
real-world challenges, such as credit reporting and class imbalance problems. 
Bagging and boosting are two methods for incorporating basic classifiers 
into a powerful classifier. The bagging approach is a concurrent ensemble 
technique that creates the primary classifiers simultaneously whereas the 
boosting method is a sequential approach that builds the base classifiers 
sequentially, with the final classifiers impacted by the initial classifiers.

However, the integration of  preprocessing methods, dynamic selection 
strategies, and group generators leads only to the work of  De Melo Junior, 
Nardini, Renso and de Macêdo (2019). This particular study stands out 
because it incorporates a combination of  techniques rather than evaluating 
individual methods in isolation. The authors of  this work explored the 
effectiveness of  preprocessing techniques, dynamic selection methods 
(automatically selecting the most competent classifiers for prediction), and 

clustering generators (generation of  diverse taxonomy). One of  the 
important things is, that De Melo Junior, Nardini, Renso and de Macêdo 
(2019) mainly focused on the comparison of  these techniques rather than the 
methodology of  the techniques. Their study delivers very useful information 
rather than introducing new techniques.

Among the Data-level approaches, such as oversampling (Batista, Prati, 
& Monard, 2004) and the under-sampling methods (Zhang & Mani, 2003; Li, 
Zhu, & Wu, 2020) a popular oversampling method is the synthetic minority 
oversampling technique (SMOTE) (Chawla, Bowyer, Hall, & Kegelmeyer, 
2002), which has many applications and also practice in different fields.

The classic SMOTE method and its many extensions (Chawla, 
Lazarevic, Hall, & Bowyer, 2003; Han, Wang, & Mao, 2005; Sinapiromsaran 
& Lursinsap, 2009; Tang, Zhang, Chawla, & Krasser, 2008; Bai & Garcia, 
2008; Prusty, Jayanthi, & Velusamy, 2017; Douzas, Bacao, & Last, 2018; Susan 
& Kumar, 2019; Cover, & Hart, 1967) uses the k-Nearest Neighbor (KNN) 
algorithm to generate new samples. These approaches attempt to aggregate 
minority class samples by computing the arbitrary difference between a 
chosen source sample and one of  its nearest neighbor samples. Several 
improved variants have been proposed based on this principle, including 
borderline SMOTE (Han, Wang, & Mao, 2005), safe-level SMOTE 
(Bunkhumpornpat, Sinapiromsaran, & Lursinsap, 2009), ADASYN (He, Bai, 
Garcia, & Li 2008), SMOTE-IPF (Sáez, Luengo, Stefanowski, & Herrera, 
2015) and k-means SMOTE (Douzas, Bacao, & Last, 2018). These variations 
introduced additional considerations to improve the efficiency of  the 
SMOTE technique and overcome potential limitations. However, SMOTE is 
capable of  generating noisy, finite, and repetitive patterns, which can affect 
the possibility of  misclassification of  the dominant class that makes up the 
original data. By using oversampling, Emu, Jahin, Akter, Patwary and Akter 
(2022) were able to increase the sample size for the minority while preserving 
the proportions of  low classification errors for the group, which kept the 
majority class. Their method, however, has problems with how well 
weighting filters out minority data. Their weighting procedure proved to be 
inadequately effective, which can have a significant impact on assessing the 
importance of  each minority sample. In terms of  filtering and adaptive 
representation for the minority class instance, this strategy does not produce 
the best results. This constraint emphasizes the need to create reliable and 
effective methods for handling minority class samples in oversampling 
approaches.

Considering the aforementioned issues, especially those related to 
SMOTE and WBOT, this paper offers a novel strategy based on fuzzy 

c-means clustering.  This oversampling method makes use of  fuzzy 
computing and clustering to boost composite sample production. It allocates 
data points to various clusters with variable degrees of  membership. The 
proposed strategy tries to fabricate composite examples that are more 
representative, consequently limiting the effect on the misclassification pace 
of  the ruling classes. An improvement in oversampling adequacy in case of  
class imbalance has been done by this innovative procedure.

The remaining sections of  this study are organized as follows: The 
literature review is fully reported in Part II, which is followed by Part III on 
imbalanced data and Part IV on the suggested technique, and Part V on the 
findings. The work is concluded by part VI with suggestions for more 
investigation.

2. Related works
In a study, De Melo Junior, Nardini, Renso, and de Macêdo, (2019) 
conducted extensive research on credit scoring, focusing on four datasets 
with an imbalance ratio (IR) of  25%. The analysts pointed to judge the value 
of  different methods in tending to class imbalance, counting under-sampling 
strategies such as Random Under-Sampling (RUS), oversampling methods 
like Smote and Random Over-Sampling, as well as ensemble strategies like 
homogeneous selection and dynamic selection. Additionally, they examined 
the performance of  these approaches when combined with pool generators.
In contrast to conventional credit valuation approaches, Serrano-Cinca and 
Gutirrez-Nieto, (2016) proposed an elective strategy that employments the 
inside rate of  return (IRR) rather than the twofold IDs of  the default 
advance. By considering the IRR as a preparation measure, the creators need 
to adjust the credit rating models with the profit-oriented objectives of  
monetary education. This procedure offers an exciting viewpoint because it 
centers on maximizing benefits and not only forecasting. Bastani, Asgari and 
Namavari (2019) presented a diverse point of  view on credit evaluation by 
evaluating not only the probability of  default but also profitability. They offer 
a two-phase approach that uses a comprehensive and in-depth learning 
strategy to associate dropout assessment with profitability. By counting 
productivity as a deciding figure, their approach gives a more comprehensive 
examination that considers both the risk and potential money related to loan 
approvals. Sousa, Gama and Brandão (2016) proposed a show for credit 
chance examination and stated that active models tend to surpass inactive 
models in terms of  estimate exactness. However, despite the outstanding 
performance of  dynamic models, the writers note that ordinary models are 
still more broadly utilized within the economic industry. This finding
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Figure 11
Accuracy in identifying Arabic characters from air-writing by Fine KNN model.

Table IV
Comparison of  the results with recent studies.

5. Conclusion 
In this research, a data acquisition system is constructed to capture data of  
Arabic characters written in the air, and a motion sensor-based air-writing 
dataset is created using this system. The developed dataset is then used to 
assess the accuracy of  various supervised machine learning models in 
recognizing Arabic characters in air-writing. It has been observed that 
existing machine learning models effectively recognize Arabic letters from 
air-writing data, achieving a maximum accuracy of  98.5%. This technique 
holds the potential to facilitate inputting Arabic text into digital devices 
without the need for a keyboard or touch screen, thereby enhancing 
user-friendly human-machine interaction. However, there are some 
drawbacks to the suggested air-writing technique. It requires the entire hand 
to move, making it time-consuming, labor-intensive, and demanding in terms 

of  space. In the future, the proposed system could be further developed to 
recognize Arabic air-writing based on finger movements, potentially making 
the air-writing process quicker, more effortless, and space-efficient.
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1. Introduction
Loan-granting is a crucial operation to increase bank's profitability and 
maintenance. Even slight advances in default prediction might result in large 
revenues for banks. However, deciding to approve a loan is difficult and 
dangerous since banks must correctly forecast defaults to prevent financial 
losses, particularly during economic crises. According to Thomas, Crook and 
Edelman (2017) they noticed various factors influencing the rate of  default 
throughout a period, including the price of  money (that is, interest rate), 

credit availability and need, the status of  the country's economy, and the 
cyclical fluctuations of  credit through time. Aside from these factors, the 
accessibility of  data, exactness, and dependability make the default forecast 
considerably more difficult than other domain-dependent categorization 
tasks. Furthermore, because the number of  loan applicants is massive, it is 
difficult for bankers to calculate the appropriate risk-to-profitability ratio. 
When a customer requests a loan, lenders must assess the applicant's 
solvency before approving the loan. Because the bank's risk tolerance and 
financial objectives are tied to this issue. As a result, loan approval models 
play a vital role in assisting bankers in making sound decisions.

However, the real-world scenario is different. The number of  classes in 
a real-world dataset is not equal. Because of  these inequalities, the loan 
approval model cannot produce an accurate result, instead produces a biased 
output. Recently, ML researchers guided how to handle a data set with 
imbalances. Haixiang, Yijing, Shang, Mingyun, Yuanyue and Bing (2017) 
highlight two approaches commonly used in this context: Resampling and 
Ensemble methods. The resampling strategy focuses on class distribution, 
whereas the ensemble technique focuses on numerous poor classifiers that 
work together to create a more effective and sound model. Although these 
strategies are frequently employed, they are not without flaws. The most 
basic kind of  over-sampling is to replicate random data of  the minority 
group, thus might result in overfitting. The simplest under-sampling strategy 
includes eliminating arbitrary samples from the dominant  class, therefore 
might result in information loss. On the other hand, previous research 
(Haixiang, Yijing, Shang, Mingyun, Yuanyue, & Bing, 2017) has shown that 
ensemble learning algorithms perform better than a single model in the case 
of  skewed datasets. They have been widely applied to dealing with various 
real-world challenges, such as credit reporting and class imbalance problems. 
Bagging and boosting are two methods for incorporating basic classifiers 
into a powerful classifier. The bagging approach is a concurrent ensemble 
technique that creates the primary classifiers simultaneously whereas the 
boosting method is a sequential approach that builds the base classifiers 
sequentially, with the final classifiers impacted by the initial classifiers.

However, the integration of  preprocessing methods, dynamic selection 
strategies, and group generators leads only to the work of  De Melo Junior, 
Nardini, Renso and de Macêdo (2019). This particular study stands out 
because it incorporates a combination of  techniques rather than evaluating 
individual methods in isolation. The authors of  this work explored the 
effectiveness of  preprocessing techniques, dynamic selection methods 
(automatically selecting the most competent classifiers for prediction), and 

clustering generators (generation of  diverse taxonomy). One of  the 
important things is, that De Melo Junior, Nardini, Renso and de Macêdo 
(2019) mainly focused on the comparison of  these techniques rather than the 
methodology of  the techniques. Their study delivers very useful information 
rather than introducing new techniques.

Among the Data-level approaches, such as oversampling (Batista, Prati, 
& Monard, 2004) and the under-sampling methods (Zhang & Mani, 2003; Li, 
Zhu, & Wu, 2020) a popular oversampling method is the synthetic minority 
oversampling technique (SMOTE) (Chawla, Bowyer, Hall, & Kegelmeyer, 
2002), which has many applications and also practice in different fields.

The classic SMOTE method and its many extensions (Chawla, 
Lazarevic, Hall, & Bowyer, 2003; Han, Wang, & Mao, 2005; Sinapiromsaran 
& Lursinsap, 2009; Tang, Zhang, Chawla, & Krasser, 2008; Bai & Garcia, 
2008; Prusty, Jayanthi, & Velusamy, 2017; Douzas, Bacao, & Last, 2018; Susan 
& Kumar, 2019; Cover, & Hart, 1967) uses the k-Nearest Neighbor (KNN) 
algorithm to generate new samples. These approaches attempt to aggregate 
minority class samples by computing the arbitrary difference between a 
chosen source sample and one of  its nearest neighbor samples. Several 
improved variants have been proposed based on this principle, including 
borderline SMOTE (Han, Wang, & Mao, 2005), safe-level SMOTE 
(Bunkhumpornpat, Sinapiromsaran, & Lursinsap, 2009), ADASYN (He, Bai, 
Garcia, & Li 2008), SMOTE-IPF (Sáez, Luengo, Stefanowski, & Herrera, 
2015) and k-means SMOTE (Douzas, Bacao, & Last, 2018). These variations 
introduced additional considerations to improve the efficiency of  the 
SMOTE technique and overcome potential limitations. However, SMOTE is 
capable of  generating noisy, finite, and repetitive patterns, which can affect 
the possibility of  misclassification of  the dominant class that makes up the 
original data. By using oversampling, Emu, Jahin, Akter, Patwary and Akter 
(2022) were able to increase the sample size for the minority while preserving 
the proportions of  low classification errors for the group, which kept the 
majority class. Their method, however, has problems with how well 
weighting filters out minority data. Their weighting procedure proved to be 
inadequately effective, which can have a significant impact on assessing the 
importance of  each minority sample. In terms of  filtering and adaptive 
representation for the minority class instance, this strategy does not produce 
the best results. This constraint emphasizes the need to create reliable and 
effective methods for handling minority class samples in oversampling 
approaches.

Considering the aforementioned issues, especially those related to 
SMOTE and WBOT, this paper offers a novel strategy based on fuzzy 

c-means clustering.  This oversampling method makes use of  fuzzy 
computing and clustering to boost composite sample production. It allocates 
data points to various clusters with variable degrees of  membership. The 
proposed strategy tries to fabricate composite examples that are more 
representative, consequently limiting the effect on the misclassification pace 
of  the ruling classes. An improvement in oversampling adequacy in case of  
class imbalance has been done by this innovative procedure.

The remaining sections of  this study are organized as follows: The 
literature review is fully reported in Part II, which is followed by Part III on 
imbalanced data and Part IV on the suggested technique, and Part V on the 
findings. The work is concluded by part VI with suggestions for more 
investigation.

2. Related works
In a study, De Melo Junior, Nardini, Renso, and de Macêdo, (2019) 
conducted extensive research on credit scoring, focusing on four datasets 
with an imbalance ratio (IR) of  25%. The analysts pointed to judge the value 
of  different methods in tending to class imbalance, counting under-sampling 
strategies such as Random Under-Sampling (RUS), oversampling methods 
like Smote and Random Over-Sampling, as well as ensemble strategies like 
homogeneous selection and dynamic selection. Additionally, they examined 
the performance of  these approaches when combined with pool generators.
In contrast to conventional credit valuation approaches, Serrano-Cinca and 
Gutirrez-Nieto, (2016) proposed an elective strategy that employments the 
inside rate of  return (IRR) rather than the twofold IDs of  the default 
advance. By considering the IRR as a preparation measure, the creators need 
to adjust the credit rating models with the profit-oriented objectives of  
monetary education. This procedure offers an exciting viewpoint because it 
centers on maximizing benefits and not only forecasting. Bastani, Asgari and 
Namavari (2019) presented a diverse point of  view on credit evaluation by 
evaluating not only the probability of  default but also profitability. They offer 
a two-phase approach that uses a comprehensive and in-depth learning 
strategy to associate dropout assessment with profitability. By counting 
productivity as a deciding figure, their approach gives a more comprehensive 
examination that considers both the risk and potential money related to loan 
approvals. Sousa, Gama and Brandão (2016) proposed a show for credit 
chance examination and stated that active models tend to surpass inactive 
models in terms of  estimate exactness. However, despite the outstanding 
performance of  dynamic models, the writers note that ordinary models are 
still more broadly utilized within the economic industry. This finding
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highlights a discrepancy between the potential of  dynamic modeling  
techniques and their actual adoption in practice, suggesting a need for greater 
recognition and adoption of  dynamic approaches in credit risk assessment.

Recently, Song, Wang, Ye, Zaretzki and Liu (2023) suggests a 
multi-objective ensemble learning approach that is rating-specific for 
building potential predictions for loan subgroups with comparable default 
probability. A data augmentation technique was presented by Temraz and 
Keane (2022), which creates artificial, hypothetical cases in the minority class. 
This approach uses real feature values—rather than overlaying values across 
data points. However, this approach was binary class-specific.

More studies have focused on evaluating the competence of  
classification methods for loan approval datasets. Several papers, including 
Abellán and Castellano (2017), Ala'raj and Abbod (2016a), Ala'raj and Abbod 
(2016b), Feng, Xiao, Zhong, Qiu and Dong (2018), García, Marques and 
Sánchez (2019), He, Zhang, and Zhang (2018), Lessmann, Baesens, Seow 
and Thomas (2015), Sun, Lang, Fujita and Li (2018), Xia, Liu, Da and Xie 
(2018), Xia, Liu, Li and Liu (2017), Xiao, Xiao and Wang (2016) have assessed 
the predictive capabilities of  different methods in this domain.

3. Imbalanced dataset and evaluation metric
In this section, we have started by introducing several solution approaches 
for balancing the imbalanced dataset. Subsequently, the specific metric for 
evaluating the performance of  the imbalanced dataset is also introduced. 
3.1 Theory of  imbalanced dataset

A dataset is said to be imbalanced if  the target class has an unbalanced 
distribution. In this case, the frequency of  one class is much higher than the 
amount of  another. This class imbalance can result in biased models that fare 
poorly with the minority class, which is often the class of  interest. To address 
this issue, different algorithms have been created particularly for managing 
imbalanced data sets.

There exist many data-driven solutions that concentrate on data 
augmentation, in which artificial data from the minority class is manufactured 
using various approaches. SMOTE (Synthetic Minority Over-sampling 
approach) is a common data-driven approach that generates synthetic 
instances by interpolating between existing minority class samples. By 
increasing the representation of  the minority class, data expansion balances 
the data set and improves the performance of  the model in the minority 
class.

Another data-driven approach is transfer learning, which leverages 
knowledge from related tasks or datasets to improve performance relative to 

the imbalanced dataset. In transfer learning, a model that has been 
pre-trained on a large and diverse data set is matched to the imbalanced data 
set to benefit from the learned representations. This transfer of  knowledge 
can lead to more effective learning and better generalization of  the minority 
class.

The algorithm used for learning is either updated or built to 
accommodate imbalanced data sets in algorithm-level  solutions. Another 
useful option for imbalanced classification is cost-sensitive learning, which 
focuses on first allocating various costs to the many sorts of  misclassification 
rates  that might occur, and then applying specialized algorithms to 
compensate for those costs. The concept of  a cost matrix helps to 
understand the varied misclassification costs. 

In this work, we focused on a data-level approach to addressing the 
problem of  class imbalance. The analysis in this context is concentrated on 
datasets containing the categories "yes" and "no." The class with a "yes" label 
stands in for the majority class, whereas the class with a "no" label symbolizes 
the minority class with fewer cases.

The dataset's imbalanced ratio (IR), which reflects the unequal 
distribution of  occurrences among several categories, is calculated by 
equation 1. It shows the discrepancy in sample sizes between the majority 
and minority groups. The imbalanced ratio, for instance, would be 9:1 if  a 
dataset had 1,000 instances with 900 samples from the majority group and 
100 samples from the minority group.

During the empirical investigation, the minority class's size intentionally 
decreased by a factor of  4.22 and 8.45. This reduction resulted in the creation 
of  three distinct datasets from the initial one. Thus, these shortened datasets 
are used to assess the viability of  different calculations and techniques in 
dealing with the issue of  class unevenness.

Two existing techniques as well as the suggested approach were applied 
to the imbalance loan dataset, which was segmented into three imbalanced 
ratios, and the performance of  each method for each dataset was recorded. 
The results of  this analysis can assist us in making a loan approval model that 
will be more robust and precise in dealing with a class imbalance. 

3.2 Evaluation metric
When dealing with imbalanced datasets, accuracy is hardly a valid metric in 
the context of  imbalanced data sets because it does not discriminate between 

the amount of  properly identified samples of  various categories. When one 
category is substantially more numerous than another in these sorts of  
datasets, a framework that merely predicts the dominant category for all cases 
can nonetheless reach excellent accuracy while not adequately identifying the 
minority class. This is the reason why supplementary measures, such as 
precision and recall, are so useful in this type of  network monitoring. These 
metrics are important for quickly acquiring knowledge of  core patterns 
throughout a dataset. Observing them periodically will allow us to have a 
greater understanding of  the system's overall efficacy as well as the variables 
influencing its dependability and usefulness. The specific formulas for these 
metrics can be found in the following references (He, Bai, Garcia, & Li, 2008; 
Douzas, Bacao & Last, 2018; Pan, Zhao, Wu, & Yang, 2020; Li & Zhu, 2019; 
Tang, Zhang, Chawla, & Krasser, 2008; Guo & Viktor, 2004).

Table I
Confusion Matrix

 

F-measure: F-measure offers a balanced metric that incorporates both 
precision and recall into a single statistic. It has a score between 0 and 1, with 
1 reflecting flawless precision and recall. As in prior work (He, Bai, Garcia, & 
Li, 2008; Douzas, Bacao & Last, 2018; Pan, Zhao, Wu & Yang, 2020), 
prediction accuracy (ACC), the F-measure with b = 1 and G-mean were 
employed as assessment measures. 
F-measure is calculated as:

G-mean: G-mean compares performance in both favorable and adverse 
factors, whereas F-measure combines precision and recall. 
The score of  G-mean can be calculated as:

A higher G-mean score designates balanced performance between the 
minority and majority classes, while a higher F-measure value shows a greater 

accuracy in predicting the minority class.

4. Proposed method
There are three phases in the suggested technique. These steps involve 
creating an unlabeled dataset, using Fuzzy C means clustering and 
classification to oversample the original dataset, and then verifying the 
balanced dataset using the Decision Tree and K-Nearest Neighbor method. 
The overall methodology is shown in the following figure:

Figure 1
Proposed method

4.1 Generate an unlabeled dataset
In this paper, to generate an unlabeled dataset we applied the method studied 
by (Emu, Jahin, Akter, Patwary, & Akter, 2022; Jahin, Emu, Akter, Patwary, 
Bhuiyan, & Miraz, 2021). The unlabeled dataset was created by combining all 
possible combinations of  unique values from different characteristics. This 
method is designed to generate a diverse and comprehensive set of  samples 
that represent the different combinations of  attribute values present in the 
original dataset.

To illustrate this method, let's consider two features of  the loan dataset: 
Education and Self-employed. Education has two unique values - Graduate 
and Not Graduate, while Self-employed also has two unique values - Yes and 
No. Both features have a cardinality of  2, meaning they each have two 
distinct values.

To create the unlabeled dataset, the authors multiplied the cardinalities 
of  these features, resulting in 2 × 2 = 4 possible combinations. The dataset, 
therefore, consisted of  four samples, each represented by a combination of  
values from Education and Self-employed. The samples in this example 
would look like this: [(Graduate, Yes), (Graduate, No), (Not Graduate, Yes), 
(Not Graduate, No)].

Taking into consideration all conceivable combinations of  attribute 

values, this newly constructed unlabeled dataset provides a complete 
representation of  the samples and allows researchers to study various 
possibilities and obtain a broad diversity of  combinations.

4.2 Apply fcm on unlabeled dataset
Fuzzy C means clustering is then employed to the unlabeled dataset to assign 
membership values to each data point. Then data is classified based on the 
highest membership value obtained from the clustering process. This 
classification helps in identifying the most suitable class for each data point. 
From these artificially generated data points minority samples are then 
included in the actual dataset, thereby increasing the representation of  the 
minority class. The formula for calculating the Fuzzy membership value of  
each sample is:

Where,
µ= Membership value
n= Number of  patterns
m= Fuzzifier value
dik/dkj signifies Euclidean distance value between cluster and data point.

An example of  this process is shown in Table II including 10 samples.
Table II
Predicted class for artificial data using FCM

Table II shows 10 samples, and for each sample, the membership values for 
two classes, "Yes"(1) and "No,"(0) are provided. For instance, considering the 
1st sample, the membership value for the "Yes" class is 0.9470201, while the 
membership value for the "No" class is 0.0529799. To fix the assigned class 

label for individual data, the membership values are compared. In this case, 
since the membership score of  the "Yes" class (0.9470201) is larger than the 
membership degree of  the "No" class (0.0529799), the assigned class for the 
1st sample would be "Yes" or 1.
On the remaining data points in the Table, the same procedure was used. 
Each sample's membership values for the "Yes" and "No" classes are 
compared, and the data point was assigned to the cluster with the greater 
membership value. The original dataset is then updated with the samples 
from the minority classes. Through this procedure, the minority class's 
presence in the dataset is effectively increased by the fabrication of  synthetic 
data points that represent it. 
The algorithm's stages are as follows:
Algorithm: Fuzzy C-means-based Oversampling Algorithm
Input: Imbalanced loan dataset
Output: Balanced dataset
Steps:

1. Generate an unlabeled dataset (X_unlabeled) by combining unique 
attribute values.

2. Apply Fuzzy C-means clustering to X_unlabeled and obtain cluster 
assignments (cluster_labels).

3. Label the unlabeled dataset by assigning majority class labels within 
each cluster.

4. Oversample the minority class in X_labeled by creating artificial 
instances based on cluster information.

5. Validate the balanced dataset using DT and KNN classifiers.
6. Return the balanced loan dataset (X_balanced, y_balanced).

     End

Figure 2
Flow chart of  the proposed algorithm

Time Complexity: The time complexity for preparing and testing the 
classifiers relies upon the calculations utilized and their execution.The time 
complexit of  each step and the total time complexity are shown below:
Step 1: Generate an unlabeled dataset(X_unlabeled) by combining unique 
attribute values.

Time complexity: O(n * m), where m is the attribute and n is the total 
data points

Step 2: Apply Fuzzy C-means clustering to X_unlabeled and obtain cluster 
assignments.

Time Complexity: O(k * n * m * max_iter) , k is the cluster
Step 3: Label the unlabeled dataset by assigning majority class labels within 
each cluster.

Time Complexity: O(n)

Step 4: Oversample the minority class in X_labeled by creating artificial 
instances based on cluster information.

Time Complexity: O(n_synthetic * m),  n_synthetic is the number of  
artificial data.

Step 5: Validate the balanced dataset using DT and KNN classifiers.
Time Complexity: O(k * n * m)

Overall Time Complexity:
 
O(n * m) + O(k * n * m * max_iter) + O(n) + O(n_synthetic * m) + O(k * 
n * m) ≈ O(k * n * m * max_iter)

4.3 Validation of  the newly created balanced dataset
To validate the balanced dataset, two classification algorithms, namely 
Decision Tree (DT) and K-nearest neighbors (KNN), are used. These 
algorithms are chosen as they are commonly used for classification tasks and 
can effectively perform on categorical and numerical data.

The decision tree constructs a classification framework in the shape of  a 
tree. It progressively divides a dataset into progressively smaller sections 
while also developing a linked decision tree. The outcome of  this process is 
a tree containing decision points and terminal nodes (Jiao, Song & Liu, 2020). 
Furthermore, KNN acts by locating the K nearest points throughout the 
training dataset and using their class to forecast the category of  a fresh query 
instance. Because of  having capability to handle complicated data and its 
simple nature, KNN has grown into a prominent tool in the field of  machine 
learning (Cover & Hart, 1967).

The Decision Tree and K-nearest neighbor algorithms both act as 
validation approaches for determining the efficacy of  the altered data set. 
They show how the dataset was assessed in terms of  classification accuracy, 
precision, recall, and other key parameters. 

5. Experimental setup 
This part examines the experimental outcomes of  the loan dataset in detail, 
as well as the classification performance of  two ML algorithms named 
Decision Tree and K-Nearest Neighbor with imbalanced data sets. A table of  
comparisons among SMOTE, WBOT, and the suggested approach is also 
illustrated with proper justification.
5.1 Data and experimental settings
The tests were performed on a PC running Windows 10, 64-bit, with an Intel 
Core i5-4590 CPU running at 3.30 GHz and 4 GB of  RAM, as well as 
Python 3.8.8 software. Table III shows the features of  the data set used in
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highlights a discrepancy between the potential of  dynamic modeling  
techniques and their actual adoption in practice, suggesting a need for greater 
recognition and adoption of  dynamic approaches in credit risk assessment.

Recently, Song, Wang, Ye, Zaretzki and Liu (2023) suggests a 
multi-objective ensemble learning approach that is rating-specific for 
building potential predictions for loan subgroups with comparable default 
probability. A data augmentation technique was presented by Temraz and 
Keane (2022), which creates artificial, hypothetical cases in the minority class. 
This approach uses real feature values—rather than overlaying values across 
data points. However, this approach was binary class-specific.

More studies have focused on evaluating the competence of  
classification methods for loan approval datasets. Several papers, including 
Abellán and Castellano (2017), Ala'raj and Abbod (2016a), Ala'raj and Abbod 
(2016b), Feng, Xiao, Zhong, Qiu and Dong (2018), García, Marques and 
Sánchez (2019), He, Zhang, and Zhang (2018), Lessmann, Baesens, Seow 
and Thomas (2015), Sun, Lang, Fujita and Li (2018), Xia, Liu, Da and Xie 
(2018), Xia, Liu, Li and Liu (2017), Xiao, Xiao and Wang (2016) have assessed 
the predictive capabilities of  different methods in this domain.

3. Imbalanced dataset and evaluation metric
In this section, we have started by introducing several solution approaches 
for balancing the imbalanced dataset. Subsequently, the specific metric for 
evaluating the performance of  the imbalanced dataset is also introduced. 
3.1 Theory of  imbalanced dataset

A dataset is said to be imbalanced if  the target class has an unbalanced 
distribution. In this case, the frequency of  one class is much higher than the 
amount of  another. This class imbalance can result in biased models that fare 
poorly with the minority class, which is often the class of  interest. To address 
this issue, different algorithms have been created particularly for managing 
imbalanced data sets.

There exist many data-driven solutions that concentrate on data 
augmentation, in which artificial data from the minority class is manufactured 
using various approaches. SMOTE (Synthetic Minority Over-sampling 
approach) is a common data-driven approach that generates synthetic 
instances by interpolating between existing minority class samples. By 
increasing the representation of  the minority class, data expansion balances 
the data set and improves the performance of  the model in the minority 
class.

Another data-driven approach is transfer learning, which leverages 
knowledge from related tasks or datasets to improve performance relative to 

the imbalanced dataset. In transfer learning, a model that has been 
pre-trained on a large and diverse data set is matched to the imbalanced data 
set to benefit from the learned representations. This transfer of  knowledge 
can lead to more effective learning and better generalization of  the minority 
class.

The algorithm used for learning is either updated or built to 
accommodate imbalanced data sets in algorithm-level  solutions. Another 
useful option for imbalanced classification is cost-sensitive learning, which 
focuses on first allocating various costs to the many sorts of  misclassification 
rates  that might occur, and then applying specialized algorithms to 
compensate for those costs. The concept of  a cost matrix helps to 
understand the varied misclassification costs. 

In this work, we focused on a data-level approach to addressing the 
problem of  class imbalance. The analysis in this context is concentrated on 
datasets containing the categories "yes" and "no." The class with a "yes" label 
stands in for the majority class, whereas the class with a "no" label symbolizes 
the minority class with fewer cases.

The dataset's imbalanced ratio (IR), which reflects the unequal 
distribution of  occurrences among several categories, is calculated by 
equation 1. It shows the discrepancy in sample sizes between the majority 
and minority groups. The imbalanced ratio, for instance, would be 9:1 if  a 
dataset had 1,000 instances with 900 samples from the majority group and 
100 samples from the minority group.

During the empirical investigation, the minority class's size intentionally 
decreased by a factor of  4.22 and 8.45. This reduction resulted in the creation 
of  three distinct datasets from the initial one. Thus, these shortened datasets 
are used to assess the viability of  different calculations and techniques in 
dealing with the issue of  class unevenness.

Two existing techniques as well as the suggested approach were applied 
to the imbalance loan dataset, which was segmented into three imbalanced 
ratios, and the performance of  each method for each dataset was recorded. 
The results of  this analysis can assist us in making a loan approval model that 
will be more robust and precise in dealing with a class imbalance. 

3.2 Evaluation metric
When dealing with imbalanced datasets, accuracy is hardly a valid metric in 
the context of  imbalanced data sets because it does not discriminate between 

the amount of  properly identified samples of  various categories. When one 
category is substantially more numerous than another in these sorts of  
datasets, a framework that merely predicts the dominant category for all cases 
can nonetheless reach excellent accuracy while not adequately identifying the 
minority class. This is the reason why supplementary measures, such as 
precision and recall, are so useful in this type of  network monitoring. These 
metrics are important for quickly acquiring knowledge of  core patterns 
throughout a dataset. Observing them periodically will allow us to have a 
greater understanding of  the system's overall efficacy as well as the variables 
influencing its dependability and usefulness. The specific formulas for these 
metrics can be found in the following references (He, Bai, Garcia, & Li, 2008; 
Douzas, Bacao & Last, 2018; Pan, Zhao, Wu, & Yang, 2020; Li & Zhu, 2019; 
Tang, Zhang, Chawla, & Krasser, 2008; Guo & Viktor, 2004).

Table I
Confusion Matrix

 

F-measure: F-measure offers a balanced metric that incorporates both 
precision and recall into a single statistic. It has a score between 0 and 1, with 
1 reflecting flawless precision and recall. As in prior work (He, Bai, Garcia, & 
Li, 2008; Douzas, Bacao & Last, 2018; Pan, Zhao, Wu & Yang, 2020), 
prediction accuracy (ACC), the F-measure with b = 1 and G-mean were 
employed as assessment measures. 
F-measure is calculated as:

G-mean: G-mean compares performance in both favorable and adverse 
factors, whereas F-measure combines precision and recall. 
The score of  G-mean can be calculated as:

A higher G-mean score designates balanced performance between the 
minority and majority classes, while a higher F-measure value shows a greater 

accuracy in predicting the minority class.

4. Proposed method
There are three phases in the suggested technique. These steps involve 
creating an unlabeled dataset, using Fuzzy C means clustering and 
classification to oversample the original dataset, and then verifying the 
balanced dataset using the Decision Tree and K-Nearest Neighbor method. 
The overall methodology is shown in the following figure:

Figure 1
Proposed method

4.1 Generate an unlabeled dataset
In this paper, to generate an unlabeled dataset we applied the method studied 
by (Emu, Jahin, Akter, Patwary, & Akter, 2022; Jahin, Emu, Akter, Patwary, 
Bhuiyan, & Miraz, 2021). The unlabeled dataset was created by combining all 
possible combinations of  unique values from different characteristics. This 
method is designed to generate a diverse and comprehensive set of  samples 
that represent the different combinations of  attribute values present in the 
original dataset.

To illustrate this method, let's consider two features of  the loan dataset: 
Education and Self-employed. Education has two unique values - Graduate 
and Not Graduate, while Self-employed also has two unique values - Yes and 
No. Both features have a cardinality of  2, meaning they each have two 
distinct values.

To create the unlabeled dataset, the authors multiplied the cardinalities 
of  these features, resulting in 2 × 2 = 4 possible combinations. The dataset, 
therefore, consisted of  four samples, each represented by a combination of  
values from Education and Self-employed. The samples in this example 
would look like this: [(Graduate, Yes), (Graduate, No), (Not Graduate, Yes), 
(Not Graduate, No)].

Taking into consideration all conceivable combinations of  attribute 

values, this newly constructed unlabeled dataset provides a complete 
representation of  the samples and allows researchers to study various 
possibilities and obtain a broad diversity of  combinations.

4.2 Apply fcm on unlabeled dataset
Fuzzy C means clustering is then employed to the unlabeled dataset to assign 
membership values to each data point. Then data is classified based on the 
highest membership value obtained from the clustering process. This 
classification helps in identifying the most suitable class for each data point. 
From these artificially generated data points minority samples are then 
included in the actual dataset, thereby increasing the representation of  the 
minority class. The formula for calculating the Fuzzy membership value of  
each sample is:

Where,
µ= Membership value
n= Number of  patterns
m= Fuzzifier value
dik/dkj signifies Euclidean distance value between cluster and data point.

An example of  this process is shown in Table II including 10 samples.
Table II
Predicted class for artificial data using FCM

Table II shows 10 samples, and for each sample, the membership values for 
two classes, "Yes"(1) and "No,"(0) are provided. For instance, considering the 
1st sample, the membership value for the "Yes" class is 0.9470201, while the 
membership value for the "No" class is 0.0529799. To fix the assigned class 

label for individual data, the membership values are compared. In this case, 
since the membership score of  the "Yes" class (0.9470201) is larger than the 
membership degree of  the "No" class (0.0529799), the assigned class for the 
1st sample would be "Yes" or 1.
On the remaining data points in the Table, the same procedure was used. 
Each sample's membership values for the "Yes" and "No" classes are 
compared, and the data point was assigned to the cluster with the greater 
membership value. The original dataset is then updated with the samples 
from the minority classes. Through this procedure, the minority class's 
presence in the dataset is effectively increased by the fabrication of  synthetic 
data points that represent it. 
The algorithm's stages are as follows:
Algorithm: Fuzzy C-means-based Oversampling Algorithm
Input: Imbalanced loan dataset
Output: Balanced dataset
Steps:

1. Generate an unlabeled dataset (X_unlabeled) by combining unique 
attribute values.

2. Apply Fuzzy C-means clustering to X_unlabeled and obtain cluster 
assignments (cluster_labels).

3. Label the unlabeled dataset by assigning majority class labels within 
each cluster.

4. Oversample the minority class in X_labeled by creating artificial 
instances based on cluster information.

5. Validate the balanced dataset using DT and KNN classifiers.
6. Return the balanced loan dataset (X_balanced, y_balanced).

     End

Figure 2
Flow chart of  the proposed algorithm

Time Complexity: The time complexity for preparing and testing the 
classifiers relies upon the calculations utilized and their execution.The time 
complexit of  each step and the total time complexity are shown below:
Step 1: Generate an unlabeled dataset(X_unlabeled) by combining unique 
attribute values.

Time complexity: O(n * m), where m is the attribute and n is the total 
data points

Step 2: Apply Fuzzy C-means clustering to X_unlabeled and obtain cluster 
assignments.

Time Complexity: O(k * n * m * max_iter) , k is the cluster
Step 3: Label the unlabeled dataset by assigning majority class labels within 
each cluster.

Time Complexity: O(n)

Step 4: Oversample the minority class in X_labeled by creating artificial 
instances based on cluster information.

Time Complexity: O(n_synthetic * m),  n_synthetic is the number of  
artificial data.

Step 5: Validate the balanced dataset using DT and KNN classifiers.
Time Complexity: O(k * n * m)

Overall Time Complexity:
 
O(n * m) + O(k * n * m * max_iter) + O(n) + O(n_synthetic * m) + O(k * 
n * m) ≈ O(k * n * m * max_iter)

4.3 Validation of  the newly created balanced dataset
To validate the balanced dataset, two classification algorithms, namely 
Decision Tree (DT) and K-nearest neighbors (KNN), are used. These 
algorithms are chosen as they are commonly used for classification tasks and 
can effectively perform on categorical and numerical data.

The decision tree constructs a classification framework in the shape of  a 
tree. It progressively divides a dataset into progressively smaller sections 
while also developing a linked decision tree. The outcome of  this process is 
a tree containing decision points and terminal nodes (Jiao, Song & Liu, 2020). 
Furthermore, KNN acts by locating the K nearest points throughout the 
training dataset and using their class to forecast the category of  a fresh query 
instance. Because of  having capability to handle complicated data and its 
simple nature, KNN has grown into a prominent tool in the field of  machine 
learning (Cover & Hart, 1967).

The Decision Tree and K-nearest neighbor algorithms both act as 
validation approaches for determining the efficacy of  the altered data set. 
They show how the dataset was assessed in terms of  classification accuracy, 
precision, recall, and other key parameters. 

5. Experimental setup 
This part examines the experimental outcomes of  the loan dataset in detail, 
as well as the classification performance of  two ML algorithms named 
Decision Tree and K-Nearest Neighbor with imbalanced data sets. A table of  
comparisons among SMOTE, WBOT, and the suggested approach is also 
illustrated with proper justification.
5.1 Data and experimental settings
The tests were performed on a PC running Windows 10, 64-bit, with an Intel 
Core i5-4590 CPU running at 3.30 GHz and 4 GB of  RAM, as well as 
Python 3.8.8 software. Table III shows the features of  the data set used in



IIUC Journal of  Science and Engineering       ISSN: 3005-5873        67

Unleashing class imbalance problem in loan dataset (Subrina Akter)

highlights a discrepancy between the potential of  dynamic modeling  
techniques and their actual adoption in practice, suggesting a need for greater 
recognition and adoption of  dynamic approaches in credit risk assessment.

Recently, Song, Wang, Ye, Zaretzki and Liu (2023) suggests a 
multi-objective ensemble learning approach that is rating-specific for 
building potential predictions for loan subgroups with comparable default 
probability. A data augmentation technique was presented by Temraz and 
Keane (2022), which creates artificial, hypothetical cases in the minority class. 
This approach uses real feature values—rather than overlaying values across 
data points. However, this approach was binary class-specific.

More studies have focused on evaluating the competence of  
classification methods for loan approval datasets. Several papers, including 
Abellán and Castellano (2017), Ala'raj and Abbod (2016a), Ala'raj and Abbod 
(2016b), Feng, Xiao, Zhong, Qiu and Dong (2018), García, Marques and 
Sánchez (2019), He, Zhang, and Zhang (2018), Lessmann, Baesens, Seow 
and Thomas (2015), Sun, Lang, Fujita and Li (2018), Xia, Liu, Da and Xie 
(2018), Xia, Liu, Li and Liu (2017), Xiao, Xiao and Wang (2016) have assessed 
the predictive capabilities of  different methods in this domain.

3. Imbalanced dataset and evaluation metric
In this section, we have started by introducing several solution approaches 
for balancing the imbalanced dataset. Subsequently, the specific metric for 
evaluating the performance of  the imbalanced dataset is also introduced. 
3.1 Theory of  imbalanced dataset

A dataset is said to be imbalanced if  the target class has an unbalanced 
distribution. In this case, the frequency of  one class is much higher than the 
amount of  another. This class imbalance can result in biased models that fare 
poorly with the minority class, which is often the class of  interest. To address 
this issue, different algorithms have been created particularly for managing 
imbalanced data sets.

There exist many data-driven solutions that concentrate on data 
augmentation, in which artificial data from the minority class is manufactured 
using various approaches. SMOTE (Synthetic Minority Over-sampling 
approach) is a common data-driven approach that generates synthetic 
instances by interpolating between existing minority class samples. By 
increasing the representation of  the minority class, data expansion balances 
the data set and improves the performance of  the model in the minority 
class.

Another data-driven approach is transfer learning, which leverages 
knowledge from related tasks or datasets to improve performance relative to 

the imbalanced dataset. In transfer learning, a model that has been 
pre-trained on a large and diverse data set is matched to the imbalanced data 
set to benefit from the learned representations. This transfer of  knowledge 
can lead to more effective learning and better generalization of  the minority 
class.

The algorithm used for learning is either updated or built to 
accommodate imbalanced data sets in algorithm-level  solutions. Another 
useful option for imbalanced classification is cost-sensitive learning, which 
focuses on first allocating various costs to the many sorts of  misclassification 
rates  that might occur, and then applying specialized algorithms to 
compensate for those costs. The concept of  a cost matrix helps to 
understand the varied misclassification costs. 

In this work, we focused on a data-level approach to addressing the 
problem of  class imbalance. The analysis in this context is concentrated on 
datasets containing the categories "yes" and "no." The class with a "yes" label 
stands in for the majority class, whereas the class with a "no" label symbolizes 
the minority class with fewer cases.

The dataset's imbalanced ratio (IR), which reflects the unequal 
distribution of  occurrences among several categories, is calculated by 
equation 1. It shows the discrepancy in sample sizes between the majority 
and minority groups. The imbalanced ratio, for instance, would be 9:1 if  a 
dataset had 1,000 instances with 900 samples from the majority group and 
100 samples from the minority group.

During the empirical investigation, the minority class's size intentionally 
decreased by a factor of  4.22 and 8.45. This reduction resulted in the creation 
of  three distinct datasets from the initial one. Thus, these shortened datasets 
are used to assess the viability of  different calculations and techniques in 
dealing with the issue of  class unevenness.

Two existing techniques as well as the suggested approach were applied 
to the imbalance loan dataset, which was segmented into three imbalanced 
ratios, and the performance of  each method for each dataset was recorded. 
The results of  this analysis can assist us in making a loan approval model that 
will be more robust and precise in dealing with a class imbalance. 

3.2 Evaluation metric
When dealing with imbalanced datasets, accuracy is hardly a valid metric in 
the context of  imbalanced data sets because it does not discriminate between 

the amount of  properly identified samples of  various categories. When one 
category is substantially more numerous than another in these sorts of  
datasets, a framework that merely predicts the dominant category for all cases 
can nonetheless reach excellent accuracy while not adequately identifying the 
minority class. This is the reason why supplementary measures, such as 
precision and recall, are so useful in this type of  network monitoring. These 
metrics are important for quickly acquiring knowledge of  core patterns 
throughout a dataset. Observing them periodically will allow us to have a 
greater understanding of  the system's overall efficacy as well as the variables 
influencing its dependability and usefulness. The specific formulas for these 
metrics can be found in the following references (He, Bai, Garcia, & Li, 2008; 
Douzas, Bacao & Last, 2018; Pan, Zhao, Wu, & Yang, 2020; Li & Zhu, 2019; 
Tang, Zhang, Chawla, & Krasser, 2008; Guo & Viktor, 2004).

Table I
Confusion Matrix

 

F-measure: F-measure offers a balanced metric that incorporates both 
precision and recall into a single statistic. It has a score between 0 and 1, with 
1 reflecting flawless precision and recall. As in prior work (He, Bai, Garcia, & 
Li, 2008; Douzas, Bacao & Last, 2018; Pan, Zhao, Wu & Yang, 2020), 
prediction accuracy (ACC), the F-measure with b = 1 and G-mean were 
employed as assessment measures. 
F-measure is calculated as:

G-mean: G-mean compares performance in both favorable and adverse 
factors, whereas F-measure combines precision and recall. 
The score of  G-mean can be calculated as:

A higher G-mean score designates balanced performance between the 
minority and majority classes, while a higher F-measure value shows a greater 

accuracy in predicting the minority class.

4. Proposed method
There are three phases in the suggested technique. These steps involve 
creating an unlabeled dataset, using Fuzzy C means clustering and 
classification to oversample the original dataset, and then verifying the 
balanced dataset using the Decision Tree and K-Nearest Neighbor method. 
The overall methodology is shown in the following figure:

Figure 1
Proposed method

4.1 Generate an unlabeled dataset
In this paper, to generate an unlabeled dataset we applied the method studied 
by (Emu, Jahin, Akter, Patwary, & Akter, 2022; Jahin, Emu, Akter, Patwary, 
Bhuiyan, & Miraz, 2021). The unlabeled dataset was created by combining all 
possible combinations of  unique values from different characteristics. This 
method is designed to generate a diverse and comprehensive set of  samples 
that represent the different combinations of  attribute values present in the 
original dataset.

To illustrate this method, let's consider two features of  the loan dataset: 
Education and Self-employed. Education has two unique values - Graduate 
and Not Graduate, while Self-employed also has two unique values - Yes and 
No. Both features have a cardinality of  2, meaning they each have two 
distinct values.

To create the unlabeled dataset, the authors multiplied the cardinalities 
of  these features, resulting in 2 × 2 = 4 possible combinations. The dataset, 
therefore, consisted of  four samples, each represented by a combination of  
values from Education and Self-employed. The samples in this example 
would look like this: [(Graduate, Yes), (Graduate, No), (Not Graduate, Yes), 
(Not Graduate, No)].

Taking into consideration all conceivable combinations of  attribute 

values, this newly constructed unlabeled dataset provides a complete 
representation of  the samples and allows researchers to study various 
possibilities and obtain a broad diversity of  combinations.

4.2 Apply fcm on unlabeled dataset
Fuzzy C means clustering is then employed to the unlabeled dataset to assign 
membership values to each data point. Then data is classified based on the 
highest membership value obtained from the clustering process. This 
classification helps in identifying the most suitable class for each data point. 
From these artificially generated data points minority samples are then 
included in the actual dataset, thereby increasing the representation of  the 
minority class. The formula for calculating the Fuzzy membership value of  
each sample is:

Where,
µ= Membership value
n= Number of  patterns
m= Fuzzifier value
dik/dkj signifies Euclidean distance value between cluster and data point.

An example of  this process is shown in Table II including 10 samples.
Table II
Predicted class for artificial data using FCM

Table II shows 10 samples, and for each sample, the membership values for 
two classes, "Yes"(1) and "No,"(0) are provided. For instance, considering the 
1st sample, the membership value for the "Yes" class is 0.9470201, while the 
membership value for the "No" class is 0.0529799. To fix the assigned class 

label for individual data, the membership values are compared. In this case, 
since the membership score of  the "Yes" class (0.9470201) is larger than the 
membership degree of  the "No" class (0.0529799), the assigned class for the 
1st sample would be "Yes" or 1.
On the remaining data points in the Table, the same procedure was used. 
Each sample's membership values for the "Yes" and "No" classes are 
compared, and the data point was assigned to the cluster with the greater 
membership value. The original dataset is then updated with the samples 
from the minority classes. Through this procedure, the minority class's 
presence in the dataset is effectively increased by the fabrication of  synthetic 
data points that represent it. 
The algorithm's stages are as follows:
Algorithm: Fuzzy C-means-based Oversampling Algorithm
Input: Imbalanced loan dataset
Output: Balanced dataset
Steps:

1. Generate an unlabeled dataset (X_unlabeled) by combining unique 
attribute values.

2. Apply Fuzzy C-means clustering to X_unlabeled and obtain cluster 
assignments (cluster_labels).

3. Label the unlabeled dataset by assigning majority class labels within 
each cluster.

4. Oversample the minority class in X_labeled by creating artificial 
instances based on cluster information.

5. Validate the balanced dataset using DT and KNN classifiers.
6. Return the balanced loan dataset (X_balanced, y_balanced).

     End

Figure 2
Flow chart of  the proposed algorithm

Time Complexity: The time complexity for preparing and testing the 
classifiers relies upon the calculations utilized and their execution.The time 
complexit of  each step and the total time complexity are shown below:
Step 1: Generate an unlabeled dataset(X_unlabeled) by combining unique 
attribute values.

Time complexity: O(n * m), where m is the attribute and n is the total 
data points

Step 2: Apply Fuzzy C-means clustering to X_unlabeled and obtain cluster 
assignments.

Time Complexity: O(k * n * m * max_iter) , k is the cluster
Step 3: Label the unlabeled dataset by assigning majority class labels within 
each cluster.

Time Complexity: O(n)

Step 4: Oversample the minority class in X_labeled by creating artificial 
instances based on cluster information.

Time Complexity: O(n_synthetic * m),  n_synthetic is the number of  
artificial data.

Step 5: Validate the balanced dataset using DT and KNN classifiers.
Time Complexity: O(k * n * m)

Overall Time Complexity:
 
O(n * m) + O(k * n * m * max_iter) + O(n) + O(n_synthetic * m) + O(k * 
n * m) ≈ O(k * n * m * max_iter)

4.3 Validation of  the newly created balanced dataset
To validate the balanced dataset, two classification algorithms, namely 
Decision Tree (DT) and K-nearest neighbors (KNN), are used. These 
algorithms are chosen as they are commonly used for classification tasks and 
can effectively perform on categorical and numerical data.

The decision tree constructs a classification framework in the shape of  a 
tree. It progressively divides a dataset into progressively smaller sections 
while also developing a linked decision tree. The outcome of  this process is 
a tree containing decision points and terminal nodes (Jiao, Song & Liu, 2020). 
Furthermore, KNN acts by locating the K nearest points throughout the 
training dataset and using their class to forecast the category of  a fresh query 
instance. Because of  having capability to handle complicated data and its 
simple nature, KNN has grown into a prominent tool in the field of  machine 
learning (Cover & Hart, 1967).

The Decision Tree and K-nearest neighbor algorithms both act as 
validation approaches for determining the efficacy of  the altered data set. 
They show how the dataset was assessed in terms of  classification accuracy, 
precision, recall, and other key parameters. 

5. Experimental setup 
This part examines the experimental outcomes of  the loan dataset in detail, 
as well as the classification performance of  two ML algorithms named 
Decision Tree and K-Nearest Neighbor with imbalanced data sets. A table of  
comparisons among SMOTE, WBOT, and the suggested approach is also 
illustrated with proper justification.
5.1 Data and experimental settings
The tests were performed on a PC running Windows 10, 64-bit, with an Intel 
Core i5-4590 CPU running at 3.30 GHz and 4 GB of  RAM, as well as 
Python 3.8.8 software. Table III shows the features of  the data set used in

 Predictive Negative Predictive Positive
Actual Negative True Negative (TN) False Positive (FP)
Actual Positive False Negative (FN) True Positive (TP)
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highlights a discrepancy between the potential of  dynamic modeling  
techniques and their actual adoption in practice, suggesting a need for greater 
recognition and adoption of  dynamic approaches in credit risk assessment.

Recently, Song, Wang, Ye, Zaretzki and Liu (2023) suggests a 
multi-objective ensemble learning approach that is rating-specific for 
building potential predictions for loan subgroups with comparable default 
probability. A data augmentation technique was presented by Temraz and 
Keane (2022), which creates artificial, hypothetical cases in the minority class. 
This approach uses real feature values—rather than overlaying values across 
data points. However, this approach was binary class-specific.

More studies have focused on evaluating the competence of  
classification methods for loan approval datasets. Several papers, including 
Abellán and Castellano (2017), Ala'raj and Abbod (2016a), Ala'raj and Abbod 
(2016b), Feng, Xiao, Zhong, Qiu and Dong (2018), García, Marques and 
Sánchez (2019), He, Zhang, and Zhang (2018), Lessmann, Baesens, Seow 
and Thomas (2015), Sun, Lang, Fujita and Li (2018), Xia, Liu, Da and Xie 
(2018), Xia, Liu, Li and Liu (2017), Xiao, Xiao and Wang (2016) have assessed 
the predictive capabilities of  different methods in this domain.

3. Imbalanced dataset and evaluation metric
In this section, we have started by introducing several solution approaches 
for balancing the imbalanced dataset. Subsequently, the specific metric for 
evaluating the performance of  the imbalanced dataset is also introduced. 
3.1 Theory of  imbalanced dataset

A dataset is said to be imbalanced if  the target class has an unbalanced 
distribution. In this case, the frequency of  one class is much higher than the 
amount of  another. This class imbalance can result in biased models that fare 
poorly with the minority class, which is often the class of  interest. To address 
this issue, different algorithms have been created particularly for managing 
imbalanced data sets.

There exist many data-driven solutions that concentrate on data 
augmentation, in which artificial data from the minority class is manufactured 
using various approaches. SMOTE (Synthetic Minority Over-sampling 
approach) is a common data-driven approach that generates synthetic 
instances by interpolating between existing minority class samples. By 
increasing the representation of  the minority class, data expansion balances 
the data set and improves the performance of  the model in the minority 
class.

Another data-driven approach is transfer learning, which leverages 
knowledge from related tasks or datasets to improve performance relative to 

the imbalanced dataset. In transfer learning, a model that has been 
pre-trained on a large and diverse data set is matched to the imbalanced data 
set to benefit from the learned representations. This transfer of  knowledge 
can lead to more effective learning and better generalization of  the minority 
class.

The algorithm used for learning is either updated or built to 
accommodate imbalanced data sets in algorithm-level  solutions. Another 
useful option for imbalanced classification is cost-sensitive learning, which 
focuses on first allocating various costs to the many sorts of  misclassification 
rates  that might occur, and then applying specialized algorithms to 
compensate for those costs. The concept of  a cost matrix helps to 
understand the varied misclassification costs. 

In this work, we focused on a data-level approach to addressing the 
problem of  class imbalance. The analysis in this context is concentrated on 
datasets containing the categories "yes" and "no." The class with a "yes" label 
stands in for the majority class, whereas the class with a "no" label symbolizes 
the minority class with fewer cases.

The dataset's imbalanced ratio (IR), which reflects the unequal 
distribution of  occurrences among several categories, is calculated by 
equation 1. It shows the discrepancy in sample sizes between the majority 
and minority groups. The imbalanced ratio, for instance, would be 9:1 if  a 
dataset had 1,000 instances with 900 samples from the majority group and 
100 samples from the minority group.

During the empirical investigation, the minority class's size intentionally 
decreased by a factor of  4.22 and 8.45. This reduction resulted in the creation 
of  three distinct datasets from the initial one. Thus, these shortened datasets 
are used to assess the viability of  different calculations and techniques in 
dealing with the issue of  class unevenness.

Two existing techniques as well as the suggested approach were applied 
to the imbalance loan dataset, which was segmented into three imbalanced 
ratios, and the performance of  each method for each dataset was recorded. 
The results of  this analysis can assist us in making a loan approval model that 
will be more robust and precise in dealing with a class imbalance. 

3.2 Evaluation metric
When dealing with imbalanced datasets, accuracy is hardly a valid metric in 
the context of  imbalanced data sets because it does not discriminate between 

the amount of  properly identified samples of  various categories. When one 
category is substantially more numerous than another in these sorts of  
datasets, a framework that merely predicts the dominant category for all cases 
can nonetheless reach excellent accuracy while not adequately identifying the 
minority class. This is the reason why supplementary measures, such as 
precision and recall, are so useful in this type of  network monitoring. These 
metrics are important for quickly acquiring knowledge of  core patterns 
throughout a dataset. Observing them periodically will allow us to have a 
greater understanding of  the system's overall efficacy as well as the variables 
influencing its dependability and usefulness. The specific formulas for these 
metrics can be found in the following references (He, Bai, Garcia, & Li, 2008; 
Douzas, Bacao & Last, 2018; Pan, Zhao, Wu, & Yang, 2020; Li & Zhu, 2019; 
Tang, Zhang, Chawla, & Krasser, 2008; Guo & Viktor, 2004).

Table I
Confusion Matrix

 

F-measure: F-measure offers a balanced metric that incorporates both 
precision and recall into a single statistic. It has a score between 0 and 1, with 
1 reflecting flawless precision and recall. As in prior work (He, Bai, Garcia, & 
Li, 2008; Douzas, Bacao & Last, 2018; Pan, Zhao, Wu & Yang, 2020), 
prediction accuracy (ACC), the F-measure with b = 1 and G-mean were 
employed as assessment measures. 
F-measure is calculated as:

G-mean: G-mean compares performance in both favorable and adverse 
factors, whereas F-measure combines precision and recall. 
The score of  G-mean can be calculated as:

A higher G-mean score designates balanced performance between the 
minority and majority classes, while a higher F-measure value shows a greater 

accuracy in predicting the minority class.

4. Proposed method
There are three phases in the suggested technique. These steps involve 
creating an unlabeled dataset, using Fuzzy C means clustering and 
classification to oversample the original dataset, and then verifying the 
balanced dataset using the Decision Tree and K-Nearest Neighbor method. 
The overall methodology is shown in the following figure:

Figure 1
Proposed method

4.1 Generate an unlabeled dataset
In this paper, to generate an unlabeled dataset we applied the method studied 
by (Emu, Jahin, Akter, Patwary, & Akter, 2022; Jahin, Emu, Akter, Patwary, 
Bhuiyan, & Miraz, 2021). The unlabeled dataset was created by combining all 
possible combinations of  unique values from different characteristics. This 
method is designed to generate a diverse and comprehensive set of  samples 
that represent the different combinations of  attribute values present in the 
original dataset.

To illustrate this method, let's consider two features of  the loan dataset: 
Education and Self-employed. Education has two unique values - Graduate 
and Not Graduate, while Self-employed also has two unique values - Yes and 
No. Both features have a cardinality of  2, meaning they each have two 
distinct values.

To create the unlabeled dataset, the authors multiplied the cardinalities 
of  these features, resulting in 2 × 2 = 4 possible combinations. The dataset, 
therefore, consisted of  four samples, each represented by a combination of  
values from Education and Self-employed. The samples in this example 
would look like this: [(Graduate, Yes), (Graduate, No), (Not Graduate, Yes), 
(Not Graduate, No)].

Taking into consideration all conceivable combinations of  attribute 

values, this newly constructed unlabeled dataset provides a complete 
representation of  the samples and allows researchers to study various 
possibilities and obtain a broad diversity of  combinations.

4.2 Apply fcm on unlabeled dataset
Fuzzy C means clustering is then employed to the unlabeled dataset to assign 
membership values to each data point. Then data is classified based on the 
highest membership value obtained from the clustering process. This 
classification helps in identifying the most suitable class for each data point. 
From these artificially generated data points minority samples are then 
included in the actual dataset, thereby increasing the representation of  the 
minority class. The formula for calculating the Fuzzy membership value of  
each sample is:

Where,
µ= Membership value
n= Number of  patterns
m= Fuzzifier value
dik/dkj signifies Euclidean distance value between cluster and data point.

An example of  this process is shown in Table II including 10 samples.
Table II
Predicted class for artificial data using FCM

Table II shows 10 samples, and for each sample, the membership values for 
two classes, "Yes"(1) and "No,"(0) are provided. For instance, considering the 
1st sample, the membership value for the "Yes" class is 0.9470201, while the 
membership value for the "No" class is 0.0529799. To fix the assigned class 

label for individual data, the membership values are compared. In this case, 
since the membership score of  the "Yes" class (0.9470201) is larger than the 
membership degree of  the "No" class (0.0529799), the assigned class for the 
1st sample would be "Yes" or 1.
On the remaining data points in the Table, the same procedure was used. 
Each sample's membership values for the "Yes" and "No" classes are 
compared, and the data point was assigned to the cluster with the greater 
membership value. The original dataset is then updated with the samples 
from the minority classes. Through this procedure, the minority class's 
presence in the dataset is effectively increased by the fabrication of  synthetic 
data points that represent it. 
The algorithm's stages are as follows:
Algorithm: Fuzzy C-means-based Oversampling Algorithm
Input: Imbalanced loan dataset
Output: Balanced dataset
Steps:

1. Generate an unlabeled dataset (X_unlabeled) by combining unique 
attribute values.

2. Apply Fuzzy C-means clustering to X_unlabeled and obtain cluster 
assignments (cluster_labels).

3. Label the unlabeled dataset by assigning majority class labels within 
each cluster.

4. Oversample the minority class in X_labeled by creating artificial 
instances based on cluster information.

5. Validate the balanced dataset using DT and KNN classifiers.
6. Return the balanced loan dataset (X_balanced, y_balanced).

     End

Figure 2
Flow chart of  the proposed algorithm

Time Complexity: The time complexity for preparing and testing the 
classifiers relies upon the calculations utilized and their execution.The time 
complexit of  each step and the total time complexity are shown below:
Step 1: Generate an unlabeled dataset(X_unlabeled) by combining unique 
attribute values.

Time complexity: O(n * m), where m is the attribute and n is the total 
data points

Step 2: Apply Fuzzy C-means clustering to X_unlabeled and obtain cluster 
assignments.

Time Complexity: O(k * n * m * max_iter) , k is the cluster
Step 3: Label the unlabeled dataset by assigning majority class labels within 
each cluster.

Time Complexity: O(n)

Step 4: Oversample the minority class in X_labeled by creating artificial 
instances based on cluster information.

Time Complexity: O(n_synthetic * m),  n_synthetic is the number of  
artificial data.

Step 5: Validate the balanced dataset using DT and KNN classifiers.
Time Complexity: O(k * n * m)

Overall Time Complexity:
 
O(n * m) + O(k * n * m * max_iter) + O(n) + O(n_synthetic * m) + O(k * 
n * m) ≈ O(k * n * m * max_iter)

4.3 Validation of  the newly created balanced dataset
To validate the balanced dataset, two classification algorithms, namely 
Decision Tree (DT) and K-nearest neighbors (KNN), are used. These 
algorithms are chosen as they are commonly used for classification tasks and 
can effectively perform on categorical and numerical data.

The decision tree constructs a classification framework in the shape of  a 
tree. It progressively divides a dataset into progressively smaller sections 
while also developing a linked decision tree. The outcome of  this process is 
a tree containing decision points and terminal nodes (Jiao, Song & Liu, 2020). 
Furthermore, KNN acts by locating the K nearest points throughout the 
training dataset and using their class to forecast the category of  a fresh query 
instance. Because of  having capability to handle complicated data and its 
simple nature, KNN has grown into a prominent tool in the field of  machine 
learning (Cover & Hart, 1967).

The Decision Tree and K-nearest neighbor algorithms both act as 
validation approaches for determining the efficacy of  the altered data set. 
They show how the dataset was assessed in terms of  classification accuracy, 
precision, recall, and other key parameters. 

5. Experimental setup 
This part examines the experimental outcomes of  the loan dataset in detail, 
as well as the classification performance of  two ML algorithms named 
Decision Tree and K-Nearest Neighbor with imbalanced data sets. A table of  
comparisons among SMOTE, WBOT, and the suggested approach is also 
illustrated with proper justification.
5.1 Data and experimental settings
The tests were performed on a PC running Windows 10, 64-bit, with an Intel 
Core i5-4590 CPU running at 3.30 GHz and 4 GB of  RAM, as well as 
Python 3.8.8 software. Table III shows the features of  the data set used in
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highlights a discrepancy between the potential of  dynamic modeling  
techniques and their actual adoption in practice, suggesting a need for greater 
recognition and adoption of  dynamic approaches in credit risk assessment.

Recently, Song, Wang, Ye, Zaretzki and Liu (2023) suggests a 
multi-objective ensemble learning approach that is rating-specific for 
building potential predictions for loan subgroups with comparable default 
probability. A data augmentation technique was presented by Temraz and 
Keane (2022), which creates artificial, hypothetical cases in the minority class. 
This approach uses real feature values—rather than overlaying values across 
data points. However, this approach was binary class-specific.

More studies have focused on evaluating the competence of  
classification methods for loan approval datasets. Several papers, including 
Abellán and Castellano (2017), Ala'raj and Abbod (2016a), Ala'raj and Abbod 
(2016b), Feng, Xiao, Zhong, Qiu and Dong (2018), García, Marques and 
Sánchez (2019), He, Zhang, and Zhang (2018), Lessmann, Baesens, Seow 
and Thomas (2015), Sun, Lang, Fujita and Li (2018), Xia, Liu, Da and Xie 
(2018), Xia, Liu, Li and Liu (2017), Xiao, Xiao and Wang (2016) have assessed 
the predictive capabilities of  different methods in this domain.

3. Imbalanced dataset and evaluation metric
In this section, we have started by introducing several solution approaches 
for balancing the imbalanced dataset. Subsequently, the specific metric for 
evaluating the performance of  the imbalanced dataset is also introduced. 
3.1 Theory of  imbalanced dataset

A dataset is said to be imbalanced if  the target class has an unbalanced 
distribution. In this case, the frequency of  one class is much higher than the 
amount of  another. This class imbalance can result in biased models that fare 
poorly with the minority class, which is often the class of  interest. To address 
this issue, different algorithms have been created particularly for managing 
imbalanced data sets.

There exist many data-driven solutions that concentrate on data 
augmentation, in which artificial data from the minority class is manufactured 
using various approaches. SMOTE (Synthetic Minority Over-sampling 
approach) is a common data-driven approach that generates synthetic 
instances by interpolating between existing minority class samples. By 
increasing the representation of  the minority class, data expansion balances 
the data set and improves the performance of  the model in the minority 
class.

Another data-driven approach is transfer learning, which leverages 
knowledge from related tasks or datasets to improve performance relative to 

the imbalanced dataset. In transfer learning, a model that has been 
pre-trained on a large and diverse data set is matched to the imbalanced data 
set to benefit from the learned representations. This transfer of  knowledge 
can lead to more effective learning and better generalization of  the minority 
class.

The algorithm used for learning is either updated or built to 
accommodate imbalanced data sets in algorithm-level  solutions. Another 
useful option for imbalanced classification is cost-sensitive learning, which 
focuses on first allocating various costs to the many sorts of  misclassification 
rates  that might occur, and then applying specialized algorithms to 
compensate for those costs. The concept of  a cost matrix helps to 
understand the varied misclassification costs. 

In this work, we focused on a data-level approach to addressing the 
problem of  class imbalance. The analysis in this context is concentrated on 
datasets containing the categories "yes" and "no." The class with a "yes" label 
stands in for the majority class, whereas the class with a "no" label symbolizes 
the minority class with fewer cases.

The dataset's imbalanced ratio (IR), which reflects the unequal 
distribution of  occurrences among several categories, is calculated by 
equation 1. It shows the discrepancy in sample sizes between the majority 
and minority groups. The imbalanced ratio, for instance, would be 9:1 if  a 
dataset had 1,000 instances with 900 samples from the majority group and 
100 samples from the minority group.

During the empirical investigation, the minority class's size intentionally 
decreased by a factor of  4.22 and 8.45. This reduction resulted in the creation 
of  three distinct datasets from the initial one. Thus, these shortened datasets 
are used to assess the viability of  different calculations and techniques in 
dealing with the issue of  class unevenness.

Two existing techniques as well as the suggested approach were applied 
to the imbalance loan dataset, which was segmented into three imbalanced 
ratios, and the performance of  each method for each dataset was recorded. 
The results of  this analysis can assist us in making a loan approval model that 
will be more robust and precise in dealing with a class imbalance. 

3.2 Evaluation metric
When dealing with imbalanced datasets, accuracy is hardly a valid metric in 
the context of  imbalanced data sets because it does not discriminate between 

the amount of  properly identified samples of  various categories. When one 
category is substantially more numerous than another in these sorts of  
datasets, a framework that merely predicts the dominant category for all cases 
can nonetheless reach excellent accuracy while not adequately identifying the 
minority class. This is the reason why supplementary measures, such as 
precision and recall, are so useful in this type of  network monitoring. These 
metrics are important for quickly acquiring knowledge of  core patterns 
throughout a dataset. Observing them periodically will allow us to have a 
greater understanding of  the system's overall efficacy as well as the variables 
influencing its dependability and usefulness. The specific formulas for these 
metrics can be found in the following references (He, Bai, Garcia, & Li, 2008; 
Douzas, Bacao & Last, 2018; Pan, Zhao, Wu, & Yang, 2020; Li & Zhu, 2019; 
Tang, Zhang, Chawla, & Krasser, 2008; Guo & Viktor, 2004).

Table I
Confusion Matrix

 

F-measure: F-measure offers a balanced metric that incorporates both 
precision and recall into a single statistic. It has a score between 0 and 1, with 
1 reflecting flawless precision and recall. As in prior work (He, Bai, Garcia, & 
Li, 2008; Douzas, Bacao & Last, 2018; Pan, Zhao, Wu & Yang, 2020), 
prediction accuracy (ACC), the F-measure with b = 1 and G-mean were 
employed as assessment measures. 
F-measure is calculated as:

G-mean: G-mean compares performance in both favorable and adverse 
factors, whereas F-measure combines precision and recall. 
The score of  G-mean can be calculated as:

A higher G-mean score designates balanced performance between the 
minority and majority classes, while a higher F-measure value shows a greater 

accuracy in predicting the minority class.

4. Proposed method
There are three phases in the suggested technique. These steps involve 
creating an unlabeled dataset, using Fuzzy C means clustering and 
classification to oversample the original dataset, and then verifying the 
balanced dataset using the Decision Tree and K-Nearest Neighbor method. 
The overall methodology is shown in the following figure:

Figure 1
Proposed method

4.1 Generate an unlabeled dataset
In this paper, to generate an unlabeled dataset we applied the method studied 
by (Emu, Jahin, Akter, Patwary, & Akter, 2022; Jahin, Emu, Akter, Patwary, 
Bhuiyan, & Miraz, 2021). The unlabeled dataset was created by combining all 
possible combinations of  unique values from different characteristics. This 
method is designed to generate a diverse and comprehensive set of  samples 
that represent the different combinations of  attribute values present in the 
original dataset.

To illustrate this method, let's consider two features of  the loan dataset: 
Education and Self-employed. Education has two unique values - Graduate 
and Not Graduate, while Self-employed also has two unique values - Yes and 
No. Both features have a cardinality of  2, meaning they each have two 
distinct values.

To create the unlabeled dataset, the authors multiplied the cardinalities 
of  these features, resulting in 2 × 2 = 4 possible combinations. The dataset, 
therefore, consisted of  four samples, each represented by a combination of  
values from Education and Self-employed. The samples in this example 
would look like this: [(Graduate, Yes), (Graduate, No), (Not Graduate, Yes), 
(Not Graduate, No)].

Taking into consideration all conceivable combinations of  attribute 

values, this newly constructed unlabeled dataset provides a complete 
representation of  the samples and allows researchers to study various 
possibilities and obtain a broad diversity of  combinations.

4.2 Apply fcm on unlabeled dataset
Fuzzy C means clustering is then employed to the unlabeled dataset to assign 
membership values to each data point. Then data is classified based on the 
highest membership value obtained from the clustering process. This 
classification helps in identifying the most suitable class for each data point. 
From these artificially generated data points minority samples are then 
included in the actual dataset, thereby increasing the representation of  the 
minority class. The formula for calculating the Fuzzy membership value of  
each sample is:

Where,
µ= Membership value
n= Number of  patterns
m= Fuzzifier value
dik/dkj signifies Euclidean distance value between cluster and data point.

An example of  this process is shown in Table II including 10 samples.
Table II
Predicted class for artificial data using FCM

Table II shows 10 samples, and for each sample, the membership values for 
two classes, "Yes"(1) and "No,"(0) are provided. For instance, considering the 
1st sample, the membership value for the "Yes" class is 0.9470201, while the 
membership value for the "No" class is 0.0529799. To fix the assigned class 

label for individual data, the membership values are compared. In this case, 
since the membership score of  the "Yes" class (0.9470201) is larger than the 
membership degree of  the "No" class (0.0529799), the assigned class for the 
1st sample would be "Yes" or 1.
On the remaining data points in the Table, the same procedure was used. 
Each sample's membership values for the "Yes" and "No" classes are 
compared, and the data point was assigned to the cluster with the greater 
membership value. The original dataset is then updated with the samples 
from the minority classes. Through this procedure, the minority class's 
presence in the dataset is effectively increased by the fabrication of  synthetic 
data points that represent it. 
The algorithm's stages are as follows:
Algorithm: Fuzzy C-means-based Oversampling Algorithm
Input: Imbalanced loan dataset
Output: Balanced dataset
Steps:

1. Generate an unlabeled dataset (X_unlabeled) by combining unique 
attribute values.

2. Apply Fuzzy C-means clustering to X_unlabeled and obtain cluster 
assignments (cluster_labels).

3. Label the unlabeled dataset by assigning majority class labels within 
each cluster.

4. Oversample the minority class in X_labeled by creating artificial 
instances based on cluster information.

5. Validate the balanced dataset using DT and KNN classifiers.
6. Return the balanced loan dataset (X_balanced, y_balanced).

     End

Figure 2
Flow chart of  the proposed algorithm

Time Complexity: The time complexity for preparing and testing the 
classifiers relies upon the calculations utilized and their execution.The time 
complexit of  each step and the total time complexity are shown below:
Step 1: Generate an unlabeled dataset(X_unlabeled) by combining unique 
attribute values.

Time complexity: O(n * m), where m is the attribute and n is the total 
data points

Step 2: Apply Fuzzy C-means clustering to X_unlabeled and obtain cluster 
assignments.

Time Complexity: O(k * n * m * max_iter) , k is the cluster
Step 3: Label the unlabeled dataset by assigning majority class labels within 
each cluster.

Time Complexity: O(n)

Step 4: Oversample the minority class in X_labeled by creating artificial 
instances based on cluster information.

Time Complexity: O(n_synthetic * m),  n_synthetic is the number of  
artificial data.

Step 5: Validate the balanced dataset using DT and KNN classifiers.
Time Complexity: O(k * n * m)

Overall Time Complexity:
 
O(n * m) + O(k * n * m * max_iter) + O(n) + O(n_synthetic * m) + O(k * 
n * m) ≈ O(k * n * m * max_iter)

4.3 Validation of  the newly created balanced dataset
To validate the balanced dataset, two classification algorithms, namely 
Decision Tree (DT) and K-nearest neighbors (KNN), are used. These 
algorithms are chosen as they are commonly used for classification tasks and 
can effectively perform on categorical and numerical data.

The decision tree constructs a classification framework in the shape of  a 
tree. It progressively divides a dataset into progressively smaller sections 
while also developing a linked decision tree. The outcome of  this process is 
a tree containing decision points and terminal nodes (Jiao, Song & Liu, 2020). 
Furthermore, KNN acts by locating the K nearest points throughout the 
training dataset and using their class to forecast the category of  a fresh query 
instance. Because of  having capability to handle complicated data and its 
simple nature, KNN has grown into a prominent tool in the field of  machine 
learning (Cover & Hart, 1967).

The Decision Tree and K-nearest neighbor algorithms both act as 
validation approaches for determining the efficacy of  the altered data set. 
They show how the dataset was assessed in terms of  classification accuracy, 
precision, recall, and other key parameters. 

5. Experimental setup 
This part examines the experimental outcomes of  the loan dataset in detail, 
as well as the classification performance of  two ML algorithms named 
Decision Tree and K-Nearest Neighbor with imbalanced data sets. A table of  
comparisons among SMOTE, WBOT, and the suggested approach is also 
illustrated with proper justification.
5.1 Data and experimental settings
The tests were performed on a PC running Windows 10, 64-bit, with an Intel 
Core i5-4590 CPU running at 3.30 GHz and 4 GB of  RAM, as well as 
Python 3.8.8 software. Table III shows the features of  the data set used in

Data                Membership value for 10 samples 
 Class 1(yes/1) Class 2(NO/0) Assigned class

1. 0.9470201 0.0529799 Yes/1
2. 0.9589875 0.0410125 Yes/1
3. 0.0648357 0.9351643 No/0
4. 0.0732844 0.9267157 No/0
5. 0.410113 0.589887 No/0
6. 0.8902665 0.1097335 Yes/1
7. 0.866684 0.1333161 Yes/1
8. 0.097001 0.902999 No/0
9. 0.9216201 0.07838 Yes/1
10. 0.0716716 0.9283285 No/0

µ
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highlights a discrepancy between the potential of  dynamic modeling  
techniques and their actual adoption in practice, suggesting a need for greater 
recognition and adoption of  dynamic approaches in credit risk assessment.

Recently, Song, Wang, Ye, Zaretzki and Liu (2023) suggests a 
multi-objective ensemble learning approach that is rating-specific for 
building potential predictions for loan subgroups with comparable default 
probability. A data augmentation technique was presented by Temraz and 
Keane (2022), which creates artificial, hypothetical cases in the minority class. 
This approach uses real feature values—rather than overlaying values across 
data points. However, this approach was binary class-specific.

More studies have focused on evaluating the competence of  
classification methods for loan approval datasets. Several papers, including 
Abellán and Castellano (2017), Ala'raj and Abbod (2016a), Ala'raj and Abbod 
(2016b), Feng, Xiao, Zhong, Qiu and Dong (2018), García, Marques and 
Sánchez (2019), He, Zhang, and Zhang (2018), Lessmann, Baesens, Seow 
and Thomas (2015), Sun, Lang, Fujita and Li (2018), Xia, Liu, Da and Xie 
(2018), Xia, Liu, Li and Liu (2017), Xiao, Xiao and Wang (2016) have assessed 
the predictive capabilities of  different methods in this domain.

3. Imbalanced dataset and evaluation metric
In this section, we have started by introducing several solution approaches 
for balancing the imbalanced dataset. Subsequently, the specific metric for 
evaluating the performance of  the imbalanced dataset is also introduced. 
3.1 Theory of  imbalanced dataset

A dataset is said to be imbalanced if  the target class has an unbalanced 
distribution. In this case, the frequency of  one class is much higher than the 
amount of  another. This class imbalance can result in biased models that fare 
poorly with the minority class, which is often the class of  interest. To address 
this issue, different algorithms have been created particularly for managing 
imbalanced data sets.

There exist many data-driven solutions that concentrate on data 
augmentation, in which artificial data from the minority class is manufactured 
using various approaches. SMOTE (Synthetic Minority Over-sampling 
approach) is a common data-driven approach that generates synthetic 
instances by interpolating between existing minority class samples. By 
increasing the representation of  the minority class, data expansion balances 
the data set and improves the performance of  the model in the minority 
class.

Another data-driven approach is transfer learning, which leverages 
knowledge from related tasks or datasets to improve performance relative to 

the imbalanced dataset. In transfer learning, a model that has been 
pre-trained on a large and diverse data set is matched to the imbalanced data 
set to benefit from the learned representations. This transfer of  knowledge 
can lead to more effective learning and better generalization of  the minority 
class.

The algorithm used for learning is either updated or built to 
accommodate imbalanced data sets in algorithm-level  solutions. Another 
useful option for imbalanced classification is cost-sensitive learning, which 
focuses on first allocating various costs to the many sorts of  misclassification 
rates  that might occur, and then applying specialized algorithms to 
compensate for those costs. The concept of  a cost matrix helps to 
understand the varied misclassification costs. 

In this work, we focused on a data-level approach to addressing the 
problem of  class imbalance. The analysis in this context is concentrated on 
datasets containing the categories "yes" and "no." The class with a "yes" label 
stands in for the majority class, whereas the class with a "no" label symbolizes 
the minority class with fewer cases.

The dataset's imbalanced ratio (IR), which reflects the unequal 
distribution of  occurrences among several categories, is calculated by 
equation 1. It shows the discrepancy in sample sizes between the majority 
and minority groups. The imbalanced ratio, for instance, would be 9:1 if  a 
dataset had 1,000 instances with 900 samples from the majority group and 
100 samples from the minority group.

During the empirical investigation, the minority class's size intentionally 
decreased by a factor of  4.22 and 8.45. This reduction resulted in the creation 
of  three distinct datasets from the initial one. Thus, these shortened datasets 
are used to assess the viability of  different calculations and techniques in 
dealing with the issue of  class unevenness.

Two existing techniques as well as the suggested approach were applied 
to the imbalance loan dataset, which was segmented into three imbalanced 
ratios, and the performance of  each method for each dataset was recorded. 
The results of  this analysis can assist us in making a loan approval model that 
will be more robust and precise in dealing with a class imbalance. 

3.2 Evaluation metric
When dealing with imbalanced datasets, accuracy is hardly a valid metric in 
the context of  imbalanced data sets because it does not discriminate between 

the amount of  properly identified samples of  various categories. When one 
category is substantially more numerous than another in these sorts of  
datasets, a framework that merely predicts the dominant category for all cases 
can nonetheless reach excellent accuracy while not adequately identifying the 
minority class. This is the reason why supplementary measures, such as 
precision and recall, are so useful in this type of  network monitoring. These 
metrics are important for quickly acquiring knowledge of  core patterns 
throughout a dataset. Observing them periodically will allow us to have a 
greater understanding of  the system's overall efficacy as well as the variables 
influencing its dependability and usefulness. The specific formulas for these 
metrics can be found in the following references (He, Bai, Garcia, & Li, 2008; 
Douzas, Bacao & Last, 2018; Pan, Zhao, Wu, & Yang, 2020; Li & Zhu, 2019; 
Tang, Zhang, Chawla, & Krasser, 2008; Guo & Viktor, 2004).

Table I
Confusion Matrix

 

F-measure: F-measure offers a balanced metric that incorporates both 
precision and recall into a single statistic. It has a score between 0 and 1, with 
1 reflecting flawless precision and recall. As in prior work (He, Bai, Garcia, & 
Li, 2008; Douzas, Bacao & Last, 2018; Pan, Zhao, Wu & Yang, 2020), 
prediction accuracy (ACC), the F-measure with b = 1 and G-mean were 
employed as assessment measures. 
F-measure is calculated as:

G-mean: G-mean compares performance in both favorable and adverse 
factors, whereas F-measure combines precision and recall. 
The score of  G-mean can be calculated as:

A higher G-mean score designates balanced performance between the 
minority and majority classes, while a higher F-measure value shows a greater 

accuracy in predicting the minority class.

4. Proposed method
There are three phases in the suggested technique. These steps involve 
creating an unlabeled dataset, using Fuzzy C means clustering and 
classification to oversample the original dataset, and then verifying the 
balanced dataset using the Decision Tree and K-Nearest Neighbor method. 
The overall methodology is shown in the following figure:

Figure 1
Proposed method

4.1 Generate an unlabeled dataset
In this paper, to generate an unlabeled dataset we applied the method studied 
by (Emu, Jahin, Akter, Patwary, & Akter, 2022; Jahin, Emu, Akter, Patwary, 
Bhuiyan, & Miraz, 2021). The unlabeled dataset was created by combining all 
possible combinations of  unique values from different characteristics. This 
method is designed to generate a diverse and comprehensive set of  samples 
that represent the different combinations of  attribute values present in the 
original dataset.

To illustrate this method, let's consider two features of  the loan dataset: 
Education and Self-employed. Education has two unique values - Graduate 
and Not Graduate, while Self-employed also has two unique values - Yes and 
No. Both features have a cardinality of  2, meaning they each have two 
distinct values.

To create the unlabeled dataset, the authors multiplied the cardinalities 
of  these features, resulting in 2 × 2 = 4 possible combinations. The dataset, 
therefore, consisted of  four samples, each represented by a combination of  
values from Education and Self-employed. The samples in this example 
would look like this: [(Graduate, Yes), (Graduate, No), (Not Graduate, Yes), 
(Not Graduate, No)].

Taking into consideration all conceivable combinations of  attribute 

values, this newly constructed unlabeled dataset provides a complete 
representation of  the samples and allows researchers to study various 
possibilities and obtain a broad diversity of  combinations.

4.2 Apply fcm on unlabeled dataset
Fuzzy C means clustering is then employed to the unlabeled dataset to assign 
membership values to each data point. Then data is classified based on the 
highest membership value obtained from the clustering process. This 
classification helps in identifying the most suitable class for each data point. 
From these artificially generated data points minority samples are then 
included in the actual dataset, thereby increasing the representation of  the 
minority class. The formula for calculating the Fuzzy membership value of  
each sample is:

Where,
µ= Membership value
n= Number of  patterns
m= Fuzzifier value
dik/dkj signifies Euclidean distance value between cluster and data point.

An example of  this process is shown in Table II including 10 samples.
Table II
Predicted class for artificial data using FCM

Table II shows 10 samples, and for each sample, the membership values for 
two classes, "Yes"(1) and "No,"(0) are provided. For instance, considering the 
1st sample, the membership value for the "Yes" class is 0.9470201, while the 
membership value for the "No" class is 0.0529799. To fix the assigned class 

label for individual data, the membership values are compared. In this case, 
since the membership score of  the "Yes" class (0.9470201) is larger than the 
membership degree of  the "No" class (0.0529799), the assigned class for the 
1st sample would be "Yes" or 1.
On the remaining data points in the Table, the same procedure was used. 
Each sample's membership values for the "Yes" and "No" classes are 
compared, and the data point was assigned to the cluster with the greater 
membership value. The original dataset is then updated with the samples 
from the minority classes. Through this procedure, the minority class's 
presence in the dataset is effectively increased by the fabrication of  synthetic 
data points that represent it. 
The algorithm's stages are as follows:
Algorithm: Fuzzy C-means-based Oversampling Algorithm
Input: Imbalanced loan dataset
Output: Balanced dataset
Steps:

1. Generate an unlabeled dataset (X_unlabeled) by combining unique 
attribute values.

2. Apply Fuzzy C-means clustering to X_unlabeled and obtain cluster 
assignments (cluster_labels).

3. Label the unlabeled dataset by assigning majority class labels within 
each cluster.

4. Oversample the minority class in X_labeled by creating artificial 
instances based on cluster information.

5. Validate the balanced dataset using DT and KNN classifiers.
6. Return the balanced loan dataset (X_balanced, y_balanced).

     End

Figure 2
Flow chart of  the proposed algorithm

Time Complexity: The time complexity for preparing and testing the 
classifiers relies upon the calculations utilized and their execution.The time 
complexit of  each step and the total time complexity are shown below:
Step 1: Generate an unlabeled dataset(X_unlabeled) by combining unique 
attribute values.

Time complexity: O(n * m), where m is the attribute and n is the total 
data points

Step 2: Apply Fuzzy C-means clustering to X_unlabeled and obtain cluster 
assignments.

Time Complexity: O(k * n * m * max_iter) , k is the cluster
Step 3: Label the unlabeled dataset by assigning majority class labels within 
each cluster.

Time Complexity: O(n)

Step 4: Oversample the minority class in X_labeled by creating artificial 
instances based on cluster information.

Time Complexity: O(n_synthetic * m),  n_synthetic is the number of  
artificial data.

Step 5: Validate the balanced dataset using DT and KNN classifiers.
Time Complexity: O(k * n * m)

Overall Time Complexity:
 
O(n * m) + O(k * n * m * max_iter) + O(n) + O(n_synthetic * m) + O(k * 
n * m) ≈ O(k * n * m * max_iter)

4.3 Validation of  the newly created balanced dataset
To validate the balanced dataset, two classification algorithms, namely 
Decision Tree (DT) and K-nearest neighbors (KNN), are used. These 
algorithms are chosen as they are commonly used for classification tasks and 
can effectively perform on categorical and numerical data.

The decision tree constructs a classification framework in the shape of  a 
tree. It progressively divides a dataset into progressively smaller sections 
while also developing a linked decision tree. The outcome of  this process is 
a tree containing decision points and terminal nodes (Jiao, Song & Liu, 2020). 
Furthermore, KNN acts by locating the K nearest points throughout the 
training dataset and using their class to forecast the category of  a fresh query 
instance. Because of  having capability to handle complicated data and its 
simple nature, KNN has grown into a prominent tool in the field of  machine 
learning (Cover & Hart, 1967).

The Decision Tree and K-nearest neighbor algorithms both act as 
validation approaches for determining the efficacy of  the altered data set. 
They show how the dataset was assessed in terms of  classification accuracy, 
precision, recall, and other key parameters. 

5. Experimental setup 
This part examines the experimental outcomes of  the loan dataset in detail, 
as well as the classification performance of  two ML algorithms named 
Decision Tree and K-Nearest Neighbor with imbalanced data sets. A table of  
comparisons among SMOTE, WBOT, and the suggested approach is also 
illustrated with proper justification.
5.1 Data and experimental settings
The tests were performed on a PC running Windows 10, 64-bit, with an Intel 
Core i5-4590 CPU running at 3.30 GHz and 4 GB of  RAM, as well as 
Python 3.8.8 software. Table III shows the features of  the data set used in
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highlights a discrepancy between the potential of  dynamic modeling  
techniques and their actual adoption in practice, suggesting a need for greater 
recognition and adoption of  dynamic approaches in credit risk assessment.

Recently, Song, Wang, Ye, Zaretzki and Liu (2023) suggests a 
multi-objective ensemble learning approach that is rating-specific for 
building potential predictions for loan subgroups with comparable default 
probability. A data augmentation technique was presented by Temraz and 
Keane (2022), which creates artificial, hypothetical cases in the minority class. 
This approach uses real feature values—rather than overlaying values across 
data points. However, this approach was binary class-specific.

More studies have focused on evaluating the competence of  
classification methods for loan approval datasets. Several papers, including 
Abellán and Castellano (2017), Ala'raj and Abbod (2016a), Ala'raj and Abbod 
(2016b), Feng, Xiao, Zhong, Qiu and Dong (2018), García, Marques and 
Sánchez (2019), He, Zhang, and Zhang (2018), Lessmann, Baesens, Seow 
and Thomas (2015), Sun, Lang, Fujita and Li (2018), Xia, Liu, Da and Xie 
(2018), Xia, Liu, Li and Liu (2017), Xiao, Xiao and Wang (2016) have assessed 
the predictive capabilities of  different methods in this domain.

3. Imbalanced dataset and evaluation metric
In this section, we have started by introducing several solution approaches 
for balancing the imbalanced dataset. Subsequently, the specific metric for 
evaluating the performance of  the imbalanced dataset is also introduced. 
3.1 Theory of  imbalanced dataset

A dataset is said to be imbalanced if  the target class has an unbalanced 
distribution. In this case, the frequency of  one class is much higher than the 
amount of  another. This class imbalance can result in biased models that fare 
poorly with the minority class, which is often the class of  interest. To address 
this issue, different algorithms have been created particularly for managing 
imbalanced data sets.

There exist many data-driven solutions that concentrate on data 
augmentation, in which artificial data from the minority class is manufactured 
using various approaches. SMOTE (Synthetic Minority Over-sampling 
approach) is a common data-driven approach that generates synthetic 
instances by interpolating between existing minority class samples. By 
increasing the representation of  the minority class, data expansion balances 
the data set and improves the performance of  the model in the minority 
class.

Another data-driven approach is transfer learning, which leverages 
knowledge from related tasks or datasets to improve performance relative to 

the imbalanced dataset. In transfer learning, a model that has been 
pre-trained on a large and diverse data set is matched to the imbalanced data 
set to benefit from the learned representations. This transfer of  knowledge 
can lead to more effective learning and better generalization of  the minority 
class.

The algorithm used for learning is either updated or built to 
accommodate imbalanced data sets in algorithm-level  solutions. Another 
useful option for imbalanced classification is cost-sensitive learning, which 
focuses on first allocating various costs to the many sorts of  misclassification 
rates  that might occur, and then applying specialized algorithms to 
compensate for those costs. The concept of  a cost matrix helps to 
understand the varied misclassification costs. 

In this work, we focused on a data-level approach to addressing the 
problem of  class imbalance. The analysis in this context is concentrated on 
datasets containing the categories "yes" and "no." The class with a "yes" label 
stands in for the majority class, whereas the class with a "no" label symbolizes 
the minority class with fewer cases.

The dataset's imbalanced ratio (IR), which reflects the unequal 
distribution of  occurrences among several categories, is calculated by 
equation 1. It shows the discrepancy in sample sizes between the majority 
and minority groups. The imbalanced ratio, for instance, would be 9:1 if  a 
dataset had 1,000 instances with 900 samples from the majority group and 
100 samples from the minority group.

During the empirical investigation, the minority class's size intentionally 
decreased by a factor of  4.22 and 8.45. This reduction resulted in the creation 
of  three distinct datasets from the initial one. Thus, these shortened datasets 
are used to assess the viability of  different calculations and techniques in 
dealing with the issue of  class unevenness.

Two existing techniques as well as the suggested approach were applied 
to the imbalance loan dataset, which was segmented into three imbalanced 
ratios, and the performance of  each method for each dataset was recorded. 
The results of  this analysis can assist us in making a loan approval model that 
will be more robust and precise in dealing with a class imbalance. 

3.2 Evaluation metric
When dealing with imbalanced datasets, accuracy is hardly a valid metric in 
the context of  imbalanced data sets because it does not discriminate between 

the amount of  properly identified samples of  various categories. When one 
category is substantially more numerous than another in these sorts of  
datasets, a framework that merely predicts the dominant category for all cases 
can nonetheless reach excellent accuracy while not adequately identifying the 
minority class. This is the reason why supplementary measures, such as 
precision and recall, are so useful in this type of  network monitoring. These 
metrics are important for quickly acquiring knowledge of  core patterns 
throughout a dataset. Observing them periodically will allow us to have a 
greater understanding of  the system's overall efficacy as well as the variables 
influencing its dependability and usefulness. The specific formulas for these 
metrics can be found in the following references (He, Bai, Garcia, & Li, 2008; 
Douzas, Bacao & Last, 2018; Pan, Zhao, Wu, & Yang, 2020; Li & Zhu, 2019; 
Tang, Zhang, Chawla, & Krasser, 2008; Guo & Viktor, 2004).

Table I
Confusion Matrix

 

F-measure: F-measure offers a balanced metric that incorporates both 
precision and recall into a single statistic. It has a score between 0 and 1, with 
1 reflecting flawless precision and recall. As in prior work (He, Bai, Garcia, & 
Li, 2008; Douzas, Bacao & Last, 2018; Pan, Zhao, Wu & Yang, 2020), 
prediction accuracy (ACC), the F-measure with b = 1 and G-mean were 
employed as assessment measures. 
F-measure is calculated as:

G-mean: G-mean compares performance in both favorable and adverse 
factors, whereas F-measure combines precision and recall. 
The score of  G-mean can be calculated as:

A higher G-mean score designates balanced performance between the 
minority and majority classes, while a higher F-measure value shows a greater 

accuracy in predicting the minority class.

4. Proposed method
There are three phases in the suggested technique. These steps involve 
creating an unlabeled dataset, using Fuzzy C means clustering and 
classification to oversample the original dataset, and then verifying the 
balanced dataset using the Decision Tree and K-Nearest Neighbor method. 
The overall methodology is shown in the following figure:

Figure 1
Proposed method

4.1 Generate an unlabeled dataset
In this paper, to generate an unlabeled dataset we applied the method studied 
by (Emu, Jahin, Akter, Patwary, & Akter, 2022; Jahin, Emu, Akter, Patwary, 
Bhuiyan, & Miraz, 2021). The unlabeled dataset was created by combining all 
possible combinations of  unique values from different characteristics. This 
method is designed to generate a diverse and comprehensive set of  samples 
that represent the different combinations of  attribute values present in the 
original dataset.

To illustrate this method, let's consider two features of  the loan dataset: 
Education and Self-employed. Education has two unique values - Graduate 
and Not Graduate, while Self-employed also has two unique values - Yes and 
No. Both features have a cardinality of  2, meaning they each have two 
distinct values.

To create the unlabeled dataset, the authors multiplied the cardinalities 
of  these features, resulting in 2 × 2 = 4 possible combinations. The dataset, 
therefore, consisted of  four samples, each represented by a combination of  
values from Education and Self-employed. The samples in this example 
would look like this: [(Graduate, Yes), (Graduate, No), (Not Graduate, Yes), 
(Not Graduate, No)].

Taking into consideration all conceivable combinations of  attribute 

values, this newly constructed unlabeled dataset provides a complete 
representation of  the samples and allows researchers to study various 
possibilities and obtain a broad diversity of  combinations.

4.2 Apply fcm on unlabeled dataset
Fuzzy C means clustering is then employed to the unlabeled dataset to assign 
membership values to each data point. Then data is classified based on the 
highest membership value obtained from the clustering process. This 
classification helps in identifying the most suitable class for each data point. 
From these artificially generated data points minority samples are then 
included in the actual dataset, thereby increasing the representation of  the 
minority class. The formula for calculating the Fuzzy membership value of  
each sample is:

Where,
µ= Membership value
n= Number of  patterns
m= Fuzzifier value
dik/dkj signifies Euclidean distance value between cluster and data point.

An example of  this process is shown in Table II including 10 samples.
Table II
Predicted class for artificial data using FCM

Table II shows 10 samples, and for each sample, the membership values for 
two classes, "Yes"(1) and "No,"(0) are provided. For instance, considering the 
1st sample, the membership value for the "Yes" class is 0.9470201, while the 
membership value for the "No" class is 0.0529799. To fix the assigned class 

label for individual data, the membership values are compared. In this case, 
since the membership score of  the "Yes" class (0.9470201) is larger than the 
membership degree of  the "No" class (0.0529799), the assigned class for the 
1st sample would be "Yes" or 1.
On the remaining data points in the Table, the same procedure was used. 
Each sample's membership values for the "Yes" and "No" classes are 
compared, and the data point was assigned to the cluster with the greater 
membership value. The original dataset is then updated with the samples 
from the minority classes. Through this procedure, the minority class's 
presence in the dataset is effectively increased by the fabrication of  synthetic 
data points that represent it. 
The algorithm's stages are as follows:
Algorithm: Fuzzy C-means-based Oversampling Algorithm
Input: Imbalanced loan dataset
Output: Balanced dataset
Steps:

1. Generate an unlabeled dataset (X_unlabeled) by combining unique 
attribute values.

2. Apply Fuzzy C-means clustering to X_unlabeled and obtain cluster 
assignments (cluster_labels).

3. Label the unlabeled dataset by assigning majority class labels within 
each cluster.

4. Oversample the minority class in X_labeled by creating artificial 
instances based on cluster information.

5. Validate the balanced dataset using DT and KNN classifiers.
6. Return the balanced loan dataset (X_balanced, y_balanced).

     End

Figure 2
Flow chart of  the proposed algorithm

Time Complexity: The time complexity for preparing and testing the 
classifiers relies upon the calculations utilized and their execution.The time 
complexit of  each step and the total time complexity are shown below:
Step 1: Generate an unlabeled dataset(X_unlabeled) by combining unique 
attribute values.

Time complexity: O(n * m), where m is the attribute and n is the total 
data points

Step 2: Apply Fuzzy C-means clustering to X_unlabeled and obtain cluster 
assignments.

Time Complexity: O(k * n * m * max_iter) , k is the cluster
Step 3: Label the unlabeled dataset by assigning majority class labels within 
each cluster.

Time Complexity: O(n)

Step 4: Oversample the minority class in X_labeled by creating artificial 
instances based on cluster information.

Time Complexity: O(n_synthetic * m),  n_synthetic is the number of  
artificial data.

Step 5: Validate the balanced dataset using DT and KNN classifiers.
Time Complexity: O(k * n * m)

Overall Time Complexity:
 
O(n * m) + O(k * n * m * max_iter) + O(n) + O(n_synthetic * m) + O(k * 
n * m) ≈ O(k * n * m * max_iter)

4.3 Validation of  the newly created balanced dataset
To validate the balanced dataset, two classification algorithms, namely 
Decision Tree (DT) and K-nearest neighbors (KNN), are used. These 
algorithms are chosen as they are commonly used for classification tasks and 
can effectively perform on categorical and numerical data.

The decision tree constructs a classification framework in the shape of  a 
tree. It progressively divides a dataset into progressively smaller sections 
while also developing a linked decision tree. The outcome of  this process is 
a tree containing decision points and terminal nodes (Jiao, Song & Liu, 2020). 
Furthermore, KNN acts by locating the K nearest points throughout the 
training dataset and using their class to forecast the category of  a fresh query 
instance. Because of  having capability to handle complicated data and its 
simple nature, KNN has grown into a prominent tool in the field of  machine 
learning (Cover & Hart, 1967).

The Decision Tree and K-nearest neighbor algorithms both act as 
validation approaches for determining the efficacy of  the altered data set. 
They show how the dataset was assessed in terms of  classification accuracy, 
precision, recall, and other key parameters. 

5. Experimental setup 
This part examines the experimental outcomes of  the loan dataset in detail, 
as well as the classification performance of  two ML algorithms named 
Decision Tree and K-Nearest Neighbor with imbalanced data sets. A table of  
comparisons among SMOTE, WBOT, and the suggested approach is also 
illustrated with proper justification.
5.1 Data and experimental settings
The tests were performed on a PC running Windows 10, 64-bit, with an Intel 
Core i5-4590 CPU running at 3.30 GHz and 4 GB of  RAM, as well as 
Python 3.8.8 software. Table III shows the features of  the data set used in

Figure 2 represents the flowchart of  the algorithm.
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highlights a discrepancy between the potential of  dynamic modeling  
techniques and their actual adoption in practice, suggesting a need for greater 
recognition and adoption of  dynamic approaches in credit risk assessment.

Recently, Song, Wang, Ye, Zaretzki and Liu (2023) suggests a 
multi-objective ensemble learning approach that is rating-specific for 
building potential predictions for loan subgroups with comparable default 
probability. A data augmentation technique was presented by Temraz and 
Keane (2022), which creates artificial, hypothetical cases in the minority class. 
This approach uses real feature values—rather than overlaying values across 
data points. However, this approach was binary class-specific.

More studies have focused on evaluating the competence of  
classification methods for loan approval datasets. Several papers, including 
Abellán and Castellano (2017), Ala'raj and Abbod (2016a), Ala'raj and Abbod 
(2016b), Feng, Xiao, Zhong, Qiu and Dong (2018), García, Marques and 
Sánchez (2019), He, Zhang, and Zhang (2018), Lessmann, Baesens, Seow 
and Thomas (2015), Sun, Lang, Fujita and Li (2018), Xia, Liu, Da and Xie 
(2018), Xia, Liu, Li and Liu (2017), Xiao, Xiao and Wang (2016) have assessed 
the predictive capabilities of  different methods in this domain.

3. Imbalanced dataset and evaluation metric
In this section, we have started by introducing several solution approaches 
for balancing the imbalanced dataset. Subsequently, the specific metric for 
evaluating the performance of  the imbalanced dataset is also introduced. 
3.1 Theory of  imbalanced dataset

A dataset is said to be imbalanced if  the target class has an unbalanced 
distribution. In this case, the frequency of  one class is much higher than the 
amount of  another. This class imbalance can result in biased models that fare 
poorly with the minority class, which is often the class of  interest. To address 
this issue, different algorithms have been created particularly for managing 
imbalanced data sets.

There exist many data-driven solutions that concentrate on data 
augmentation, in which artificial data from the minority class is manufactured 
using various approaches. SMOTE (Synthetic Minority Over-sampling 
approach) is a common data-driven approach that generates synthetic 
instances by interpolating between existing minority class samples. By 
increasing the representation of  the minority class, data expansion balances 
the data set and improves the performance of  the model in the minority 
class.

Another data-driven approach is transfer learning, which leverages 
knowledge from related tasks or datasets to improve performance relative to 

the imbalanced dataset. In transfer learning, a model that has been 
pre-trained on a large and diverse data set is matched to the imbalanced data 
set to benefit from the learned representations. This transfer of  knowledge 
can lead to more effective learning and better generalization of  the minority 
class.

The algorithm used for learning is either updated or built to 
accommodate imbalanced data sets in algorithm-level  solutions. Another 
useful option for imbalanced classification is cost-sensitive learning, which 
focuses on first allocating various costs to the many sorts of  misclassification 
rates  that might occur, and then applying specialized algorithms to 
compensate for those costs. The concept of  a cost matrix helps to 
understand the varied misclassification costs. 

In this work, we focused on a data-level approach to addressing the 
problem of  class imbalance. The analysis in this context is concentrated on 
datasets containing the categories "yes" and "no." The class with a "yes" label 
stands in for the majority class, whereas the class with a "no" label symbolizes 
the minority class with fewer cases.

The dataset's imbalanced ratio (IR), which reflects the unequal 
distribution of  occurrences among several categories, is calculated by 
equation 1. It shows the discrepancy in sample sizes between the majority 
and minority groups. The imbalanced ratio, for instance, would be 9:1 if  a 
dataset had 1,000 instances with 900 samples from the majority group and 
100 samples from the minority group.

During the empirical investigation, the minority class's size intentionally 
decreased by a factor of  4.22 and 8.45. This reduction resulted in the creation 
of  three distinct datasets from the initial one. Thus, these shortened datasets 
are used to assess the viability of  different calculations and techniques in 
dealing with the issue of  class unevenness.

Two existing techniques as well as the suggested approach were applied 
to the imbalance loan dataset, which was segmented into three imbalanced 
ratios, and the performance of  each method for each dataset was recorded. 
The results of  this analysis can assist us in making a loan approval model that 
will be more robust and precise in dealing with a class imbalance. 

3.2 Evaluation metric
When dealing with imbalanced datasets, accuracy is hardly a valid metric in 
the context of  imbalanced data sets because it does not discriminate between 

the amount of  properly identified samples of  various categories. When one 
category is substantially more numerous than another in these sorts of  
datasets, a framework that merely predicts the dominant category for all cases 
can nonetheless reach excellent accuracy while not adequately identifying the 
minority class. This is the reason why supplementary measures, such as 
precision and recall, are so useful in this type of  network monitoring. These 
metrics are important for quickly acquiring knowledge of  core patterns 
throughout a dataset. Observing them periodically will allow us to have a 
greater understanding of  the system's overall efficacy as well as the variables 
influencing its dependability and usefulness. The specific formulas for these 
metrics can be found in the following references (He, Bai, Garcia, & Li, 2008; 
Douzas, Bacao & Last, 2018; Pan, Zhao, Wu, & Yang, 2020; Li & Zhu, 2019; 
Tang, Zhang, Chawla, & Krasser, 2008; Guo & Viktor, 2004).

Table I
Confusion Matrix

 

F-measure: F-measure offers a balanced metric that incorporates both 
precision and recall into a single statistic. It has a score between 0 and 1, with 
1 reflecting flawless precision and recall. As in prior work (He, Bai, Garcia, & 
Li, 2008; Douzas, Bacao & Last, 2018; Pan, Zhao, Wu & Yang, 2020), 
prediction accuracy (ACC), the F-measure with b = 1 and G-mean were 
employed as assessment measures. 
F-measure is calculated as:

G-mean: G-mean compares performance in both favorable and adverse 
factors, whereas F-measure combines precision and recall. 
The score of  G-mean can be calculated as:

A higher G-mean score designates balanced performance between the 
minority and majority classes, while a higher F-measure value shows a greater 

accuracy in predicting the minority class.

4. Proposed method
There are three phases in the suggested technique. These steps involve 
creating an unlabeled dataset, using Fuzzy C means clustering and 
classification to oversample the original dataset, and then verifying the 
balanced dataset using the Decision Tree and K-Nearest Neighbor method. 
The overall methodology is shown in the following figure:

Figure 1
Proposed method

4.1 Generate an unlabeled dataset
In this paper, to generate an unlabeled dataset we applied the method studied 
by (Emu, Jahin, Akter, Patwary, & Akter, 2022; Jahin, Emu, Akter, Patwary, 
Bhuiyan, & Miraz, 2021). The unlabeled dataset was created by combining all 
possible combinations of  unique values from different characteristics. This 
method is designed to generate a diverse and comprehensive set of  samples 
that represent the different combinations of  attribute values present in the 
original dataset.

To illustrate this method, let's consider two features of  the loan dataset: 
Education and Self-employed. Education has two unique values - Graduate 
and Not Graduate, while Self-employed also has two unique values - Yes and 
No. Both features have a cardinality of  2, meaning they each have two 
distinct values.

To create the unlabeled dataset, the authors multiplied the cardinalities 
of  these features, resulting in 2 × 2 = 4 possible combinations. The dataset, 
therefore, consisted of  four samples, each represented by a combination of  
values from Education and Self-employed. The samples in this example 
would look like this: [(Graduate, Yes), (Graduate, No), (Not Graduate, Yes), 
(Not Graduate, No)].

Taking into consideration all conceivable combinations of  attribute 

values, this newly constructed unlabeled dataset provides a complete 
representation of  the samples and allows researchers to study various 
possibilities and obtain a broad diversity of  combinations.

4.2 Apply fcm on unlabeled dataset
Fuzzy C means clustering is then employed to the unlabeled dataset to assign 
membership values to each data point. Then data is classified based on the 
highest membership value obtained from the clustering process. This 
classification helps in identifying the most suitable class for each data point. 
From these artificially generated data points minority samples are then 
included in the actual dataset, thereby increasing the representation of  the 
minority class. The formula for calculating the Fuzzy membership value of  
each sample is:

Where,
µ= Membership value
n= Number of  patterns
m= Fuzzifier value
dik/dkj signifies Euclidean distance value between cluster and data point.

An example of  this process is shown in Table II including 10 samples.
Table II
Predicted class for artificial data using FCM

Table II shows 10 samples, and for each sample, the membership values for 
two classes, "Yes"(1) and "No,"(0) are provided. For instance, considering the 
1st sample, the membership value for the "Yes" class is 0.9470201, while the 
membership value for the "No" class is 0.0529799. To fix the assigned class 

label for individual data, the membership values are compared. In this case, 
since the membership score of  the "Yes" class (0.9470201) is larger than the 
membership degree of  the "No" class (0.0529799), the assigned class for the 
1st sample would be "Yes" or 1.
On the remaining data points in the Table, the same procedure was used. 
Each sample's membership values for the "Yes" and "No" classes are 
compared, and the data point was assigned to the cluster with the greater 
membership value. The original dataset is then updated with the samples 
from the minority classes. Through this procedure, the minority class's 
presence in the dataset is effectively increased by the fabrication of  synthetic 
data points that represent it. 
The algorithm's stages are as follows:
Algorithm: Fuzzy C-means-based Oversampling Algorithm
Input: Imbalanced loan dataset
Output: Balanced dataset
Steps:

1. Generate an unlabeled dataset (X_unlabeled) by combining unique 
attribute values.

2. Apply Fuzzy C-means clustering to X_unlabeled and obtain cluster 
assignments (cluster_labels).

3. Label the unlabeled dataset by assigning majority class labels within 
each cluster.

4. Oversample the minority class in X_labeled by creating artificial 
instances based on cluster information.

5. Validate the balanced dataset using DT and KNN classifiers.
6. Return the balanced loan dataset (X_balanced, y_balanced).

     End

Figure 2
Flow chart of  the proposed algorithm

Time Complexity: The time complexity for preparing and testing the 
classifiers relies upon the calculations utilized and their execution.The time 
complexit of  each step and the total time complexity are shown below:
Step 1: Generate an unlabeled dataset(X_unlabeled) by combining unique 
attribute values.

Time complexity: O(n * m), where m is the attribute and n is the total 
data points

Step 2: Apply Fuzzy C-means clustering to X_unlabeled and obtain cluster 
assignments.

Time Complexity: O(k * n * m * max_iter) , k is the cluster
Step 3: Label the unlabeled dataset by assigning majority class labels within 
each cluster.

Time Complexity: O(n)

Step 4: Oversample the minority class in X_labeled by creating artificial 
instances based on cluster information.

Time Complexity: O(n_synthetic * m),  n_synthetic is the number of  
artificial data.

Step 5: Validate the balanced dataset using DT and KNN classifiers.
Time Complexity: O(k * n * m)

Overall Time Complexity:
 
O(n * m) + O(k * n * m * max_iter) + O(n) + O(n_synthetic * m) + O(k * 
n * m) ≈ O(k * n * m * max_iter)

4.3 Validation of  the newly created balanced dataset
To validate the balanced dataset, two classification algorithms, namely 
Decision Tree (DT) and K-nearest neighbors (KNN), are used. These 
algorithms are chosen as they are commonly used for classification tasks and 
can effectively perform on categorical and numerical data.

The decision tree constructs a classification framework in the shape of  a 
tree. It progressively divides a dataset into progressively smaller sections 
while also developing a linked decision tree. The outcome of  this process is 
a tree containing decision points and terminal nodes (Jiao, Song & Liu, 2020). 
Furthermore, KNN acts by locating the K nearest points throughout the 
training dataset and using their class to forecast the category of  a fresh query 
instance. Because of  having capability to handle complicated data and its 
simple nature, KNN has grown into a prominent tool in the field of  machine 
learning (Cover & Hart, 1967).

The Decision Tree and K-nearest neighbor algorithms both act as 
validation approaches for determining the efficacy of  the altered data set. 
They show how the dataset was assessed in terms of  classification accuracy, 
precision, recall, and other key parameters. 

5. Experimental setup 
This part examines the experimental outcomes of  the loan dataset in detail, 
as well as the classification performance of  two ML algorithms named 
Decision Tree and K-Nearest Neighbor with imbalanced data sets. A table of  
comparisons among SMOTE, WBOT, and the suggested approach is also 
illustrated with proper justification.
5.1 Data and experimental settings
The tests were performed on a PC running Windows 10, 64-bit, with an Intel 
Core i5-4590 CPU running at 3.30 GHz and 4 GB of  RAM, as well as 
Python 3.8.8 software. Table III shows the features of  the data set used in
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In Table V, although SMOTE and WBOT performed equally in terms of  
F-measure and G-mean, SMOTE's average accuracy was somewhat higher 
than WBOT's. Because the number of  majority classes in WBOT is always 
larger than the number of  minority classes. However, all performance 
metrics show that the accuracy of  the minority group grew greatly, whereas 
the accuracy of  the majority class's accuracy declined in SMOTE due to the 
issue of  noisy data (Bunkhumpornpat, Sinapiromsaran, & Lursinsap, 2009). 
Furthermore, Table V demonstrates that the suggested model's average 
Accuracy, F-measure, and G-mean were greater than those of  SMOTE and 
WBOT. The findings show that this strategy worked well for oversampling 
an imbalanced data set. 

The high score of  G-mean implies that the classifier works well on the 
data of  minority and majority groups. Furthermore, a high F-measure value 
signifies greater accuracy in the minority class.
Figure 3 and Figure 4 compare the performance of  the proposed method 
against previous methods. 

Figure 3
Performance comparison of  the proposed method with previous methods based DT.

Figure 4
Performance comparison of  the proposed method with previous methods based on KNN.

this study. The dataset is readily accessible through Kaggle 
(https://www.kaggle.com/datasets/vikasukani/loan-eligible-dataset). The 
quantity of  dominant samples is 422 while the quantity of  minority samples 
is 192.  Since the data set employed has a sufficient number of  observations, 
it was divided into a training (80%) and a test (20%) set. This test set will stay 
unaltered in the analysis phase. We have employed the DT and KNN as a 
core classifier in our experiments. In general, we conducted three trials, 
which are described briefly below:
Trial A: Performance of  the classifiers with the imbalanced datasets (Table 
IV). 
Trial B: Comparison of  the oversampling techniques in terms of  Evaluation 
metric (Table V).
Trial C: Computational efficacy (Table VI)

Table III
Characteristics of  the loan dataset

Table III describes the features of  a loan dataset. The client-based loan 
eligibility procedure is covered in detail in the dataset. The attributes of  this 
dataset include Loan_ID, Gender, Married, Dependents, Education, 
Self_Employed, ApplicantIncome, CoapplicantIncome, LoanAmount, 
Loan_Amount_Term, Credit_History, Property_Area and Loan_Status. 
'Loan_ID' is the unique identification number for each loan, and 'Gender' 
denotes the loan applicant's gender. It might be a male or female. The 
married column represents the loan applicant's marital status while the 
feature 'Dependent' refers to the number of  ordinal dependents of  the loan 
applicant. The educational background of  the loan applicants is also included 
in the dataset's  'Education' column. 'Self-employed' signifies the loan 
applicant's employment status. 'Applicant Income' reflects the loan 

applicant's income (in thousands), while 'Coapplicant Income' denotes the 
co-applicant's income (in thousands). 'LoanAmount' refers to the loan 
amount sought (in thousands of  dollars) and 'Loan_Amount_Term' refers to 
the loan's term (in months). Credit History of  the loan applicants is also 
required which is recorded in the 'Credit_history' column. ‘Property_Area’ is 
used to represent the location type of  the loan applicant's property. 
‘Loan_Status’ is the approval status of  the loan, which is yes or no. Five of  
the attributes are of  categorical type, five are numeric, and three features are 
ordinal.

5.2 Preprocessing
Preprocessing the Loan eligibility prediction dataset entails various processes 
to organize the data for constructing predictive models. Here's a quick 
rundown of  the pre-processing processes that are often used with the Loan 
eligibility prediction dataset:
1) For numerical variables, missing values were handled using the mean or 
median, and for categorical variables, the mode.
2) Outliers were identified using IQR and addressed by  the capping 
technique.
3) The label encoder was used to transform categorical values into numerical 
values.
4) The feature Loan_ID was removed from the dataset since it is only an ID 
and does not affect the prediction of  loan status.

The dataset is now ready to utilize after preprocessing, with an 
imbalanced ratio of  2.20. However, for this empirical investigation, the 
minority class was intentionally lowered by a ratio of  4.22 to 8.45. As a 
consequence of  this elimination, three data sets for the actual data set were 
formed. The outcomes of  these assessments ought to give us a clear picture 
of  the overall impact of  the evaluation metric on both minority and majority 
groups. Every trial employed 5-fold cross-validation.

5.3 Experimental results
Trial A: Performance of  the classifiers with the imbalanced datasets.
This section presents the classifiers' performances. The dataset was first 
separated into three imbalanced ratios: 8.45, 4.22, and 2.2. Following the 
classifiers' application to these datasets, Table IV presents the classifiers' 
performance. 

 

Table IV
Result of  experiment A

In Table IV, when the Imbalanced Ratio was 8.45, the recall of  the DT was 
very poor (0.102) but its precision and accuracy were pretty excellent, 0.820 
and 0.86, respectively. This is because the frequency of  data points from the 
majority group was significantly more than the frequency of  data points from 
the minority group. However, the lower F-measure (0.181) and G-mean 
(0.353) values indicate that the accuracy of  the minority class is relatively 
poor, and the classifier failed to perform well at all on minority and majority 
class data. Except for poor precision (0.684) and accuracy (0.59), the same 
situation was provided in the case of  KNN. These are the result of  having 
the fewest number of  nearest neighbors (k=5). 

When the IR is 4.22 then the value F-measure and G-mean of  both 
classifiers were increased, indicating that the outcomes of  the models were 
marginally enhanced.

In case of  the original dataset having IR of  2.2 then the score of  the 
F-measure and G-mean for both classifiers were increased but the 
performance remains unsatisfactory. Following these studies, three 
oversampling approaches were applied to the original dataset with an IR of  
2.2 and recorded the performance of  the base classifiers in Table V. 

Trial B: Comparison of  the oversampling techniques in terms of  
Evaluation metric 

Following the documentation of  the classifiers' performance on the 
imbalanced data sets, the original dataset with an IR of  2.2 underwent three 
oversampling techniques. The experiments were done using 5-fold 
cross-validation and the average accuracy is recorded in Table V.
Table V 
Result of  experiment B

From both figures, it has been observed that in both cases the proposed 
algorithm works well.
Experiment C: Computational Efficiency 

To assess the computational effectiveness of  each classifier, we utilized 
the average running time of  five runs. The decision tree was pruned using the 
cost complexity pruning approach. As a result, the depth of  the tree was 
lowered which reduced the running time. When it comes to the K-Nearest 
Neighbor, additional time was required to obtain the best value of  k. Table 
VI demonstrates the average running time of  the classifiers employing three 
oversampling strategies.

Table VI
Average running time of  the methods(sec)

Table VI shows that the proposed model takes less time than the previous 
model for completing the 5-fold cross-validation. Figure 5 and Figure 6 show 
the comparison of  the run time of  the proposed method against previous 
methods. In both cases,  KNN_proposed method takes less time than 
KNN_SMOTE and KNN_WBOT and the DT_proposed method takes less 
time than DT_SMOTE and DT_WBOT. That is, the average run time of  the 
proposed method require less time than that of  others.

 

Figure 5
Comparison of  the run time of  the proposed method with other methods based on DT.

Figure 6
Comparison of  the run time of  the proposed method with other methods based on KNN.

6. Conclusion
The suggested solution eliminates the class imbalance problem of  a loan 
dataset through a series of  phases. First, an unlabeled dataset is created by 
combining all possible combinations of  the unique value of  each attribute. 
Fuzzy C means assigns membership values to each sample. The minority 
samples are chosen based on their membership values. The artificially 
generated data points representing the minority class are then merged into 
the original dataset. The modified dataset is then tested for performance and 
accuracy using two well-known classifiers, Decision Tree (DT) and 
K-Nearest Neighbours (KNN). Utilizing appropriate metrics like accuracy, 
F-measure, G-mean, and other pertinent estimates, the effectiveness of  the 
classifiers is evaluated. To prove the recommended method's effectiveness, 
its performance is contrasted with that of  two popular oversampling 
techniques, SMOTE and WBOT. According to the study's findings, SMOTE 
and WBOT are not as effective as the suggested oversampling strategy. This 
demonstrates that the FCM-based approach provides a more effective way 
of  coping with imbalanced data sets and boosts the classifiers' overall 
accuracy and predictive ability. To ensure that the provided method can be 
used for large datasets without a lot of  computational overhead, the 
computational efficiency of  the method is also evaluated. Using a wider 
variety of  credit datasets with various sets of  imbalanced ratios, future 
studies could examine the generalizability and efficacy of  the proposed 
methods in other contexts.
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Attribute Characteristics of  the attribute
Loan_ID Categorical
Gender Categorical
Married Categorical
Dependents Ordinal
Education Ordinal
Self_Employed Categorical
ApplicantIncome Numerical
CoapplicantIncome Numerical
LoanAmount Numerical
Loan_Amount_Term Numerical
Credit_History Numerical
Property_Area Ordinal
Loan_Status Categorical
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In Table V, although SMOTE and WBOT performed equally in terms of  
F-measure and G-mean, SMOTE's average accuracy was somewhat higher 
than WBOT's. Because the number of  majority classes in WBOT is always 
larger than the number of  minority classes. However, all performance 
metrics show that the accuracy of  the minority group grew greatly, whereas 
the accuracy of  the majority class's accuracy declined in SMOTE due to the 
issue of  noisy data (Bunkhumpornpat, Sinapiromsaran, & Lursinsap, 2009). 
Furthermore, Table V demonstrates that the suggested model's average 
Accuracy, F-measure, and G-mean were greater than those of  SMOTE and 
WBOT. The findings show that this strategy worked well for oversampling 
an imbalanced data set. 

The high score of  G-mean implies that the classifier works well on the 
data of  minority and majority groups. Furthermore, a high F-measure value 
signifies greater accuracy in the minority class.
Figure 3 and Figure 4 compare the performance of  the proposed method 
against previous methods. 

Figure 3
Performance comparison of  the proposed method with previous methods based DT.

Figure 4
Performance comparison of  the proposed method with previous methods based on KNN.

this study. The dataset is readily accessible through Kaggle 
(https://www.kaggle.com/datasets/vikasukani/loan-eligible-dataset). The 
quantity of  dominant samples is 422 while the quantity of  minority samples 
is 192.  Since the data set employed has a sufficient number of  observations, 
it was divided into a training (80%) and a test (20%) set. This test set will stay 
unaltered in the analysis phase. We have employed the DT and KNN as a 
core classifier in our experiments. In general, we conducted three trials, 
which are described briefly below:
Trial A: Performance of  the classifiers with the imbalanced datasets (Table 
IV). 
Trial B: Comparison of  the oversampling techniques in terms of  Evaluation 
metric (Table V).
Trial C: Computational efficacy (Table VI)

Table III
Characteristics of  the loan dataset

Table III describes the features of  a loan dataset. The client-based loan 
eligibility procedure is covered in detail in the dataset. The attributes of  this 
dataset include Loan_ID, Gender, Married, Dependents, Education, 
Self_Employed, ApplicantIncome, CoapplicantIncome, LoanAmount, 
Loan_Amount_Term, Credit_History, Property_Area and Loan_Status. 
'Loan_ID' is the unique identification number for each loan, and 'Gender' 
denotes the loan applicant's gender. It might be a male or female. The 
married column represents the loan applicant's marital status while the 
feature 'Dependent' refers to the number of  ordinal dependents of  the loan 
applicant. The educational background of  the loan applicants is also included 
in the dataset's  'Education' column. 'Self-employed' signifies the loan 
applicant's employment status. 'Applicant Income' reflects the loan 

applicant's income (in thousands), while 'Coapplicant Income' denotes the 
co-applicant's income (in thousands). 'LoanAmount' refers to the loan 
amount sought (in thousands of  dollars) and 'Loan_Amount_Term' refers to 
the loan's term (in months). Credit History of  the loan applicants is also 
required which is recorded in the 'Credit_history' column. ‘Property_Area’ is 
used to represent the location type of  the loan applicant's property. 
‘Loan_Status’ is the approval status of  the loan, which is yes or no. Five of  
the attributes are of  categorical type, five are numeric, and three features are 
ordinal.

5.2 Preprocessing
Preprocessing the Loan eligibility prediction dataset entails various processes 
to organize the data for constructing predictive models. Here's a quick 
rundown of  the pre-processing processes that are often used with the Loan 
eligibility prediction dataset:
1) For numerical variables, missing values were handled using the mean or 
median, and for categorical variables, the mode.
2) Outliers were identified using IQR and addressed by  the capping 
technique.
3) The label encoder was used to transform categorical values into numerical 
values.
4) The feature Loan_ID was removed from the dataset since it is only an ID 
and does not affect the prediction of  loan status.

The dataset is now ready to utilize after preprocessing, with an 
imbalanced ratio of  2.20. However, for this empirical investigation, the 
minority class was intentionally lowered by a ratio of  4.22 to 8.45. As a 
consequence of  this elimination, three data sets for the actual data set were 
formed. The outcomes of  these assessments ought to give us a clear picture 
of  the overall impact of  the evaluation metric on both minority and majority 
groups. Every trial employed 5-fold cross-validation.

5.3 Experimental results
Trial A: Performance of  the classifiers with the imbalanced datasets.
This section presents the classifiers' performances. The dataset was first 
separated into three imbalanced ratios: 8.45, 4.22, and 2.2. Following the 
classifiers' application to these datasets, Table IV presents the classifiers' 
performance. 

 

Table IV
Result of  experiment A

In Table IV, when the Imbalanced Ratio was 8.45, the recall of  the DT was 
very poor (0.102) but its precision and accuracy were pretty excellent, 0.820 
and 0.86, respectively. This is because the frequency of  data points from the 
majority group was significantly more than the frequency of  data points from 
the minority group. However, the lower F-measure (0.181) and G-mean 
(0.353) values indicate that the accuracy of  the minority class is relatively 
poor, and the classifier failed to perform well at all on minority and majority 
class data. Except for poor precision (0.684) and accuracy (0.59), the same 
situation was provided in the case of  KNN. These are the result of  having 
the fewest number of  nearest neighbors (k=5). 

When the IR is 4.22 then the value F-measure and G-mean of  both 
classifiers were increased, indicating that the outcomes of  the models were 
marginally enhanced.

In case of  the original dataset having IR of  2.2 then the score of  the 
F-measure and G-mean for both classifiers were increased but the 
performance remains unsatisfactory. Following these studies, three 
oversampling approaches were applied to the original dataset with an IR of  
2.2 and recorded the performance of  the base classifiers in Table V. 

Trial B: Comparison of  the oversampling techniques in terms of  
Evaluation metric 

Following the documentation of  the classifiers' performance on the 
imbalanced data sets, the original dataset with an IR of  2.2 underwent three 
oversampling techniques. The experiments were done using 5-fold 
cross-validation and the average accuracy is recorded in Table V.
Table V 
Result of  experiment B

From both figures, it has been observed that in both cases the proposed 
algorithm works well.
Experiment C: Computational Efficiency 

To assess the computational effectiveness of  each classifier, we utilized 
the average running time of  five runs. The decision tree was pruned using the 
cost complexity pruning approach. As a result, the depth of  the tree was 
lowered which reduced the running time. When it comes to the K-Nearest 
Neighbor, additional time was required to obtain the best value of  k. Table 
VI demonstrates the average running time of  the classifiers employing three 
oversampling strategies.

Table VI
Average running time of  the methods(sec)

Table VI shows that the proposed model takes less time than the previous 
model for completing the 5-fold cross-validation. Figure 5 and Figure 6 show 
the comparison of  the run time of  the proposed method against previous 
methods. In both cases,  KNN_proposed method takes less time than 
KNN_SMOTE and KNN_WBOT and the DT_proposed method takes less 
time than DT_SMOTE and DT_WBOT. That is, the average run time of  the 
proposed method require less time than that of  others.

 

Figure 5
Comparison of  the run time of  the proposed method with other methods based on DT.

Figure 6
Comparison of  the run time of  the proposed method with other methods based on KNN.

6. Conclusion
The suggested solution eliminates the class imbalance problem of  a loan 
dataset through a series of  phases. First, an unlabeled dataset is created by 
combining all possible combinations of  the unique value of  each attribute. 
Fuzzy C means assigns membership values to each sample. The minority 
samples are chosen based on their membership values. The artificially 
generated data points representing the minority class are then merged into 
the original dataset. The modified dataset is then tested for performance and 
accuracy using two well-known classifiers, Decision Tree (DT) and 
K-Nearest Neighbours (KNN). Utilizing appropriate metrics like accuracy, 
F-measure, G-mean, and other pertinent estimates, the effectiveness of  the 
classifiers is evaluated. To prove the recommended method's effectiveness, 
its performance is contrasted with that of  two popular oversampling 
techniques, SMOTE and WBOT. According to the study's findings, SMOTE 
and WBOT are not as effective as the suggested oversampling strategy. This 
demonstrates that the FCM-based approach provides a more effective way 
of  coping with imbalanced data sets and boosts the classifiers' overall 
accuracy and predictive ability. To ensure that the provided method can be 
used for large datasets without a lot of  computational overhead, the 
computational efficiency of  the method is also evaluated. Using a wider 
variety of  credit datasets with various sets of  imbalanced ratios, future 
studies could examine the generalizability and efficacy of  the proposed 
methods in other contexts.
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In Table V, although SMOTE and WBOT performed equally in terms of  
F-measure and G-mean, SMOTE's average accuracy was somewhat higher 
than WBOT's. Because the number of  majority classes in WBOT is always 
larger than the number of  minority classes. However, all performance 
metrics show that the accuracy of  the minority group grew greatly, whereas 
the accuracy of  the majority class's accuracy declined in SMOTE due to the 
issue of  noisy data (Bunkhumpornpat, Sinapiromsaran, & Lursinsap, 2009). 
Furthermore, Table V demonstrates that the suggested model's average 
Accuracy, F-measure, and G-mean were greater than those of  SMOTE and 
WBOT. The findings show that this strategy worked well for oversampling 
an imbalanced data set. 

The high score of  G-mean implies that the classifier works well on the 
data of  minority and majority groups. Furthermore, a high F-measure value 
signifies greater accuracy in the minority class.
Figure 3 and Figure 4 compare the performance of  the proposed method 
against previous methods. 

Figure 3
Performance comparison of  the proposed method with previous methods based DT.

Figure 4
Performance comparison of  the proposed method with previous methods based on KNN.

this study. The dataset is readily accessible through Kaggle 
(https://www.kaggle.com/datasets/vikasukani/loan-eligible-dataset). The 
quantity of  dominant samples is 422 while the quantity of  minority samples 
is 192.  Since the data set employed has a sufficient number of  observations, 
it was divided into a training (80%) and a test (20%) set. This test set will stay 
unaltered in the analysis phase. We have employed the DT and KNN as a 
core classifier in our experiments. In general, we conducted three trials, 
which are described briefly below:
Trial A: Performance of  the classifiers with the imbalanced datasets (Table 
IV). 
Trial B: Comparison of  the oversampling techniques in terms of  Evaluation 
metric (Table V).
Trial C: Computational efficacy (Table VI)

Table III
Characteristics of  the loan dataset

Table III describes the features of  a loan dataset. The client-based loan 
eligibility procedure is covered in detail in the dataset. The attributes of  this 
dataset include Loan_ID, Gender, Married, Dependents, Education, 
Self_Employed, ApplicantIncome, CoapplicantIncome, LoanAmount, 
Loan_Amount_Term, Credit_History, Property_Area and Loan_Status. 
'Loan_ID' is the unique identification number for each loan, and 'Gender' 
denotes the loan applicant's gender. It might be a male or female. The 
married column represents the loan applicant's marital status while the 
feature 'Dependent' refers to the number of  ordinal dependents of  the loan 
applicant. The educational background of  the loan applicants is also included 
in the dataset's  'Education' column. 'Self-employed' signifies the loan 
applicant's employment status. 'Applicant Income' reflects the loan 

applicant's income (in thousands), while 'Coapplicant Income' denotes the 
co-applicant's income (in thousands). 'LoanAmount' refers to the loan 
amount sought (in thousands of  dollars) and 'Loan_Amount_Term' refers to 
the loan's term (in months). Credit History of  the loan applicants is also 
required which is recorded in the 'Credit_history' column. ‘Property_Area’ is 
used to represent the location type of  the loan applicant's property. 
‘Loan_Status’ is the approval status of  the loan, which is yes or no. Five of  
the attributes are of  categorical type, five are numeric, and three features are 
ordinal.

5.2 Preprocessing
Preprocessing the Loan eligibility prediction dataset entails various processes 
to organize the data for constructing predictive models. Here's a quick 
rundown of  the pre-processing processes that are often used with the Loan 
eligibility prediction dataset:
1) For numerical variables, missing values were handled using the mean or 
median, and for categorical variables, the mode.
2) Outliers were identified using IQR and addressed by  the capping 
technique.
3) The label encoder was used to transform categorical values into numerical 
values.
4) The feature Loan_ID was removed from the dataset since it is only an ID 
and does not affect the prediction of  loan status.

The dataset is now ready to utilize after preprocessing, with an 
imbalanced ratio of  2.20. However, for this empirical investigation, the 
minority class was intentionally lowered by a ratio of  4.22 to 8.45. As a 
consequence of  this elimination, three data sets for the actual data set were 
formed. The outcomes of  these assessments ought to give us a clear picture 
of  the overall impact of  the evaluation metric on both minority and majority 
groups. Every trial employed 5-fold cross-validation.

5.3 Experimental results
Trial A: Performance of  the classifiers with the imbalanced datasets.
This section presents the classifiers' performances. The dataset was first 
separated into three imbalanced ratios: 8.45, 4.22, and 2.2. Following the 
classifiers' application to these datasets, Table IV presents the classifiers' 
performance. 

 

Table IV
Result of  experiment A

In Table IV, when the Imbalanced Ratio was 8.45, the recall of  the DT was 
very poor (0.102) but its precision and accuracy were pretty excellent, 0.820 
and 0.86, respectively. This is because the frequency of  data points from the 
majority group was significantly more than the frequency of  data points from 
the minority group. However, the lower F-measure (0.181) and G-mean 
(0.353) values indicate that the accuracy of  the minority class is relatively 
poor, and the classifier failed to perform well at all on minority and majority 
class data. Except for poor precision (0.684) and accuracy (0.59), the same 
situation was provided in the case of  KNN. These are the result of  having 
the fewest number of  nearest neighbors (k=5). 

When the IR is 4.22 then the value F-measure and G-mean of  both 
classifiers were increased, indicating that the outcomes of  the models were 
marginally enhanced.

In case of  the original dataset having IR of  2.2 then the score of  the 
F-measure and G-mean for both classifiers were increased but the 
performance remains unsatisfactory. Following these studies, three 
oversampling approaches were applied to the original dataset with an IR of  
2.2 and recorded the performance of  the base classifiers in Table V. 

Trial B: Comparison of  the oversampling techniques in terms of  
Evaluation metric 

Following the documentation of  the classifiers' performance on the 
imbalanced data sets, the original dataset with an IR of  2.2 underwent three 
oversampling techniques. The experiments were done using 5-fold 
cross-validation and the average accuracy is recorded in Table V.
Table V 
Result of  experiment B

From both figures, it has been observed that in both cases the proposed 
algorithm works well.
Experiment C: Computational Efficiency 

To assess the computational effectiveness of  each classifier, we utilized 
the average running time of  five runs. The decision tree was pruned using the 
cost complexity pruning approach. As a result, the depth of  the tree was 
lowered which reduced the running time. When it comes to the K-Nearest 
Neighbor, additional time was required to obtain the best value of  k. Table 
VI demonstrates the average running time of  the classifiers employing three 
oversampling strategies.

Table VI
Average running time of  the methods(sec)

Table VI shows that the proposed model takes less time than the previous 
model for completing the 5-fold cross-validation. Figure 5 and Figure 6 show 
the comparison of  the run time of  the proposed method against previous 
methods. In both cases,  KNN_proposed method takes less time than 
KNN_SMOTE and KNN_WBOT and the DT_proposed method takes less 
time than DT_SMOTE and DT_WBOT. That is, the average run time of  the 
proposed method require less time than that of  others.

 

Figure 5
Comparison of  the run time of  the proposed method with other methods based on DT.

Figure 6
Comparison of  the run time of  the proposed method with other methods based on KNN.

6. Conclusion
The suggested solution eliminates the class imbalance problem of  a loan 
dataset through a series of  phases. First, an unlabeled dataset is created by 
combining all possible combinations of  the unique value of  each attribute. 
Fuzzy C means assigns membership values to each sample. The minority 
samples are chosen based on their membership values. The artificially 
generated data points representing the minority class are then merged into 
the original dataset. The modified dataset is then tested for performance and 
accuracy using two well-known classifiers, Decision Tree (DT) and 
K-Nearest Neighbours (KNN). Utilizing appropriate metrics like accuracy, 
F-measure, G-mean, and other pertinent estimates, the effectiveness of  the 
classifiers is evaluated. To prove the recommended method's effectiveness, 
its performance is contrasted with that of  two popular oversampling 
techniques, SMOTE and WBOT. According to the study's findings, SMOTE 
and WBOT are not as effective as the suggested oversampling strategy. This 
demonstrates that the FCM-based approach provides a more effective way 
of  coping with imbalanced data sets and boosts the classifiers' overall 
accuracy and predictive ability. To ensure that the provided method can be 
used for large datasets without a lot of  computational overhead, the 
computational efficiency of  the method is also evaluated. Using a wider 
variety of  credit datasets with various sets of  imbalanced ratios, future 
studies could examine the generalizability and efficacy of  the proposed 
methods in other contexts.
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Evaluation  DT_SMOTE DT_WBOT DT_Proposed  KNN_SMOTE KNN_WBOT KNN_proposed
metric   method   method



76        ISSN: 3005-5873

IIUC Journal of  Science and Engineering, Vol.-1, Issue-1, December 2023

In Table V, although SMOTE and WBOT performed equally in terms of  
F-measure and G-mean, SMOTE's average accuracy was somewhat higher 
than WBOT's. Because the number of  majority classes in WBOT is always 
larger than the number of  minority classes. However, all performance 
metrics show that the accuracy of  the minority group grew greatly, whereas 
the accuracy of  the majority class's accuracy declined in SMOTE due to the 
issue of  noisy data (Bunkhumpornpat, Sinapiromsaran, & Lursinsap, 2009). 
Furthermore, Table V demonstrates that the suggested model's average 
Accuracy, F-measure, and G-mean were greater than those of  SMOTE and 
WBOT. The findings show that this strategy worked well for oversampling 
an imbalanced data set. 

The high score of  G-mean implies that the classifier works well on the 
data of  minority and majority groups. Furthermore, a high F-measure value 
signifies greater accuracy in the minority class.
Figure 3 and Figure 4 compare the performance of  the proposed method 
against previous methods. 

Figure 3
Performance comparison of  the proposed method with previous methods based DT.

Figure 4
Performance comparison of  the proposed method with previous methods based on KNN.

this study. The dataset is readily accessible through Kaggle 
(https://www.kaggle.com/datasets/vikasukani/loan-eligible-dataset). The 
quantity of  dominant samples is 422 while the quantity of  minority samples 
is 192.  Since the data set employed has a sufficient number of  observations, 
it was divided into a training (80%) and a test (20%) set. This test set will stay 
unaltered in the analysis phase. We have employed the DT and KNN as a 
core classifier in our experiments. In general, we conducted three trials, 
which are described briefly below:
Trial A: Performance of  the classifiers with the imbalanced datasets (Table 
IV). 
Trial B: Comparison of  the oversampling techniques in terms of  Evaluation 
metric (Table V).
Trial C: Computational efficacy (Table VI)

Table III
Characteristics of  the loan dataset

Table III describes the features of  a loan dataset. The client-based loan 
eligibility procedure is covered in detail in the dataset. The attributes of  this 
dataset include Loan_ID, Gender, Married, Dependents, Education, 
Self_Employed, ApplicantIncome, CoapplicantIncome, LoanAmount, 
Loan_Amount_Term, Credit_History, Property_Area and Loan_Status. 
'Loan_ID' is the unique identification number for each loan, and 'Gender' 
denotes the loan applicant's gender. It might be a male or female. The 
married column represents the loan applicant's marital status while the 
feature 'Dependent' refers to the number of  ordinal dependents of  the loan 
applicant. The educational background of  the loan applicants is also included 
in the dataset's  'Education' column. 'Self-employed' signifies the loan 
applicant's employment status. 'Applicant Income' reflects the loan 

applicant's income (in thousands), while 'Coapplicant Income' denotes the 
co-applicant's income (in thousands). 'LoanAmount' refers to the loan 
amount sought (in thousands of  dollars) and 'Loan_Amount_Term' refers to 
the loan's term (in months). Credit History of  the loan applicants is also 
required which is recorded in the 'Credit_history' column. ‘Property_Area’ is 
used to represent the location type of  the loan applicant's property. 
‘Loan_Status’ is the approval status of  the loan, which is yes or no. Five of  
the attributes are of  categorical type, five are numeric, and three features are 
ordinal.

5.2 Preprocessing
Preprocessing the Loan eligibility prediction dataset entails various processes 
to organize the data for constructing predictive models. Here's a quick 
rundown of  the pre-processing processes that are often used with the Loan 
eligibility prediction dataset:
1) For numerical variables, missing values were handled using the mean or 
median, and for categorical variables, the mode.
2) Outliers were identified using IQR and addressed by  the capping 
technique.
3) The label encoder was used to transform categorical values into numerical 
values.
4) The feature Loan_ID was removed from the dataset since it is only an ID 
and does not affect the prediction of  loan status.

The dataset is now ready to utilize after preprocessing, with an 
imbalanced ratio of  2.20. However, for this empirical investigation, the 
minority class was intentionally lowered by a ratio of  4.22 to 8.45. As a 
consequence of  this elimination, three data sets for the actual data set were 
formed. The outcomes of  these assessments ought to give us a clear picture 
of  the overall impact of  the evaluation metric on both minority and majority 
groups. Every trial employed 5-fold cross-validation.

5.3 Experimental results
Trial A: Performance of  the classifiers with the imbalanced datasets.
This section presents the classifiers' performances. The dataset was first 
separated into three imbalanced ratios: 8.45, 4.22, and 2.2. Following the 
classifiers' application to these datasets, Table IV presents the classifiers' 
performance. 

 

Table IV
Result of  experiment A

In Table IV, when the Imbalanced Ratio was 8.45, the recall of  the DT was 
very poor (0.102) but its precision and accuracy were pretty excellent, 0.820 
and 0.86, respectively. This is because the frequency of  data points from the 
majority group was significantly more than the frequency of  data points from 
the minority group. However, the lower F-measure (0.181) and G-mean 
(0.353) values indicate that the accuracy of  the minority class is relatively 
poor, and the classifier failed to perform well at all on minority and majority 
class data. Except for poor precision (0.684) and accuracy (0.59), the same 
situation was provided in the case of  KNN. These are the result of  having 
the fewest number of  nearest neighbors (k=5). 

When the IR is 4.22 then the value F-measure and G-mean of  both 
classifiers were increased, indicating that the outcomes of  the models were 
marginally enhanced.

In case of  the original dataset having IR of  2.2 then the score of  the 
F-measure and G-mean for both classifiers were increased but the 
performance remains unsatisfactory. Following these studies, three 
oversampling approaches were applied to the original dataset with an IR of  
2.2 and recorded the performance of  the base classifiers in Table V. 

Trial B: Comparison of  the oversampling techniques in terms of  
Evaluation metric 

Following the documentation of  the classifiers' performance on the 
imbalanced data sets, the original dataset with an IR of  2.2 underwent three 
oversampling techniques. The experiments were done using 5-fold 
cross-validation and the average accuracy is recorded in Table V.
Table V 
Result of  experiment B

From both figures, it has been observed that in both cases the proposed 
algorithm works well.
Experiment C: Computational Efficiency 

To assess the computational effectiveness of  each classifier, we utilized 
the average running time of  five runs. The decision tree was pruned using the 
cost complexity pruning approach. As a result, the depth of  the tree was 
lowered which reduced the running time. When it comes to the K-Nearest 
Neighbor, additional time was required to obtain the best value of  k. Table 
VI demonstrates the average running time of  the classifiers employing three 
oversampling strategies.

Table VI
Average running time of  the methods(sec)

Table VI shows that the proposed model takes less time than the previous 
model for completing the 5-fold cross-validation. Figure 5 and Figure 6 show 
the comparison of  the run time of  the proposed method against previous 
methods. In both cases,  KNN_proposed method takes less time than 
KNN_SMOTE and KNN_WBOT and the DT_proposed method takes less 
time than DT_SMOTE and DT_WBOT. That is, the average run time of  the 
proposed method require less time than that of  others.

 

Figure 5
Comparison of  the run time of  the proposed method with other methods based on DT.

Figure 6
Comparison of  the run time of  the proposed method with other methods based on KNN.

6. Conclusion
The suggested solution eliminates the class imbalance problem of  a loan 
dataset through a series of  phases. First, an unlabeled dataset is created by 
combining all possible combinations of  the unique value of  each attribute. 
Fuzzy C means assigns membership values to each sample. The minority 
samples are chosen based on their membership values. The artificially 
generated data points representing the minority class are then merged into 
the original dataset. The modified dataset is then tested for performance and 
accuracy using two well-known classifiers, Decision Tree (DT) and 
K-Nearest Neighbours (KNN). Utilizing appropriate metrics like accuracy, 
F-measure, G-mean, and other pertinent estimates, the effectiveness of  the 
classifiers is evaluated. To prove the recommended method's effectiveness, 
its performance is contrasted with that of  two popular oversampling 
techniques, SMOTE and WBOT. According to the study's findings, SMOTE 
and WBOT are not as effective as the suggested oversampling strategy. This 
demonstrates that the FCM-based approach provides a more effective way 
of  coping with imbalanced data sets and boosts the classifiers' overall 
accuracy and predictive ability. To ensure that the provided method can be 
used for large datasets without a lot of  computational overhead, the 
computational efficiency of  the method is also evaluated. Using a wider 
variety of  credit datasets with various sets of  imbalanced ratios, future 
studies could examine the generalizability and efficacy of  the proposed 
methods in other contexts.
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In Table V, although SMOTE and WBOT performed equally in terms of  
F-measure and G-mean, SMOTE's average accuracy was somewhat higher 
than WBOT's. Because the number of  majority classes in WBOT is always 
larger than the number of  minority classes. However, all performance 
metrics show that the accuracy of  the minority group grew greatly, whereas 
the accuracy of  the majority class's accuracy declined in SMOTE due to the 
issue of  noisy data (Bunkhumpornpat, Sinapiromsaran, & Lursinsap, 2009). 
Furthermore, Table V demonstrates that the suggested model's average 
Accuracy, F-measure, and G-mean were greater than those of  SMOTE and 
WBOT. The findings show that this strategy worked well for oversampling 
an imbalanced data set. 

The high score of  G-mean implies that the classifier works well on the 
data of  minority and majority groups. Furthermore, a high F-measure value 
signifies greater accuracy in the minority class.
Figure 3 and Figure 4 compare the performance of  the proposed method 
against previous methods. 

Figure 3
Performance comparison of  the proposed method with previous methods based DT.

Figure 4
Performance comparison of  the proposed method with previous methods based on KNN.

this study. The dataset is readily accessible through Kaggle 
(https://www.kaggle.com/datasets/vikasukani/loan-eligible-dataset). The 
quantity of  dominant samples is 422 while the quantity of  minority samples 
is 192.  Since the data set employed has a sufficient number of  observations, 
it was divided into a training (80%) and a test (20%) set. This test set will stay 
unaltered in the analysis phase. We have employed the DT and KNN as a 
core classifier in our experiments. In general, we conducted three trials, 
which are described briefly below:
Trial A: Performance of  the classifiers with the imbalanced datasets (Table 
IV). 
Trial B: Comparison of  the oversampling techniques in terms of  Evaluation 
metric (Table V).
Trial C: Computational efficacy (Table VI)

Table III
Characteristics of  the loan dataset

Table III describes the features of  a loan dataset. The client-based loan 
eligibility procedure is covered in detail in the dataset. The attributes of  this 
dataset include Loan_ID, Gender, Married, Dependents, Education, 
Self_Employed, ApplicantIncome, CoapplicantIncome, LoanAmount, 
Loan_Amount_Term, Credit_History, Property_Area and Loan_Status. 
'Loan_ID' is the unique identification number for each loan, and 'Gender' 
denotes the loan applicant's gender. It might be a male or female. The 
married column represents the loan applicant's marital status while the 
feature 'Dependent' refers to the number of  ordinal dependents of  the loan 
applicant. The educational background of  the loan applicants is also included 
in the dataset's  'Education' column. 'Self-employed' signifies the loan 
applicant's employment status. 'Applicant Income' reflects the loan 

applicant's income (in thousands), while 'Coapplicant Income' denotes the 
co-applicant's income (in thousands). 'LoanAmount' refers to the loan 
amount sought (in thousands of  dollars) and 'Loan_Amount_Term' refers to 
the loan's term (in months). Credit History of  the loan applicants is also 
required which is recorded in the 'Credit_history' column. ‘Property_Area’ is 
used to represent the location type of  the loan applicant's property. 
‘Loan_Status’ is the approval status of  the loan, which is yes or no. Five of  
the attributes are of  categorical type, five are numeric, and three features are 
ordinal.

5.2 Preprocessing
Preprocessing the Loan eligibility prediction dataset entails various processes 
to organize the data for constructing predictive models. Here's a quick 
rundown of  the pre-processing processes that are often used with the Loan 
eligibility prediction dataset:
1) For numerical variables, missing values were handled using the mean or 
median, and for categorical variables, the mode.
2) Outliers were identified using IQR and addressed by  the capping 
technique.
3) The label encoder was used to transform categorical values into numerical 
values.
4) The feature Loan_ID was removed from the dataset since it is only an ID 
and does not affect the prediction of  loan status.

The dataset is now ready to utilize after preprocessing, with an 
imbalanced ratio of  2.20. However, for this empirical investigation, the 
minority class was intentionally lowered by a ratio of  4.22 to 8.45. As a 
consequence of  this elimination, three data sets for the actual data set were 
formed. The outcomes of  these assessments ought to give us a clear picture 
of  the overall impact of  the evaluation metric on both minority and majority 
groups. Every trial employed 5-fold cross-validation.

5.3 Experimental results
Trial A: Performance of  the classifiers with the imbalanced datasets.
This section presents the classifiers' performances. The dataset was first 
separated into three imbalanced ratios: 8.45, 4.22, and 2.2. Following the 
classifiers' application to these datasets, Table IV presents the classifiers' 
performance. 

 

Table IV
Result of  experiment A

In Table IV, when the Imbalanced Ratio was 8.45, the recall of  the DT was 
very poor (0.102) but its precision and accuracy were pretty excellent, 0.820 
and 0.86, respectively. This is because the frequency of  data points from the 
majority group was significantly more than the frequency of  data points from 
the minority group. However, the lower F-measure (0.181) and G-mean 
(0.353) values indicate that the accuracy of  the minority class is relatively 
poor, and the classifier failed to perform well at all on minority and majority 
class data. Except for poor precision (0.684) and accuracy (0.59), the same 
situation was provided in the case of  KNN. These are the result of  having 
the fewest number of  nearest neighbors (k=5). 

When the IR is 4.22 then the value F-measure and G-mean of  both 
classifiers were increased, indicating that the outcomes of  the models were 
marginally enhanced.

In case of  the original dataset having IR of  2.2 then the score of  the 
F-measure and G-mean for both classifiers were increased but the 
performance remains unsatisfactory. Following these studies, three 
oversampling approaches were applied to the original dataset with an IR of  
2.2 and recorded the performance of  the base classifiers in Table V. 

Trial B: Comparison of  the oversampling techniques in terms of  
Evaluation metric 

Following the documentation of  the classifiers' performance on the 
imbalanced data sets, the original dataset with an IR of  2.2 underwent three 
oversampling techniques. The experiments were done using 5-fold 
cross-validation and the average accuracy is recorded in Table V.
Table V 
Result of  experiment B

From both figures, it has been observed that in both cases the proposed 
algorithm works well.
Experiment C: Computational Efficiency 

To assess the computational effectiveness of  each classifier, we utilized 
the average running time of  five runs. The decision tree was pruned using the 
cost complexity pruning approach. As a result, the depth of  the tree was 
lowered which reduced the running time. When it comes to the K-Nearest 
Neighbor, additional time was required to obtain the best value of  k. Table 
VI demonstrates the average running time of  the classifiers employing three 
oversampling strategies.

Table VI
Average running time of  the methods(sec)

Table VI shows that the proposed model takes less time than the previous 
model for completing the 5-fold cross-validation. Figure 5 and Figure 6 show 
the comparison of  the run time of  the proposed method against previous 
methods. In both cases,  KNN_proposed method takes less time than 
KNN_SMOTE and KNN_WBOT and the DT_proposed method takes less 
time than DT_SMOTE and DT_WBOT. That is, the average run time of  the 
proposed method require less time than that of  others.

 

Figure 5
Comparison of  the run time of  the proposed method with other methods based on DT.

Figure 6
Comparison of  the run time of  the proposed method with other methods based on KNN.

6. Conclusion
The suggested solution eliminates the class imbalance problem of  a loan 
dataset through a series of  phases. First, an unlabeled dataset is created by 
combining all possible combinations of  the unique value of  each attribute. 
Fuzzy C means assigns membership values to each sample. The minority 
samples are chosen based on their membership values. The artificially 
generated data points representing the minority class are then merged into 
the original dataset. The modified dataset is then tested for performance and 
accuracy using two well-known classifiers, Decision Tree (DT) and 
K-Nearest Neighbours (KNN). Utilizing appropriate metrics like accuracy, 
F-measure, G-mean, and other pertinent estimates, the effectiveness of  the 
classifiers is evaluated. To prove the recommended method's effectiveness, 
its performance is contrasted with that of  two popular oversampling 
techniques, SMOTE and WBOT. According to the study's findings, SMOTE 
and WBOT are not as effective as the suggested oversampling strategy. This 
demonstrates that the FCM-based approach provides a more effective way 
of  coping with imbalanced data sets and boosts the classifiers' overall 
accuracy and predictive ability. To ensure that the provided method can be 
used for large datasets without a lot of  computational overhead, the 
computational efficiency of  the method is also evaluated. Using a wider 
variety of  credit datasets with various sets of  imbalanced ratios, future 
studies could examine the generalizability and efficacy of  the proposed 
methods in other contexts.
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In Table V, although SMOTE and WBOT performed equally in terms of  
F-measure and G-mean, SMOTE's average accuracy was somewhat higher 
than WBOT's. Because the number of  majority classes in WBOT is always 
larger than the number of  minority classes. However, all performance 
metrics show that the accuracy of  the minority group grew greatly, whereas 
the accuracy of  the majority class's accuracy declined in SMOTE due to the 
issue of  noisy data (Bunkhumpornpat, Sinapiromsaran, & Lursinsap, 2009). 
Furthermore, Table V demonstrates that the suggested model's average 
Accuracy, F-measure, and G-mean were greater than those of  SMOTE and 
WBOT. The findings show that this strategy worked well for oversampling 
an imbalanced data set. 

The high score of  G-mean implies that the classifier works well on the 
data of  minority and majority groups. Furthermore, a high F-measure value 
signifies greater accuracy in the minority class.
Figure 3 and Figure 4 compare the performance of  the proposed method 
against previous methods. 

Figure 3
Performance comparison of  the proposed method with previous methods based DT.

Figure 4
Performance comparison of  the proposed method with previous methods based on KNN.

this study. The dataset is readily accessible through Kaggle 
(https://www.kaggle.com/datasets/vikasukani/loan-eligible-dataset). The 
quantity of  dominant samples is 422 while the quantity of  minority samples 
is 192.  Since the data set employed has a sufficient number of  observations, 
it was divided into a training (80%) and a test (20%) set. This test set will stay 
unaltered in the analysis phase. We have employed the DT and KNN as a 
core classifier in our experiments. In general, we conducted three trials, 
which are described briefly below:
Trial A: Performance of  the classifiers with the imbalanced datasets (Table 
IV). 
Trial B: Comparison of  the oversampling techniques in terms of  Evaluation 
metric (Table V).
Trial C: Computational efficacy (Table VI)

Table III
Characteristics of  the loan dataset

Table III describes the features of  a loan dataset. The client-based loan 
eligibility procedure is covered in detail in the dataset. The attributes of  this 
dataset include Loan_ID, Gender, Married, Dependents, Education, 
Self_Employed, ApplicantIncome, CoapplicantIncome, LoanAmount, 
Loan_Amount_Term, Credit_History, Property_Area and Loan_Status. 
'Loan_ID' is the unique identification number for each loan, and 'Gender' 
denotes the loan applicant's gender. It might be a male or female. The 
married column represents the loan applicant's marital status while the 
feature 'Dependent' refers to the number of  ordinal dependents of  the loan 
applicant. The educational background of  the loan applicants is also included 
in the dataset's  'Education' column. 'Self-employed' signifies the loan 
applicant's employment status. 'Applicant Income' reflects the loan 

applicant's income (in thousands), while 'Coapplicant Income' denotes the 
co-applicant's income (in thousands). 'LoanAmount' refers to the loan 
amount sought (in thousands of  dollars) and 'Loan_Amount_Term' refers to 
the loan's term (in months). Credit History of  the loan applicants is also 
required which is recorded in the 'Credit_history' column. ‘Property_Area’ is 
used to represent the location type of  the loan applicant's property. 
‘Loan_Status’ is the approval status of  the loan, which is yes or no. Five of  
the attributes are of  categorical type, five are numeric, and three features are 
ordinal.

5.2 Preprocessing
Preprocessing the Loan eligibility prediction dataset entails various processes 
to organize the data for constructing predictive models. Here's a quick 
rundown of  the pre-processing processes that are often used with the Loan 
eligibility prediction dataset:
1) For numerical variables, missing values were handled using the mean or 
median, and for categorical variables, the mode.
2) Outliers were identified using IQR and addressed by  the capping 
technique.
3) The label encoder was used to transform categorical values into numerical 
values.
4) The feature Loan_ID was removed from the dataset since it is only an ID 
and does not affect the prediction of  loan status.

The dataset is now ready to utilize after preprocessing, with an 
imbalanced ratio of  2.20. However, for this empirical investigation, the 
minority class was intentionally lowered by a ratio of  4.22 to 8.45. As a 
consequence of  this elimination, three data sets for the actual data set were 
formed. The outcomes of  these assessments ought to give us a clear picture 
of  the overall impact of  the evaluation metric on both minority and majority 
groups. Every trial employed 5-fold cross-validation.

5.3 Experimental results
Trial A: Performance of  the classifiers with the imbalanced datasets.
This section presents the classifiers' performances. The dataset was first 
separated into three imbalanced ratios: 8.45, 4.22, and 2.2. Following the 
classifiers' application to these datasets, Table IV presents the classifiers' 
performance. 

 

Table IV
Result of  experiment A

In Table IV, when the Imbalanced Ratio was 8.45, the recall of  the DT was 
very poor (0.102) but its precision and accuracy were pretty excellent, 0.820 
and 0.86, respectively. This is because the frequency of  data points from the 
majority group was significantly more than the frequency of  data points from 
the minority group. However, the lower F-measure (0.181) and G-mean 
(0.353) values indicate that the accuracy of  the minority class is relatively 
poor, and the classifier failed to perform well at all on minority and majority 
class data. Except for poor precision (0.684) and accuracy (0.59), the same 
situation was provided in the case of  KNN. These are the result of  having 
the fewest number of  nearest neighbors (k=5). 

When the IR is 4.22 then the value F-measure and G-mean of  both 
classifiers were increased, indicating that the outcomes of  the models were 
marginally enhanced.

In case of  the original dataset having IR of  2.2 then the score of  the 
F-measure and G-mean for both classifiers were increased but the 
performance remains unsatisfactory. Following these studies, three 
oversampling approaches were applied to the original dataset with an IR of  
2.2 and recorded the performance of  the base classifiers in Table V. 

Trial B: Comparison of  the oversampling techniques in terms of  
Evaluation metric 

Following the documentation of  the classifiers' performance on the 
imbalanced data sets, the original dataset with an IR of  2.2 underwent three 
oversampling techniques. The experiments were done using 5-fold 
cross-validation and the average accuracy is recorded in Table V.
Table V 
Result of  experiment B

From both figures, it has been observed that in both cases the proposed 
algorithm works well.
Experiment C: Computational Efficiency 

To assess the computational effectiveness of  each classifier, we utilized 
the average running time of  five runs. The decision tree was pruned using the 
cost complexity pruning approach. As a result, the depth of  the tree was 
lowered which reduced the running time. When it comes to the K-Nearest 
Neighbor, additional time was required to obtain the best value of  k. Table 
VI demonstrates the average running time of  the classifiers employing three 
oversampling strategies.

Table VI
Average running time of  the methods(sec)

Table VI shows that the proposed model takes less time than the previous 
model for completing the 5-fold cross-validation. Figure 5 and Figure 6 show 
the comparison of  the run time of  the proposed method against previous 
methods. In both cases,  KNN_proposed method takes less time than 
KNN_SMOTE and KNN_WBOT and the DT_proposed method takes less 
time than DT_SMOTE and DT_WBOT. That is, the average run time of  the 
proposed method require less time than that of  others.

 

Figure 5
Comparison of  the run time of  the proposed method with other methods based on DT.

Figure 6
Comparison of  the run time of  the proposed method with other methods based on KNN.

6. Conclusion
The suggested solution eliminates the class imbalance problem of  a loan 
dataset through a series of  phases. First, an unlabeled dataset is created by 
combining all possible combinations of  the unique value of  each attribute. 
Fuzzy C means assigns membership values to each sample. The minority 
samples are chosen based on their membership values. The artificially 
generated data points representing the minority class are then merged into 
the original dataset. The modified dataset is then tested for performance and 
accuracy using two well-known classifiers, Decision Tree (DT) and 
K-Nearest Neighbours (KNN). Utilizing appropriate metrics like accuracy, 
F-measure, G-mean, and other pertinent estimates, the effectiveness of  the 
classifiers is evaluated. To prove the recommended method's effectiveness, 
its performance is contrasted with that of  two popular oversampling 
techniques, SMOTE and WBOT. According to the study's findings, SMOTE 
and WBOT are not as effective as the suggested oversampling strategy. This 
demonstrates that the FCM-based approach provides a more effective way 
of  coping with imbalanced data sets and boosts the classifiers' overall 
accuracy and predictive ability. To ensure that the provided method can be 
used for large datasets without a lot of  computational overhead, the 
computational efficiency of  the method is also evaluated. Using a wider 
variety of  credit datasets with various sets of  imbalanced ratios, future 
studies could examine the generalizability and efficacy of  the proposed 
methods in other contexts.
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In Table V, although SMOTE and WBOT performed equally in terms of  
F-measure and G-mean, SMOTE's average accuracy was somewhat higher 
than WBOT's. Because the number of  majority classes in WBOT is always 
larger than the number of  minority classes. However, all performance 
metrics show that the accuracy of  the minority group grew greatly, whereas 
the accuracy of  the majority class's accuracy declined in SMOTE due to the 
issue of  noisy data (Bunkhumpornpat, Sinapiromsaran, & Lursinsap, 2009). 
Furthermore, Table V demonstrates that the suggested model's average 
Accuracy, F-measure, and G-mean were greater than those of  SMOTE and 
WBOT. The findings show that this strategy worked well for oversampling 
an imbalanced data set. 

The high score of  G-mean implies that the classifier works well on the 
data of  minority and majority groups. Furthermore, a high F-measure value 
signifies greater accuracy in the minority class.
Figure 3 and Figure 4 compare the performance of  the proposed method 
against previous methods. 

Figure 3
Performance comparison of  the proposed method with previous methods based DT.

Figure 4
Performance comparison of  the proposed method with previous methods based on KNN.

this study. The dataset is readily accessible through Kaggle 
(https://www.kaggle.com/datasets/vikasukani/loan-eligible-dataset). The 
quantity of  dominant samples is 422 while the quantity of  minority samples 
is 192.  Since the data set employed has a sufficient number of  observations, 
it was divided into a training (80%) and a test (20%) set. This test set will stay 
unaltered in the analysis phase. We have employed the DT and KNN as a 
core classifier in our experiments. In general, we conducted three trials, 
which are described briefly below:
Trial A: Performance of  the classifiers with the imbalanced datasets (Table 
IV). 
Trial B: Comparison of  the oversampling techniques in terms of  Evaluation 
metric (Table V).
Trial C: Computational efficacy (Table VI)

Table III
Characteristics of  the loan dataset

Table III describes the features of  a loan dataset. The client-based loan 
eligibility procedure is covered in detail in the dataset. The attributes of  this 
dataset include Loan_ID, Gender, Married, Dependents, Education, 
Self_Employed, ApplicantIncome, CoapplicantIncome, LoanAmount, 
Loan_Amount_Term, Credit_History, Property_Area and Loan_Status. 
'Loan_ID' is the unique identification number for each loan, and 'Gender' 
denotes the loan applicant's gender. It might be a male or female. The 
married column represents the loan applicant's marital status while the 
feature 'Dependent' refers to the number of  ordinal dependents of  the loan 
applicant. The educational background of  the loan applicants is also included 
in the dataset's  'Education' column. 'Self-employed' signifies the loan 
applicant's employment status. 'Applicant Income' reflects the loan 

applicant's income (in thousands), while 'Coapplicant Income' denotes the 
co-applicant's income (in thousands). 'LoanAmount' refers to the loan 
amount sought (in thousands of  dollars) and 'Loan_Amount_Term' refers to 
the loan's term (in months). Credit History of  the loan applicants is also 
required which is recorded in the 'Credit_history' column. ‘Property_Area’ is 
used to represent the location type of  the loan applicant's property. 
‘Loan_Status’ is the approval status of  the loan, which is yes or no. Five of  
the attributes are of  categorical type, five are numeric, and three features are 
ordinal.

5.2 Preprocessing
Preprocessing the Loan eligibility prediction dataset entails various processes 
to organize the data for constructing predictive models. Here's a quick 
rundown of  the pre-processing processes that are often used with the Loan 
eligibility prediction dataset:
1) For numerical variables, missing values were handled using the mean or 
median, and for categorical variables, the mode.
2) Outliers were identified using IQR and addressed by  the capping 
technique.
3) The label encoder was used to transform categorical values into numerical 
values.
4) The feature Loan_ID was removed from the dataset since it is only an ID 
and does not affect the prediction of  loan status.

The dataset is now ready to utilize after preprocessing, with an 
imbalanced ratio of  2.20. However, for this empirical investigation, the 
minority class was intentionally lowered by a ratio of  4.22 to 8.45. As a 
consequence of  this elimination, three data sets for the actual data set were 
formed. The outcomes of  these assessments ought to give us a clear picture 
of  the overall impact of  the evaluation metric on both minority and majority 
groups. Every trial employed 5-fold cross-validation.

5.3 Experimental results
Trial A: Performance of  the classifiers with the imbalanced datasets.
This section presents the classifiers' performances. The dataset was first 
separated into three imbalanced ratios: 8.45, 4.22, and 2.2. Following the 
classifiers' application to these datasets, Table IV presents the classifiers' 
performance. 

 

Table IV
Result of  experiment A

In Table IV, when the Imbalanced Ratio was 8.45, the recall of  the DT was 
very poor (0.102) but its precision and accuracy were pretty excellent, 0.820 
and 0.86, respectively. This is because the frequency of  data points from the 
majority group was significantly more than the frequency of  data points from 
the minority group. However, the lower F-measure (0.181) and G-mean 
(0.353) values indicate that the accuracy of  the minority class is relatively 
poor, and the classifier failed to perform well at all on minority and majority 
class data. Except for poor precision (0.684) and accuracy (0.59), the same 
situation was provided in the case of  KNN. These are the result of  having 
the fewest number of  nearest neighbors (k=5). 

When the IR is 4.22 then the value F-measure and G-mean of  both 
classifiers were increased, indicating that the outcomes of  the models were 
marginally enhanced.

In case of  the original dataset having IR of  2.2 then the score of  the 
F-measure and G-mean for both classifiers were increased but the 
performance remains unsatisfactory. Following these studies, three 
oversampling approaches were applied to the original dataset with an IR of  
2.2 and recorded the performance of  the base classifiers in Table V. 

Trial B: Comparison of  the oversampling techniques in terms of  
Evaluation metric 

Following the documentation of  the classifiers' performance on the 
imbalanced data sets, the original dataset with an IR of  2.2 underwent three 
oversampling techniques. The experiments were done using 5-fold 
cross-validation and the average accuracy is recorded in Table V.
Table V 
Result of  experiment B

From both figures, it has been observed that in both cases the proposed 
algorithm works well.
Experiment C: Computational Efficiency 

To assess the computational effectiveness of  each classifier, we utilized 
the average running time of  five runs. The decision tree was pruned using the 
cost complexity pruning approach. As a result, the depth of  the tree was 
lowered which reduced the running time. When it comes to the K-Nearest 
Neighbor, additional time was required to obtain the best value of  k. Table 
VI demonstrates the average running time of  the classifiers employing three 
oversampling strategies.

Table VI
Average running time of  the methods(sec)

Table VI shows that the proposed model takes less time than the previous 
model for completing the 5-fold cross-validation. Figure 5 and Figure 6 show 
the comparison of  the run time of  the proposed method against previous 
methods. In both cases,  KNN_proposed method takes less time than 
KNN_SMOTE and KNN_WBOT and the DT_proposed method takes less 
time than DT_SMOTE and DT_WBOT. That is, the average run time of  the 
proposed method require less time than that of  others.

 

Figure 5
Comparison of  the run time of  the proposed method with other methods based on DT.

Figure 6
Comparison of  the run time of  the proposed method with other methods based on KNN.

6. Conclusion
The suggested solution eliminates the class imbalance problem of  a loan 
dataset through a series of  phases. First, an unlabeled dataset is created by 
combining all possible combinations of  the unique value of  each attribute. 
Fuzzy C means assigns membership values to each sample. The minority 
samples are chosen based on their membership values. The artificially 
generated data points representing the minority class are then merged into 
the original dataset. The modified dataset is then tested for performance and 
accuracy using two well-known classifiers, Decision Tree (DT) and 
K-Nearest Neighbours (KNN). Utilizing appropriate metrics like accuracy, 
F-measure, G-mean, and other pertinent estimates, the effectiveness of  the 
classifiers is evaluated. To prove the recommended method's effectiveness, 
its performance is contrasted with that of  two popular oversampling 
techniques, SMOTE and WBOT. According to the study's findings, SMOTE 
and WBOT are not as effective as the suggested oversampling strategy. This 
demonstrates that the FCM-based approach provides a more effective way 
of  coping with imbalanced data sets and boosts the classifiers' overall 
accuracy and predictive ability. To ensure that the provided method can be 
used for large datasets without a lot of  computational overhead, the 
computational efficiency of  the method is also evaluated. Using a wider 
variety of  credit datasets with various sets of  imbalanced ratios, future 
studies could examine the generalizability and efficacy of  the proposed 
methods in other contexts.
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In Table V, although SMOTE and WBOT performed equally in terms of  
F-measure and G-mean, SMOTE's average accuracy was somewhat higher 
than WBOT's. Because the number of  majority classes in WBOT is always 
larger than the number of  minority classes. However, all performance 
metrics show that the accuracy of  the minority group grew greatly, whereas 
the accuracy of  the majority class's accuracy declined in SMOTE due to the 
issue of  noisy data (Bunkhumpornpat, Sinapiromsaran, & Lursinsap, 2009). 
Furthermore, Table V demonstrates that the suggested model's average 
Accuracy, F-measure, and G-mean were greater than those of  SMOTE and 
WBOT. The findings show that this strategy worked well for oversampling 
an imbalanced data set. 

The high score of  G-mean implies that the classifier works well on the 
data of  minority and majority groups. Furthermore, a high F-measure value 
signifies greater accuracy in the minority class.
Figure 3 and Figure 4 compare the performance of  the proposed method 
against previous methods. 

Figure 3
Performance comparison of  the proposed method with previous methods based DT.

Figure 4
Performance comparison of  the proposed method with previous methods based on KNN.

this study. The dataset is readily accessible through Kaggle 
(https://www.kaggle.com/datasets/vikasukani/loan-eligible-dataset). The 
quantity of  dominant samples is 422 while the quantity of  minority samples 
is 192.  Since the data set employed has a sufficient number of  observations, 
it was divided into a training (80%) and a test (20%) set. This test set will stay 
unaltered in the analysis phase. We have employed the DT and KNN as a 
core classifier in our experiments. In general, we conducted three trials, 
which are described briefly below:
Trial A: Performance of  the classifiers with the imbalanced datasets (Table 
IV). 
Trial B: Comparison of  the oversampling techniques in terms of  Evaluation 
metric (Table V).
Trial C: Computational efficacy (Table VI)

Table III
Characteristics of  the loan dataset

Table III describes the features of  a loan dataset. The client-based loan 
eligibility procedure is covered in detail in the dataset. The attributes of  this 
dataset include Loan_ID, Gender, Married, Dependents, Education, 
Self_Employed, ApplicantIncome, CoapplicantIncome, LoanAmount, 
Loan_Amount_Term, Credit_History, Property_Area and Loan_Status. 
'Loan_ID' is the unique identification number for each loan, and 'Gender' 
denotes the loan applicant's gender. It might be a male or female. The 
married column represents the loan applicant's marital status while the 
feature 'Dependent' refers to the number of  ordinal dependents of  the loan 
applicant. The educational background of  the loan applicants is also included 
in the dataset's  'Education' column. 'Self-employed' signifies the loan 
applicant's employment status. 'Applicant Income' reflects the loan 

applicant's income (in thousands), while 'Coapplicant Income' denotes the 
co-applicant's income (in thousands). 'LoanAmount' refers to the loan 
amount sought (in thousands of  dollars) and 'Loan_Amount_Term' refers to 
the loan's term (in months). Credit History of  the loan applicants is also 
required which is recorded in the 'Credit_history' column. ‘Property_Area’ is 
used to represent the location type of  the loan applicant's property. 
‘Loan_Status’ is the approval status of  the loan, which is yes or no. Five of  
the attributes are of  categorical type, five are numeric, and three features are 
ordinal.

5.2 Preprocessing
Preprocessing the Loan eligibility prediction dataset entails various processes 
to organize the data for constructing predictive models. Here's a quick 
rundown of  the pre-processing processes that are often used with the Loan 
eligibility prediction dataset:
1) For numerical variables, missing values were handled using the mean or 
median, and for categorical variables, the mode.
2) Outliers were identified using IQR and addressed by  the capping 
technique.
3) The label encoder was used to transform categorical values into numerical 
values.
4) The feature Loan_ID was removed from the dataset since it is only an ID 
and does not affect the prediction of  loan status.

The dataset is now ready to utilize after preprocessing, with an 
imbalanced ratio of  2.20. However, for this empirical investigation, the 
minority class was intentionally lowered by a ratio of  4.22 to 8.45. As a 
consequence of  this elimination, three data sets for the actual data set were 
formed. The outcomes of  these assessments ought to give us a clear picture 
of  the overall impact of  the evaluation metric on both minority and majority 
groups. Every trial employed 5-fold cross-validation.

5.3 Experimental results
Trial A: Performance of  the classifiers with the imbalanced datasets.
This section presents the classifiers' performances. The dataset was first 
separated into three imbalanced ratios: 8.45, 4.22, and 2.2. Following the 
classifiers' application to these datasets, Table IV presents the classifiers' 
performance. 

 

Table IV
Result of  experiment A

In Table IV, when the Imbalanced Ratio was 8.45, the recall of  the DT was 
very poor (0.102) but its precision and accuracy were pretty excellent, 0.820 
and 0.86, respectively. This is because the frequency of  data points from the 
majority group was significantly more than the frequency of  data points from 
the minority group. However, the lower F-measure (0.181) and G-mean 
(0.353) values indicate that the accuracy of  the minority class is relatively 
poor, and the classifier failed to perform well at all on minority and majority 
class data. Except for poor precision (0.684) and accuracy (0.59), the same 
situation was provided in the case of  KNN. These are the result of  having 
the fewest number of  nearest neighbors (k=5). 

When the IR is 4.22 then the value F-measure and G-mean of  both 
classifiers were increased, indicating that the outcomes of  the models were 
marginally enhanced.

In case of  the original dataset having IR of  2.2 then the score of  the 
F-measure and G-mean for both classifiers were increased but the 
performance remains unsatisfactory. Following these studies, three 
oversampling approaches were applied to the original dataset with an IR of  
2.2 and recorded the performance of  the base classifiers in Table V. 

Trial B: Comparison of  the oversampling techniques in terms of  
Evaluation metric 

Following the documentation of  the classifiers' performance on the 
imbalanced data sets, the original dataset with an IR of  2.2 underwent three 
oversampling techniques. The experiments were done using 5-fold 
cross-validation and the average accuracy is recorded in Table V.
Table V 
Result of  experiment B

From both figures, it has been observed that in both cases the proposed 
algorithm works well.
Experiment C: Computational Efficiency 

To assess the computational effectiveness of  each classifier, we utilized 
the average running time of  five runs. The decision tree was pruned using the 
cost complexity pruning approach. As a result, the depth of  the tree was 
lowered which reduced the running time. When it comes to the K-Nearest 
Neighbor, additional time was required to obtain the best value of  k. Table 
VI demonstrates the average running time of  the classifiers employing three 
oversampling strategies.

Table VI
Average running time of  the methods(sec)

Table VI shows that the proposed model takes less time than the previous 
model for completing the 5-fold cross-validation. Figure 5 and Figure 6 show 
the comparison of  the run time of  the proposed method against previous 
methods. In both cases,  KNN_proposed method takes less time than 
KNN_SMOTE and KNN_WBOT and the DT_proposed method takes less 
time than DT_SMOTE and DT_WBOT. That is, the average run time of  the 
proposed method require less time than that of  others.

 

Figure 5
Comparison of  the run time of  the proposed method with other methods based on DT.

Figure 6
Comparison of  the run time of  the proposed method with other methods based on KNN.

6. Conclusion
The suggested solution eliminates the class imbalance problem of  a loan 
dataset through a series of  phases. First, an unlabeled dataset is created by 
combining all possible combinations of  the unique value of  each attribute. 
Fuzzy C means assigns membership values to each sample. The minority 
samples are chosen based on their membership values. The artificially 
generated data points representing the minority class are then merged into 
the original dataset. The modified dataset is then tested for performance and 
accuracy using two well-known classifiers, Decision Tree (DT) and 
K-Nearest Neighbours (KNN). Utilizing appropriate metrics like accuracy, 
F-measure, G-mean, and other pertinent estimates, the effectiveness of  the 
classifiers is evaluated. To prove the recommended method's effectiveness, 
its performance is contrasted with that of  two popular oversampling 
techniques, SMOTE and WBOT. According to the study's findings, SMOTE 
and WBOT are not as effective as the suggested oversampling strategy. This 
demonstrates that the FCM-based approach provides a more effective way 
of  coping with imbalanced data sets and boosts the classifiers' overall 
accuracy and predictive ability. To ensure that the provided method can be 
used for large datasets without a lot of  computational overhead, the 
computational efficiency of  the method is also evaluated. Using a wider 
variety of  credit datasets with various sets of  imbalanced ratios, future 
studies could examine the generalizability and efficacy of  the proposed 
methods in other contexts.
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1. Introduction
A broad family of human RNA viruses known as COVID-19 
(SARS-CoV-2) can stain both humans and animals, causing in disorders of 
the respiratory, digestive, hepatic, and nervous systems (Weiss, & Leibowitz, 
2011). After erupting in Wuhan, Hubei Province, China, in 2019, due to its 
severe symptoms and life-threatening consequences that required 
hospitalization, it spread all over the world. The number of deaths from it 

around the world was really high (Chopra, Flanders, O’Malley, Malani, & 
Prescott, 2021; Kordzadeh, & Saadatabadi, 2022; Zhu et. al., 2020). Patients 
who are infected with COVID-19 may have symptoms such as fever, 
coughing, breathing issues, and organ failures. At extreme levels, COVID-19 
can cause death and hence pose a threat to society as a whole (Chen et. al., 
2007). In a study in China, older age, greater D-Dimer levels, and a higher 
sequence of organ failure evaluation score were regarded to be risk variables 
for COVID-19 mortality (Zhou et al., 2020). Recently invented CoVs are a 
major threat to human health worldwide. Three significant CoV pandemic 
outbreaks have occurred in the last 20 years; the most recent was COVID-19 
(Munster, Koopmans, van Doremalen, van Riel & de Wit, 2020). 
Internationally, WHO first declared this a health crisis on January 31, 2020, 
and again on March 11, 2020, they labeled it a pandemic because of the 
seriousness in this epidemic and its potential to spread globally. Since there 
are currently no licensed vaccines or particular antiviral medications for 
combating human CoV infections, we are unable to manage “COVID-19” 
effectively (Zhou et al., 2020; Pillaiyar, Meenakshisundaram, & Manickam, 
2020). By adopting preventive and control measures, many countries are 
currently striving to halt the further spread of this potentially lethal virus. The 
COVID-19 virus is comprised of a diverse variety of viruses and can infect a 
broad range of animals, like as imposing “cytokine storm syndrome (CSS)” 
(Huang et. al., 2020; Mehta et. al, 2020). Six CoVs, comprising human 
SARS-CoV, MERS-CoV, CoV-229E (HCoV-229E), HCoV-NL63, 
HCoV-OC43, and HCoV-HKU1 were known to vitiate people up to 2020. 
In contempt of the fact that MERS-CoV and SARS-CoV have caused 
outbreaks with significant mortality, other viruses are still associated with 
relatively minor upper tract infections in respiratory ( Wei, Li, & Cui, 2020; 
Zhu et. al., 2020). It varies from earlier coronaviruses reported and has strong 
evidence when comparing to Middle Eastern respiratory syndrome (Chen et. 
al., 2021; Nayeem et. al., 2021). The genetic code, receptor usage, and basic 
virology of COVID-19 were all documented in a number of scientific works, 
which helped to determine the factors that raise mortality risk. Every nation 
in the earth has seen escalating rates of death and deadly health issues as a 
result of improper medicine use. As a result, every area of social, financial, 
educational, environmental, and tourism growth has been hindered (Azad, 
Islam, Chowdhury, & Kabir, 2022; Hu, Guo, Zhou, & Shi, 2021). The spike 
proteins of “SARS-CoV-2” can be used as atypical target for creating 
pan-sarbecovirus vaccines or variant-proof “SARS-CoV-2” vaccines. Most 
of the COVID-19 vaccines now under investigation still target the 
recently-emerging variations, or RBD proteins, or they incorporate RBDs 

from diverging sarbecoviruses (Cohen et. al., 2022; Peng, & Fu, 2023). It is 
essential to identify, manufacture, and employ antiviral drugs that are 
effective at combating this disease. In this regard, different investigations 
showed the in-silico testing  of pharmaceutical medications against 
“SARS-CoV-2”. When given to “COVID-19” patients (among the 202 
treated participants), several antibiotics, including the heterocyclic 
Molnupiravir (1a, Figure 1) and Remdesivir (1b, Figure 1), were found to 
lower the probability of death for patients who had moderate symptoms 
(Azad, Islam, Chowdhury, & Kabir, 2022; Fischer et. al., 2021). 
Thiadiazolo-pyrimidine derivatives (1c), which have a heterocycle moiety, 
prevent “SARS-COV-2” proliferation on human cells at quite lower 
concentrations (against 5TL6 protease) (Mohammadian, & Monajjemi, 2021). 
Moreover, a number of synthetic molecules with heterocyclic moieties are 
widely recognized for their potential to be anti-COVID-19, including pyrazole 
(1e) and pyrazole-fused pyrimidinone acid (1d) (Horchani et. al., 2022).

Figure 1
Anti-SARS-CoV-2 drugs containing heterocycle unit(s) (Azad, A. K. M. S., Islam, M. N., Chowdhury, 
M. A. I., & Kabir, E., 2022; Horchani, M., Heise, N. V., Csuk, R., Ben Jannet, H., Harrath, A. H., 
& Romdhane, A., 2022).

In recent years, a novel series of 3,5-isoxazole linkage 
naphthopyranopyrimidinone (1f) was successfully synthesized (Algethami et. 
al., 2021). In this work, their results revealed that all of the compounds had 
promising binding score towards the primary proteases of COVID-19 (Mpro). 
The therapeutic benefits of these compounds against SARs-CoV-2 may be 
promising. Again, the majority of the pyrazole linked sulfonamide derivative 
(1g) was also synthesized successfully (Chalkha et. al., 2022) and displayed 
hydrophobic interactions with the key protease of SARS-CoV-2, according 
to their study of molecular docking data. The existence of hydrophobic 
interactions and stability within the target pore with a highest binding score 
in the range of -6.10 to -10.10 (kcal/mol) can both be related to the antiviral 
activity which is demonstrated by the effective interaction of the derivatives 
with the main protease of “SARS-CoV-2”.
The COVID-19 infection has yet to be effectively treated, although extensive 
testing of numerous chemical types, a few of which may positively prevent 
the epidemic. Researchers are motivated to search for novel antiviral 
formulations since this particular disease has a fatal risk of infection. In light 
of the biological potential of heterocycles and associated research (Ghasemi, 
Hasanzadeh, Abbasi, & Behzad, 2022; Muhammad, Farghaly, Althagafi, 
Al-Hussain, Zaki, & Harras, 2021; Toumi et. al., 2022), especially that 
containing isoxazole (Algethami et. al., 2021) as well as pyrazole (Roney, 
Singh, Huq, & Forid, 2023) derivatives, our goal is to further the research 
into antiviral studies against the Covid-19 scenario. In order to test whether 
these tested analogues can act as targets for the COVID-19 protease in silico, 
we used molecular docking. Additionally, an evaluation between these drugs 
and the FDA-approved antiviral drugs azithromycin,  remdesivir,  and 
hydroxychloroquine against a number of viruses with RNA has been 
developed to examine the performance of the drugs as COVID-19 
inhibitors.

2. Material and methods.
2.1. Heterocyclic derivatives: isoxazoles (2-4) and pyrazoles (5-7).
Six heterocyclic derivatives (2–7) were chosen for the anti-COVID-19 
potentiality investigation, and Figure 2 shows their structures. These 
compounds have already been synthesized from various chalcones, and a 
research group has also characterized them using TLC technique, elemental 
analysis, vibrational, and proton-nmr spectroscopy (Dangi, Chundawat, & 
Ameta, 2014). The phenyl (Ph) group substitutes for C-3 H in all of these 
heterocyclic derivatives, while C-5 H is also replaced by PhMe, PhCl, and 
PhNO2 in the isoxazole analogue (2-4) as well as pyrazole analogues (5-7), 
respectively.

Figure 2
Structures of heterocyclic derivatives: isoxazoles (2-4) and pyrazoles (5-7).

2.2. DFT based optimization
From the online structure database PubChem, the basic geometries for 
azithromycin (CID 447043), hydroxychloroquine (HCQ) (CID 3652), and 
remdesivir (CID 121304016) was collected (Kim et. al., 2016). By using 
Gauss View (5.0) program, the required molecules 2–7 were generated 
(Frisch et. al., 2009). All compounds were performed to structural 
optimization after being saved individually. All geometries were optimized 
also, which took many days in a Intel(R), core i5-6200U CPU, 2.40 GHz, 
RAM 8GB laptop, using density “functional theory (DFT)” level (Geerlings, 
De Proft, & Langenaeker, 2003; Halls, Velkovski, & Schlegel, 2001; London, 
1937) as well as B3LYP 6-31G+ (Lu, Hu, Hou, & Wang, 2013; Lu, 2020; 
Jorgensen, 2008 & Tirado-Rives, & Jorgensen, 2008). After optimization, all 
structures were stored and used properly during molecular docking (Figure 
3). In particular, optimized molecules will have more accurate docking scores 
than non-optimized molecules.

2.3. Methods for the preparation of protein, molecular docking, and 
nonbonding interaction calculation.
Molecular docking (MD) algorithms are used to forecast the conformational 
binding affinity and interactions between both the ligands and active sites of 
proteins. Over the past 40 years, various molecular docking software systems 
(i.e., AutoDock, AutoDock Vina, MoE-Dock, UCSF DOCK etc.) have been 
developed. Various well-known programs are still in use today, enabling 
scientists to investigate how various compounds interact among themselves 
(Temml, & Kutil, 2021). Docking was completed on the optimal structures 
2-7  (detailed in section 2.1). Using the RCSB proteins data library, two 

significant proteases, 7BQY and 6LU7, as well as their three-dimensional 
crystal frame were acquired in pdb format (Azad, Islam, Chowdhury, & 
Kabir, 2022). Water and superfluous heteroatoms from 7BQY  and 6LU7 
were removed by PyMOL (Version 1.7.4), and the files also exported in pdb 
format (Bryan, 1987). The Swiss PDB program (version 4.1.0) was used to 
minimize each ligand's energy (Wang, Wolf, Caldwell, Kollman, & Case, 
2004). We carried out molecular docking using all drugs and proteins in 
acceptable formats using autodock vina of PyRx (Version 0.8) (Harrach, & 
Drossel, 2014). Both ligands and proteins were loaded for auto docking after 
the box size was set to the maximum dimension  (according to software 
command). The requisite non-bond interactions (NBI) were determined 
when docked complexes were searched for in Discovery Studio 4.1(client) 
(Krieger, Nielsen, Spronk, & Vriend, 2006).

3. Results and discussion
3.1. Optimized heterocyclic derivatives: isoxazoles (2-4) and pyrazoles (5-7)
At first, the structures of these heterocyclic analogues 2–7 were determined. 
These molecules have almost identical symmetry, based on their optimal 
structures. As an outcome, we examined the conformations of these 
heterocyclic derivatives from their optimized structures. These enhanced 
stable structures establish a base for all subsequent computer-aided studies. 
The biological behavior of chemicals is greatly inveigled by their shape, 
conformation, as well as interactions with receptor proteins (Islam, Rahman, 
& Matin, 2021). According to the study's findings, heterocyclic derivatives 
2–7 had better binding characteristics with the two primary "SARS-CoV-2" 
proteases (7BQY and 6LU7). In contrast to the other evaluated derivatives 
(2–6) and conventional medications, analog 7 shows better affinity ratings 
with both 7BQY and 6LU7. As shown in Figure 3, isoxazole and pyrazole 
derivatives 2-7, containing a five-membered ring with adjacent nitrogen and 
oxygen (2-4) or two nearby nitrogen atoms (5-7) in their structures 
respectively, has been hypothesized as a strong possibility in the 
pharmacological setting among aromatic heterocycle rings. Due to the 
occurrence of these moieties in many natural substances, they are intriguing 
therapeutic targets that cover a broad spectrum of biochemical activities 
(Kabi et. al., 2022).
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1. Introduction
A broad family of human RNA viruses known as COVID-19 
(SARS-CoV-2) can stain both humans and animals, causing in disorders of 
the respiratory, digestive, hepatic, and nervous systems (Weiss, & Leibowitz, 
2011). After erupting in Wuhan, Hubei Province, China, in 2019, due to its 
severe symptoms and life-threatening consequences that required 
hospitalization, it spread all over the world. The number of deaths from it 

around the world was really high (Chopra, Flanders, O’Malley, Malani, & 
Prescott, 2021; Kordzadeh, & Saadatabadi, 2022; Zhu et. al., 2020). Patients 
who are infected with COVID-19 may have symptoms such as fever, 
coughing, breathing issues, and organ failures. At extreme levels, COVID-19 
can cause death and hence pose a threat to society as a whole (Chen et. al., 
2007). In a study in China, older age, greater D-Dimer levels, and a higher 
sequence of organ failure evaluation score were regarded to be risk variables 
for COVID-19 mortality (Zhou et al., 2020). Recently invented CoVs are a 
major threat to human health worldwide. Three significant CoV pandemic 
outbreaks have occurred in the last 20 years; the most recent was COVID-19 
(Munster, Koopmans, van Doremalen, van Riel & de Wit, 2020). 
Internationally, WHO first declared this a health crisis on January 31, 2020, 
and again on March 11, 2020, they labeled it a pandemic because of the 
seriousness in this epidemic and its potential to spread globally. Since there 
are currently no licensed vaccines or particular antiviral medications for 
combating human CoV infections, we are unable to manage “COVID-19” 
effectively (Zhou et al., 2020; Pillaiyar, Meenakshisundaram, & Manickam, 
2020). By adopting preventive and control measures, many countries are 
currently striving to halt the further spread of this potentially lethal virus. The 
COVID-19 virus is comprised of a diverse variety of viruses and can infect a 
broad range of animals, like as imposing “cytokine storm syndrome (CSS)” 
(Huang et. al., 2020; Mehta et. al, 2020). Six CoVs, comprising human 
SARS-CoV, MERS-CoV, CoV-229E (HCoV-229E), HCoV-NL63, 
HCoV-OC43, and HCoV-HKU1 were known to vitiate people up to 2020. 
In contempt of the fact that MERS-CoV and SARS-CoV have caused 
outbreaks with significant mortality, other viruses are still associated with 
relatively minor upper tract infections in respiratory ( Wei, Li, & Cui, 2020; 
Zhu et. al., 2020). It varies from earlier coronaviruses reported and has strong 
evidence when comparing to Middle Eastern respiratory syndrome (Chen et. 
al., 2021; Nayeem et. al., 2021). The genetic code, receptor usage, and basic 
virology of COVID-19 were all documented in a number of scientific works, 
which helped to determine the factors that raise mortality risk. Every nation 
in the earth has seen escalating rates of death and deadly health issues as a 
result of improper medicine use. As a result, every area of social, financial, 
educational, environmental, and tourism growth has been hindered (Azad, 
Islam, Chowdhury, & Kabir, 2022; Hu, Guo, Zhou, & Shi, 2021). The spike 
proteins of “SARS-CoV-2” can be used as atypical target for creating 
pan-sarbecovirus vaccines or variant-proof “SARS-CoV-2” vaccines. Most 
of the COVID-19 vaccines now under investigation still target the 
recently-emerging variations, or RBD proteins, or they incorporate RBDs 

from diverging sarbecoviruses (Cohen et. al., 2022; Peng, & Fu, 2023). It is 
essential to identify, manufacture, and employ antiviral drugs that are 
effective at combating this disease. In this regard, different investigations 
showed the in-silico testing  of pharmaceutical medications against 
“SARS-CoV-2”. When given to “COVID-19” patients (among the 202 
treated participants), several antibiotics, including the heterocyclic 
Molnupiravir (1a, Figure 1) and Remdesivir (1b, Figure 1), were found to 
lower the probability of death for patients who had moderate symptoms 
(Azad, Islam, Chowdhury, & Kabir, 2022; Fischer et. al., 2021). 
Thiadiazolo-pyrimidine derivatives (1c), which have a heterocycle moiety, 
prevent “SARS-COV-2” proliferation on human cells at quite lower 
concentrations (against 5TL6 protease) (Mohammadian, & Monajjemi, 2021). 
Moreover, a number of synthetic molecules with heterocyclic moieties are 
widely recognized for their potential to be anti-COVID-19, including pyrazole 
(1e) and pyrazole-fused pyrimidinone acid (1d) (Horchani et. al., 2022).

Figure 1
Anti-SARS-CoV-2 drugs containing heterocycle unit(s) (Azad, A. K. M. S., Islam, M. N., Chowdhury, 
M. A. I., & Kabir, E., 2022; Horchani, M., Heise, N. V., Csuk, R., Ben Jannet, H., Harrath, A. H., 
& Romdhane, A., 2022).

In recent years, a novel series of 3,5-isoxazole linkage 
naphthopyranopyrimidinone (1f) was successfully synthesized (Algethami et. 
al., 2021). In this work, their results revealed that all of the compounds had 
promising binding score towards the primary proteases of COVID-19 (Mpro). 
The therapeutic benefits of these compounds against SARs-CoV-2 may be 
promising. Again, the majority of the pyrazole linked sulfonamide derivative 
(1g) was also synthesized successfully (Chalkha et. al., 2022) and displayed 
hydrophobic interactions with the key protease of SARS-CoV-2, according 
to their study of molecular docking data. The existence of hydrophobic 
interactions and stability within the target pore with a highest binding score 
in the range of -6.10 to -10.10 (kcal/mol) can both be related to the antiviral 
activity which is demonstrated by the effective interaction of the derivatives 
with the main protease of “SARS-CoV-2”.
The COVID-19 infection has yet to be effectively treated, although extensive 
testing of numerous chemical types, a few of which may positively prevent 
the epidemic. Researchers are motivated to search for novel antiviral 
formulations since this particular disease has a fatal risk of infection. In light 
of the biological potential of heterocycles and associated research (Ghasemi, 
Hasanzadeh, Abbasi, & Behzad, 2022; Muhammad, Farghaly, Althagafi, 
Al-Hussain, Zaki, & Harras, 2021; Toumi et. al., 2022), especially that 
containing isoxazole (Algethami et. al., 2021) as well as pyrazole (Roney, 
Singh, Huq, & Forid, 2023) derivatives, our goal is to further the research 
into antiviral studies against the Covid-19 scenario. In order to test whether 
these tested analogues can act as targets for the COVID-19 protease in silico, 
we used molecular docking. Additionally, an evaluation between these drugs 
and the FDA-approved antiviral drugs azithromycin,  remdesivir,  and 
hydroxychloroquine against a number of viruses with RNA has been 
developed to examine the performance of the drugs as COVID-19 
inhibitors.

2. Material and methods.
2.1. Heterocyclic derivatives: isoxazoles (2-4) and pyrazoles (5-7).
Six heterocyclic derivatives (2–7) were chosen for the anti-COVID-19 
potentiality investigation, and Figure 2 shows their structures. These 
compounds have already been synthesized from various chalcones, and a 
research group has also characterized them using TLC technique, elemental 
analysis, vibrational, and proton-nmr spectroscopy (Dangi, Chundawat, & 
Ameta, 2014). The phenyl (Ph) group substitutes for C-3 H in all of these 
heterocyclic derivatives, while C-5 H is also replaced by PhMe, PhCl, and 
PhNO2 in the isoxazole analogue (2-4) as well as pyrazole analogues (5-7), 
respectively.

Figure 2
Structures of heterocyclic derivatives: isoxazoles (2-4) and pyrazoles (5-7).

2.2. DFT based optimization
From the online structure database PubChem, the basic geometries for 
azithromycin (CID 447043), hydroxychloroquine (HCQ) (CID 3652), and 
remdesivir (CID 121304016) was collected (Kim et. al., 2016). By using 
Gauss View (5.0) program, the required molecules 2–7 were generated 
(Frisch et. al., 2009). All compounds were performed to structural 
optimization after being saved individually. All geometries were optimized 
also, which took many days in a Intel(R), core i5-6200U CPU, 2.40 GHz, 
RAM 8GB laptop, using density “functional theory (DFT)” level (Geerlings, 
De Proft, & Langenaeker, 2003; Halls, Velkovski, & Schlegel, 2001; London, 
1937) as well as B3LYP 6-31G+ (Lu, Hu, Hou, & Wang, 2013; Lu, 2020; 
Jorgensen, 2008 & Tirado-Rives, & Jorgensen, 2008). After optimization, all 
structures were stored and used properly during molecular docking (Figure 
3). In particular, optimized molecules will have more accurate docking scores 
than non-optimized molecules.

2.3. Methods for the preparation of protein, molecular docking, and 
nonbonding interaction calculation.
Molecular docking (MD) algorithms are used to forecast the conformational 
binding affinity and interactions between both the ligands and active sites of 
proteins. Over the past 40 years, various molecular docking software systems 
(i.e., AutoDock, AutoDock Vina, MoE-Dock, UCSF DOCK etc.) have been 
developed. Various well-known programs are still in use today, enabling 
scientists to investigate how various compounds interact among themselves 
(Temml, & Kutil, 2021). Docking was completed on the optimal structures 
2-7  (detailed in section 2.1). Using the RCSB proteins data library, two 

significant proteases, 7BQY and 6LU7, as well as their three-dimensional 
crystal frame were acquired in pdb format (Azad, Islam, Chowdhury, & 
Kabir, 2022). Water and superfluous heteroatoms from 7BQY  and 6LU7 
were removed by PyMOL (Version 1.7.4), and the files also exported in pdb 
format (Bryan, 1987). The Swiss PDB program (version 4.1.0) was used to 
minimize each ligand's energy (Wang, Wolf, Caldwell, Kollman, & Case, 
2004). We carried out molecular docking using all drugs and proteins in 
acceptable formats using autodock vina of PyRx (Version 0.8) (Harrach, & 
Drossel, 2014). Both ligands and proteins were loaded for auto docking after 
the box size was set to the maximum dimension  (according to software 
command). The requisite non-bond interactions (NBI) were determined 
when docked complexes were searched for in Discovery Studio 4.1(client) 
(Krieger, Nielsen, Spronk, & Vriend, 2006).

3. Results and discussion
3.1. Optimized heterocyclic derivatives: isoxazoles (2-4) and pyrazoles (5-7)
At first, the structures of these heterocyclic analogues 2–7 were determined. 
These molecules have almost identical symmetry, based on their optimal 
structures. As an outcome, we examined the conformations of these 
heterocyclic derivatives from their optimized structures. These enhanced 
stable structures establish a base for all subsequent computer-aided studies. 
The biological behavior of chemicals is greatly inveigled by their shape, 
conformation, as well as interactions with receptor proteins (Islam, Rahman, 
& Matin, 2021). According to the study's findings, heterocyclic derivatives 
2–7 had better binding characteristics with the two primary "SARS-CoV-2" 
proteases (7BQY and 6LU7). In contrast to the other evaluated derivatives 
(2–6) and conventional medications, analog 7 shows better affinity ratings 
with both 7BQY and 6LU7. As shown in Figure 3, isoxazole and pyrazole 
derivatives 2-7, containing a five-membered ring with adjacent nitrogen and 
oxygen (2-4) or two nearby nitrogen atoms (5-7) in their structures 
respectively, has been hypothesized as a strong possibility in the 
pharmacological setting among aromatic heterocycle rings. Due to the 
occurrence of these moieties in many natural substances, they are intriguing 
therapeutic targets that cover a broad spectrum of biochemical activities 
(Kabi et. al., 2022).


