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Abstract 

This article conducts a comparative analysis of various machine learning models in predicting credit risk 

assessment. The study aims to discern the most effective model for enhancing accuracy and efficiency in this 

domain. Leveraging a comprehensive historical credit dataset with diverse borrower attributes and credit 

performance indicators, several machine learning algorithms, including K-Nearest Neighbors, decision trees, 

support vector machines, random forests, and Naive Bayes, were rigorously evaluated. Through meticulous data 

preprocessing and feature extraction techniques, the performance of each model was assessed using key 

evaluation metrics such as accuracy, precision, and recall. The findings highlight the superior predictive 

capabilities of certain models over others in identifying credit defaults and non-performing loans, shedding light 

on nuanced variable interactions influencing credit risk. This analysis serves as a valuable guide for financial 

institutions seeking to adopt the most effective machine learning model in their credit risk assessment processes. 
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1. Background to the Study 

In recent years, the landscape of credit risk assessment has witnessed a transformative shift, spurred by 

technological advancements and the exponential growth of financial data. Notably, the integration of machine 

learning and data analytics has emerged as a pivotal force reshaping this domain [1]. Prior research by [2] 

highlights the efficacy of machine learning models in predictive analytics, highlighting their ability to discern 

complex patterns within diverse datasets. Similarly, [3] emphasize the significance of machine learning 

techniques in enhancing predictive accuracy, particularly in the realm of judicial decision-making process. The 

historical evolution of credit risk assessment traces a trajectory from trust-based systems to structured 

methodologies. Early lending practices, as observed in ancient societies, relied heavily on interpersonal 

relationships and moral character assessments [4]. However, with the evolution of economies and the surging 

demand for credit, traditional methods gave way to more structured approaches. The emergence of credit 

reporting agencies, exemplified by the pivotal role played by Dun & Bradstreet in aggregating and 

disseminating credit data, marked a significant milestone. The advent of credit scoring models in the early 20th 

century, notably the introduction of the FICO score, standardized metrics that encapsulated critical credit criteria 

[5]. This historical evolution laid the groundwork for the contemporary paradigm shift, where machine learning 

and artificial intelligence are revolutionizing credit risk assessment. These advanced technologies, by leveraging 

vast datasets and intricate pattern analysis, have significantly bolstered predictive accuracy, empowering 

financial institutions to make more informed lending decisions. Furthermore, recent studies [2][3] echo the 

momentum seen in the financial industry, emphasizing the prowess of machine learning techniques in enhancing 

predictive accuracy and reinforcing the need for precise credit risk assessment models. This paper aims to 

contribute to this evolving landscape by conducting a comprehensive comparative analysis of various machine 

learning models in predicting credit risk, providing insights into their performances and implications within the 

financial sector. The utilization of these modern approaches represents a substantial leap forward in refining 

credit risk assessment tools, aligning with an Information System perspective [6] and fostering more robust 

lending practices in the financial industry. 

2. Literature Review 

Reference [7] carried out an extensive analysis to compare the effectiveness of different machine learning 

techniques in credit risk assessment. The models they assessed included Logistic Regression, Neural Networks, 

Gradient Boosting, and Support Vector Machines. The study employed a substantial dataset comprising 

customer credit profiles and associated financial data. Their findings revealed that Gradient Boosting emerged 

as the most accurate method for credit risk assessment, closely followed by Neural Networks and Logistic 

Regression, both demonstrating commendable performance. Support Vector Machines exhibited slightly lower 

effectiveness compared to the other models. Reference [8] conducted a study comparing Support Vector 

Machines (SVM) and Naïve Bayes as classification models for credit risk assessment. They utilized a dataset 

comprising customer credit profiles, financial ratios, and loan default information. The results indicated that 

SVM outperformed Naïve Bayes in terms of accuracy and F1-score, demonstrating superior capability in 

handling non-linear relationships and achieving better predictive performance [9]. Reference [10] conducted a 

comparative analysis of credit risk assessment models, including Discriminant Analysis, Logit Regression, and 
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Probit Regression, focusing specifically on microfinance institutions. They utilized a dataset consisting of 

borrower attributes, financial ratios, and loan default information. The results demonstrated that Logit 

Regression and Probit Regression models exhibited superior accuracy and predictive power in assessing credit 

risk compared to Discriminant Analysis within the microfinance context. Reference [11] conducted a 

comprehensive comparative study on machine learning techniques for credit risk assessment on small business 

loans. They compared various models, namely Random Forest, Gradient Boosting, and AdaBoost, and utilized a 

dataset comprising borrower information, financial ratios, and loan repayment data. The findings revealed that 

Random Forest emerged as the top-performing model, surpassing other techniques in terms of accuracy and F1-

score for credit risk assessment on small business loans. Random Forest exhibited effective feature selection 

capabilities and demonstrated adeptness in handling non-linear relationships. 

Banks and financial institutions worldwide continue to refine credit risk assessment methodologies, often 

turning to machine learning models for improved accuracy and efficiency. Recent studies highlight the 

effectiveness of these models in diverse financial contexts. For instance, Reference [12] conducted a 

comparative analysis of credit risk models, including Artificial Neural Networks (ANNs), Decision Trees, and 

Ensemble methods, using a dataset comprising credit card transaction records and borrower profiles. Their 

findings revealed that Ensemble methods, particularly Gradient Boosting, exhibited superior predictive 

performance, outperforming both ANNs and Decision Trees in credit risk assessment for credit card 

transactions. In another vein, Reference [13] focused on credit risk assessment in the context of peer-to-peer 

(P2P) lending platforms. Their study compared Logistic Regression, Random Forest, and Support Vector 

Machines, utilizing a dataset encompassing borrower details and repayment histories from P2P lending 

platforms. The results indicated that Random Forest demonstrated the highest accuracy and predictive power, 

followed by Logistic Regression and Support Vector Machines, illustrating the applicability of machine learning 

models in the P2P lending domain [14]. Moreover, the evolution of credit risk assessment has seen 

advancements in model interpretability. Reference [15] delved into this aspect by comparing machine learning 

models' interpretability in credit risk assessment. Their study evaluated models such as Decision Trees, Random 

Forest, and LIME (Local Interpretable Model-agnostic Explanations) on a dataset comprising borrower 

characteristics and credit histories. Their findings emphasized the interpretability of Decision Trees and LIME, 

highlighting the significance of transparent models in explaining credit risk decisions to stakeholders [16]. 

Reference [17] conducted a comprehensive review of traditional and intelligent single classifiers in consumer 

credit risk assessment, concluding that intelligent classifiers outperform their traditional counterparts. They also 

highlighted the impact of data quality on model accuracy, particularly noting that most models are trained using 

data from approved applicants, excluding rejected ones. Furthermore, they identified profit scoring as a 

promising avenue for future research. Building on earlier work [18]. Reference [19] expanded the study of 

classification algorithms through rigorous empirical analysis. They demonstrated that heterogeneous ensemble 

models outperform other classifiers, making them the optimal choice. Their work also delved into cost-sensitive 

learning, explored the relationship between predictive accuracy and business value, and validated the area under 

the receiver operating characteristic curve (AUC) as a robust metric for evaluating prediction accuracy. 

Reference [20] reviewed mechanisms for measuring diversity in multiple classifier systems and discussed key 

topics such as cost-sensitive learning, class imbalance, dimensionality reduction, and subspace learning. They 
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also introduced various performance evaluation metrics and outlined directions for future research. 

3. Methodology 

This section outlines the systematic approach adopted to construct the predictive model which aimed at 

evaluating the creditworthiness of loan applicants through machine learning techniques. The first step was to 

source for a comprehensive dataset from the Kaggle Repository, followed by the collection of detailed applicant 

information. Subsequently, a meticulous pre-processing phase ensues, involving the removal of irrelevant 

variables, conversion of nominal data into numeric format, and meticulous handling of missing data to render 

the dataset analyzable. The classification model incorporates a selection of supervised machine learning 

algorithms known for their efficacy in credit risk prediction, including K Nearest Neighbor, Decision Tree, 

Support Vector Machine, Random Forest, and Naïve Bayes. These algorithms were chosen based on their 

demonstrated effectiveness in similar contexts. The model undergone training using a labeled dataset and was 

subjected to rigorous evaluation using accuracy, precision, recall, and F1-score as performance metrics. In order 

to ensure the model's robustness and applicability, several techniques were employed for assessment. K-fold 

cross-validation was utilized to gauge its generalizability and reliability across diverse subsets of the data. 

Additionally, the application of confusion matrix analysis contributed to a comprehensive understanding of the 

model's predictive performance and potential areas for enhancement. 

 

Figure 1: Sample of the Raw Data 

3.1 Data Preprocessing 
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Following data collection, activities in the data preprocessing were carried out using Google Colaboratory, a 

cloud-based Python Jupyter notebook provided by Google. Various Python packages were imported into the 

Jupyter notebook to aid in data importation, manipulation, and analysis. The Pandas package was imported for 

facilitating the manipulation and analysis of the collected data, which was formatted into a standardized data 

frame. The Numerical Python (NumPy) package was utilized for performing array-based data manipulation 

activities. The Matplotlib and Seaborn packages were required for facilitating various statistical graphical 

analysis and data visualization activities using graphs and charts. 

3.2 Variable Conversion 

Nominal variables in the dataset were converted before being fed into the machine learning algorithm. This 

aided in optimizing the accuracy of any algorithm used and facilitated ease of computation. The table below 

displays the variable conversions and their respective new values. 

Table 1: Variables coded with new numeric values 

Variables Old Values New 

Values 

Gender Male/Female 1/0 

Married Yes/No 1/0 

Dependents 3+ 3 

Education Graduate/Non-graduate 1/0 

Self Employed Yes/No 1/0 

Property Area Urban/rural/semi-rural 1/2/3 

Loan_Status Yes/No 1/0 

3.3 Dealing with Missing Values 

A further preprocessing step involved addressing missing values within the dataset before proceeding with 

subsequent analyses. Upon initial inspection of the dataset, it became apparent that certain values were absent, 

necessitating corrective action. To handle these missing values, the "dropna()" function was employed. This 

function effectively removes rows and columns containing missing values, generating a new DataFrame while 

preserving the integrity of the source DataFrame. Initially comprising 613 records related to credit risks, the 

dataset underwent processing for missing values, resulting in a new DataFrame that included 480 records, 

indicating the resolution of 133 missing values.  

4. Model Simulation 

Following the pre-processing activities on the dataset collected for this study, the predictive model was built by 

splitting the dataset into two parts. The larger part consisted of the training dataset was used to build the dataset 

while the smaller part consisted of the test dataset was used to validate the performance of the predictive model. 

Four simulation runs were performed on the dataset; such that each simulation was validated using the test 
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dataset. Table 2 shows the summary of the number of records within each simulation. For every simulation 

performed in this study, the results of the model validations was reported on a confusion matrix. The confusion 

matrix was used to capture the number of correct and incorrect predictions made by the sentiment analysis 

model based on the records in the test datasets. The four (4) cells of the confusion matrix will be used to report 

the correct and incorrect predictions such that the top and bottom rows represented the number of actual data 

while the left and right columns represent the number of predicted data. 

Table 2: Summary of records within each simulation 

Simulation# Training/Testing 

Proportion 

Training  

dataset size 

Test dataset size 

Simulation 1 50/50 240 240 

Simulation 2 60/40 288 192 

Simulation 3 70/30 336 144 

Simulation 4 80/20 384 96 

4.1 Model Validation 

The performance evaluation metrics were derived from the information provided in the confusion matrix of each 

simulation; accuracy, true positive (TP) rate, false positive (FP) rate, and precision. 

5. Result of the Simulation and Evaluation of Predictive Models  

This section presents the result of the simulation of the predictive models using the supervised machine learning 

algorithms considered in this study based on the dataset that was generated in this study. Each of the dataset was 

split into a training and testing proportion such that the training set was used to build the predictive models 

using a supervised machine learning algorithm while the testing dataset was used to evaluate the performance of 

the model created by the machine learning algorithm. Table 3 shows the proportion of the records that were 

contained in the training dataset and the testing dataset that was performed over 4 simulations.  

Table 3: Results of the number of records stored in the training and testing records 

Simulation# Train/Test Proportion (%) Train records Test records 

Simulation 1 80/20 384 96 

Simulation 2 70/30 336 144 

Simulation 3 60/40 288 192 

Simulation 4 50/50 240 240 

According to the Table 3 for simulation 1, 80% of the dataset was used for training and 20% for testing the 

predictive model for each dataset using each supervised machine learning algorithms. 384 records were used to 

build the predictive model following which the model was validated using 96 records in the test set. The dataset 
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that was used to build the predictive model contains a training feature set of 480 records and 13 attributes while 

the dataset that was used to validate the predictive model contains a testing feature set of 96 records and 11 

attributes. The train and test dataset were used for the simulation of the predictive models over 4 simulations 

using the 5 machine learning algorithms for this study. 

5.1 Results of the simulations of the model using a dataset containing original variables 

Tables 4 presents the results of the four simulations of the models, namely, K-Nearest Neighbor (KNN), 

Decision Tree (DT), Support Vector Machine (SVM), Random Forest (RF) and Naive Bayes (NB) using the 

data that contains the initially identified variables. 

In a series of simulations, various algorithms were put to the test to predict outcomes from different sets of 

records. These simulations provided insights into how well each algorithm performed in determining whether an 

outcome would be a "yes" or a "no." The initial simulation involved 96 records, where algorithms like KNN, 

DT, SVM, RF, and NB were employed. The results varied among these methods, showcasing accuracies of 

65.62%, 65.62%, 65.62%, 70.83%, and 73.96% respectively. Each algorithm had its strengths and weaknesses 

in correctly predicting the outcomes. For instance, while KNN and DT exhibited similar accuracies, SVM, RF, 

and NB showed relatively higher success rates in their predictions. Moving on to the second simulation with 144 

records, the algorithms performed differently again. This time, the accuracies stood at 60.42%, 70.83%, 63.19%, 

73.61%, and 77.08% for KNN, DT, SVM, RF, and NB respectively. These numbers reflected variations in the 

algorithms' abilities to correctly identify the outcomes, with each algorithm having its unique strengths in 

prediction. The trend continued in subsequent simulations. With 192 records in the third simulation and 240 

records in the fourth, the accuracies fluctuated among the algorithms; 63.54%, 70.83%, 68.75%, 79.17%, and 

79.69% for the third, and 67.08%, 71.67%, 68.75%, 79.17%, and 80.00% for the fourth. Each simulation 

showcased the strengths and weaknesses of these algorithms in predicting outcomes, emphasizing the variability 

in their performance across different datasets. Throughout these simulations, it became evident that no single 

algorithm consistently outperformed the others across all scenarios. Instead, their performances varied based on 

the dataset and the specific outcomes being predicted. The differing rates of correctly predicting "yes" or "no" 

outcomes underscored the importance of choosing the right algorithm for specific datasets and highlighted the 

need for a nuanced approach in selecting predictive models. 
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Table 4: Results of the evaluation of the four simulations performed on the models 

Simulation           No. Model Accuracy 

(%) 

TP rate F1 score Precision 

 

Yes No Yes No Yes No 

Simulation 1 

(Training:80%); 

Testing 20%) 

KNN 65.62 0.87 0.24 0.77 0.33 0.59 0.50 

DT 65.62 0.73 0.52 0.74 0.51 0.74 0.50 

SVM 65.62 1.00 0.00 0.79 0.00 0.66 0.00 

RF 70.83 0.90 0.33 0.80 0.44 0.72 0.65 

NB 73.96 0.90 0.42 0.82 0.53 0.75 0.70 

Simulation 2 

(Training:70%); 

Testing 30%) 

KNN 60.42 0.85 0.16 0.73 0.22 0.65 0.36 

DT 70.83 0.76 0.61 0.77 0.60 0.78 0.58 

SVM 63.19 0.98 0.00 0.77 0.00 0.64 0,00 

RF 73.61 0.89 0.45 0.81 0.55 0.75 0.70 

NB 77.08 0.91 0.51 0.84 0.61 0.77 0.76 

Simulation        3 

(Training: 60%); 

(Testing: 40%) 

KNN 63.54 0.81 0.24 0.76 0.29 0.71 0.36 

DT 70.83 0.74 0.63 0.78 0.57 0.82 0.52 

SVM 68.75 0.98 0.02 0.81 0.03 0.69 0.33 

RF 79.17 0.92 0.51 0.86 0.60 0.81 0.73 

NB 79.69 0.92 0.53 0.86 0.60 0.81 0.74 

Simulation       4 

(Training: 50%); 

(Testing: 50%) 

KNN 64.08 0.84 0.29 0.78 0.36 0.72 0.46 

DT 71.67 0.75 0.64 0.78 0.59 0.82 0.54 

SVM 68.75 1.00 0.00 0.81 0.00 0.69 0.00 

RF 79.17 0.94 0.47 0.86 0.58 0.79 0.78 

NB 80.00% 0.94 0.49 0.87 0.61 0.80 0.79 

 

Tables 4 show the results of the evaluation of the performance of the four simulations performed on the models. 
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6. Conclusion 

In conclusion, this study undertook a comprehensive exploration of various supervised machine learning 

algorithms for credit risk assessment. Through meticulous data preprocessing, variable conversions, and 

handling missing values, our analysis delved into the performance of K-Nearest Neighbors (KNN), Decision 

Trees (DT), Support Vector Machines (SVM), Random Forest (RF), and Naive Bayes (NB) across multiple 

simulations. Our findings revealed notable variability in the predictive capabilities of these algorithms, 

emphasizing the impact of dataset proportions on their performance. Across simulations with varying 

proportions of training and testing data, no single algorithm consistently outperformed others. Instead, each 

algorithm showcased distinct strengths and weaknesses, underscoring the significance of algorithm selection 

based on the specific characteristics of the dataset. From Simulation 1 to Simulation 4, accuracies fluctuated 

among algorithms, reflecting their varied abilities to accurately predict credit risk outcomes. Notably, certain 

algorithms, such as Random Forest and Naive Bayes, demonstrated relatively higher accuracy and precision 

across multiple simulations. However, the performance nuances across different simulations emphasized the 

need for a nuanced approach in algorithm selection. 

This study highlights the complexity of credit risk assessment and the necessity for tailored algorithmic choices 

based on dataset characteristics. The findings suggest that there is no one-size-fits-all approach; rather, careful 

consideration of algorithm performance across diverse datasets is crucial in optimizing credit risk assessment 

models. Moving forward, this research serves as a valuable guide for financial institutions seeking to adopt 

machine learning techniques in their credit risk assessment processes. However, it also emphasizes the need for 

continued exploration and refinement of algorithmic approaches, potentially incorporating ensemble methods or 

advanced feature engineering techniques to enhance predictive accuracy. In essence, our study contributes to the 

ongoing discourse on credit risk assessment methodologies, emphasizing the importance of a nuanced, data-

driven approach in selecting and implementing machine learning algorithms for more effective risk evaluation 

in lending decisions. 
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