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Abstract

Aim: The aim of the work is to evaluate the accuracy and cross validation in predicting loan approval using Novel Penalty
Based Approach Logistic Regression (LR), Random Forest (RF), Decision Tree (DT) and K-Nearest Neighbor (KNN)
Classification algorithms. Materials and Methods: The classification algorithm is invoked on a loan approval dataset
consisting of 615 records. A framework for forecasting loan approval in the banking sector has been proposed and developed
that compares Novel Penalty Based Approach Logistic Regression, decision tree, Random Forest and K-Nearest Neighbor
classifiers. Sample size was calculated as 55 in each group using G powers. Sample size was calculated using clinical analysis,
with alpha and beta values of 0, 05 and 0. 5, 95% confidence, 80% pre-test g power and enrolment ratio 1. Results: The Novel
Penalty Based Approach Logistic Regression classifier produces 77.27% accuracy in predicting the Loan Approval on the data
set, whereas the Random Forest, K-Nearest Neighbor, Decision Tree classifiers produce 76.62%, 72.27%, 72.07%
respectively. The significant value is 0.016. Hence Novel Penalty Based Approach Logistic Regression is better than KNN,
RF, DT classifiers. Conclusion: The results show that the performance of Novel Penalty Based Approach Logistic Regression
is better when compared with KNN, RF and DT in terms of both cross validation and accuracy.
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INTRODUCTION

Loan distribution is the main part of the business of almost all banks. Most of the bank's assets come
directly from profits from loans granted by banks. The main goal in the banking environment is to invest your
assets in safe hands where they are (Bhagat 2018). Today many banks / financial companies approve the loan after
a process of verification and validation of appeals but there is still no certainty that the chosen applicant is the
right deserving applicant among all applicants. Using this system, we can predict whether that particular requestor
is safe or not and the whole feature validation process is automated by machine learning technique. The downside
of this model is that it emphasizes different weights for each factor, but in real life sometimes the loan can only
be approved on the basis of one strong factor (Xu, Lu, and Xie 2021), which is not is not possible with this system.
The loan forecast is very useful for the bank employees as well as for the applicant. The purpose of this document
is to provide a quick, immediate and easy way to select deserving candidates. It can offer special advantages to
the bank. The loan forecasting system can automatically calculate the weight of each characteristic that
participates in loan processing, and the same characteristics are processed on the new test data against their
associated weight (Chen, Zhang, and Ng 2018). It is possible to set a deadline for the applicant to check whether
his loan can be sanctioned or not. The loan forecasting system allows you to jump to a specific question so that it
can be checked first. This document is exclusively intended for the managing authority of the bank / financial
company, the entire forecasting process is done in private, no interested party can modify the treatment (Karthiban,
Ambika, and Kannammal 2019). The result of a particular loan number or loan ID can be sent to various banking
services so that they can take appropriate action upon request. The proposed work is helpful for managers of the
particular banks to reduce the time taking processes for approving loans.
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Approximately 53 related articles published in IEEE Xplore and 28 related articles have been published
related to this work in Google Scholar. The scoring algorithm is widely used to improve the predictability of loan
approval in a variety of banking and financial industries. In (Sheikh, Goel, and Kumar 2020), the performance of
the system is measured in terms of classification accuracy and the results reveal that it has great potential to
accurately predict the status of loan approval. (Ye, Dong, and Ma 2018) proposed a feature selection algorithm
with a classifier K-Nearest Neighbor to design a high-level intelligent system to predict loan approval. (Stahringer
2012) proposed an algorithm for the accuracy level of loan approval predictions of 80% by Novel Penalty Based
Approach Logistic Regression. (Kemalbay and Korkmazoglu 2014) proposed spatial clustering based on
application criteria with noise and decision tree executed by other models reaching 79% to predict loan approval.
Our team has extensive knowledge and research experience that has translate into high quality
publications(Bhansali et al. 2021; Jayanth et al. 2021; Sudhakar, Ravel, and Perumal 2021; Sathiyamoorthi et al.
2021; Deepanraj et al. 2021; Raju et al. 2021; Arun Prakash et al. 2020; Kamath et al. 2020; Shanmugam et al.
2021; Rajasekaran et al. 2020; Adhinarayanan et al. 2020; Rajesh et al. 2020; Aurtherson et al. 2021)

Several works have shown that KNN, RF and DT performance is poor and offers less accuracy in
predicting loan approval. A study compares the accuracy of various data mining classification algorithms in loan
approval prediction. It is important to analyze and compare various classification algorithms that provide better
cross validation.The research gap in the existing method is that the Decision Tree has low accuracy for predicting
loan approval. Hence the proposed method aims at comparing algorithms to know which algorithm was giving
more accuracy than the Decision Tree. Therefore, the work aims to compare the accuracy of LR, RF, DT and
KNN algorithms in forecasting loan approval.

Materials And Methods

The research work was carried out at Web Ontologies Lab, Department of Computer Science and
Engineering, Saveetha School of Engineering, SIMATS. Work was performed on 615 records from a loan dataset.
The accuracy of loan approval forecasts was obtained by evaluating four groups. A total of 10 iterations were
performed on each group to achieve better accuracy. The dataset was downloaded from the Kaggle website. The
dataset contains 615 rows and 13 columns. Some of the important attributes taken for the experimental setup are
loan ID, loan amount, employment status, etc. (navaneethkarumuru 2021) .

The sample size was calculated to be 22 in each group using the G power. In (Rembart and Soliman
2017) the loan approval dataset was used with a sample size of 615 customers, 13 characteristics and some missing
values. Sample size was calculated using loan amount analysis, with alpha and beta values of 0. 05 and 0. 5, 95%
confidence, pre-test power of 80% and an enrollment rate of 1.
Novel Penalty Based Approach Logistic Regression (LR)-Group 1
Input: Loan Approval dataset
Output: Accuracy
Step 1. Import and read the dataset
Step 2. Select the features randomly from the dataset
Step 3. Generate the LR classifier penalty as a parameter.
Step 4. 12 was used as a parameter value.
Step 5. Analyze the dataset by varying dependent and independent variables
Step 6. LR predicts the outcome in a categorical variable.
Step 7. Finally predicts the possibility of event using the log function.

This study uses the Novel Penalty Based Approach Logistic Regression class from sklearn. linear model
library. This innovative method uses a penalty-based approach. It takes the penalty as a parameter. "LR" is used
as the parameter value. The data set is randomly divided into training (80%) and test (20%). Select samples at
random and analyze the data set by varying the dependent variables and independent variables. Finally, it provides
for the possibility of an event using the log function (Vaidya 2017).

Decision Tree (DT) - Group 2
Input: Loan Approval dataset
Output: Accuracy
Step 1. Import and read the dataset
Step 2. Select the features randomly from the dataset
Step 3. Generate the DT classifier criteria as a parameter.
Step 4. Gini was used as a parameter value.
Step 5. Construct a decision tree using DT classifier and predict the result for every sample.
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Step 6. Voting was performed for every predicted result.
Step 7. Most predicted results were selected as final output.

This study uses the Decision Tree Classifier class from the sklearn library. It takes citian as a parameter.
"Gini" is used as the parameter value. The data set is randomly divided into training (80%) and test (20%). It
selects the samples at random and decision trees were collected for each sample to predict the outcome. Voting
was taken for each predicted outcome and the most voted outcome was selected as the final outcome. The work
implements an innovative method that uses a criteria-based decision tree classifier (Thu 2020).

Random Forest Classifier (RF) - Group 3

Input: Loan Approval dataset

Output: Accuracy
Step 1. Import and read the dataset
Step 2. Select the features randomly from the dataset
Step 3. Generate the RF classifier criterion as a parameter.
Step 4. Gini was used as a parameter value.
Step 5. Construct a DT using RF classifiers and predict the result for every sample.
Step 6. VVoting was performed for every predicted result.
Step 7. Most voted prediction results were selected as the final outcome.

In this study, the Random Classifier class of the sklearn ensemble library is used. It takes citerian as a
parameter. “Gini” is used as the parameter value. The dataset is splitted randomly into training (80%) and testing
(20%). It selects samples randomly and the decision trees were collected for every sample to predict the result.
Voting was performed for every predicted result and the most voted result was selected as the final result. The
algorithm uses a Random Forest Classifier (NTSRF) (Madaan et al. 2021).

K-Nearest Neighbor(KNN) - Group 4

Inputs: Loan Approval data set

Output: Accuracy.
Step 1. Load the dataset
Step 2. Split the dataset randomly into training (80%) and testing (20%) dataset
Step 3. Set the target variable
Step 4. Generate the KNN classifier based on the training set
Step 5. Train the classifier using rbf kernel parameter
Step 6. Predict the testing set based on training dataset
Step 7. Evaluate the classifier.
Step 8. Return Accuracy.

K-Nearest Neighbor(KNN) is a regulated machine learning algorithm which can be utilized for both
classification and regression challenges. In this study, to train the KNN the neighbor class of scikit learn library
was used. Import the loan approval. csv dataset and load the dataset. The dataset is split randomly into training
(80%) and testing (20%) sets. The target variable is selected. Then, the KNN classifier based on the training set
is generated. Rbf was used as the value of the kernel parameter. The testing set is predicted based on the training
set. The KNN classifier is evaluated and the accuracy is calculated.

The proposed work was experimented in Jupyter, The Hardware and Software requirements for
experimenting the work includes i3 processor, 50 GB HDD, 4 GB RAM, Windows OS, Python: Colab/Jupyter.
Initially, the data set was divided into two parts: the training and test sets. Then, the algorithm is tested on the
training and test sets. The training and testing sets are changed 10 times depending on the size of the test set. Table
1 shows the comparison between the accuracy and cross validations of KNN and LR for 10 iterations. The different
parameters for the analysis can be calculated as follows:

Accuracy :- It identifies the number of instances that were correctly classified as shown in the following equation
1.

True Positive + True Negative

Accuracy = — _ — : 1)
True Positive + True Negative + False Positive + False Negative
Cross Validation is used to calculate which part of prediction data is positive using equation 2.
R . TP
Cross Validation = 2
TP+FP
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Statistical Analysis:

In addition to the experimental analysis, the work was statistically evaluated using the Statistical Package
for the Social Sciences (SPSS). Analysis was performed to obtain the mean, standard deviation and mean of
standard errors. To compare the parameters of the four groups, a T test of the independent variable was performed.
In the analysis, the independent variables are marital status, loan identifier, address, sex. The dependent variables
that affect the output are cross validation and cross-validation (Abakarim, Lahby, and Attioui 2018). Fig. 5 shows
the accuracy graph between LR, RF, DT and KNN.

Results

Table 1 shows the comparison between the accuracy and cross validation of four groups for 10 iterations.
Fig. 1 shows the graph of total income log. Table 2 shows the different parameters of the four groups. Accuracy
and cross-validation were calculated for KNN, DT, RF and LR. Four-group analysis shows that LR has higher
cross validation (77.27%) and cross-validation (80.62%) than RF, DT, KNN.

Table 3 shows the statistical analysis of LR, DT, RF and KNN with different sets of test data. Fig. 2
shows the graph of loan amounts taken by the applicants. Fig. 3 shows the graph of applicant income for loan
approval status and Fig. 4 shows the loan approval status. The average accuracy of the LR model appears to be
higher than that of the RF, DT and KNN models. In addition, the cross-validation of LR is much better than that
of RF, DT and KNN. The performance of the LR algorithm is superior to that of the LR, DT and KNN algorithm.
There are no significant differences between the four groups. Therefore, LR is better than DT, RF and KNN.

Table 2 illustrates the mean accuracy and cross validation of KNN, RF, DT and LR. Statistical analysis
of four independent groups shows that LR has a higher mean accuracy (77. 27%) and mean cross validations (80.
26%) than KNN. The average error of KNN, RF, DT is slightly less than LR.

Discussion

The work demonstrates that Novel Penalty Based Approach Logistic Regression is better than KNN, RF,
DT at predicting loan approval in terms of accuracy and cross validation. However, the average error of LR
appears to be higher than KNN. and the banking sectors. Experimental work was carried out between four groups
KNN, RF, DT and LR by varying the size of the test. Based on the experimental results performed in the Jupyter
Notebook, the accuracy and cross-validation of LR is 77.27% and 80.62%, while KNN provides the accuracy and
cross-validation of 67.2%. This shows that LR is better than KNN, RF and DT. Various parameters such as cross
validation are also compared. From the SPSS plot, the proposed Novel Penalty Based Approach Logistic
Regression classifier offers better performance in terms of cross validation (77.27%) and cross-validation
(80.62%) compared to KNN, RF and DT algorithms. Fig. 5. shows that the average error of LR turns out to be
slightly greater than KNN, RF and DT which must be minimized.

The most important aspect of loan approval forecasting is accuracy and cross-validation. The (Ambika,
Ambika, and Biradar 2021) study proposed a machine learning-based classification system for predicting loan
approval based on a loan approval record. The (Isik, Tastan, and Yolum 2007) study used selection algorithms,
the cross-validation method, and seven performance scoring metrics for classifiers, such as classification cross
validation, specificity, sensitivity, Matthews correlation coefficient, and execution time. suggested to predict the
loan approval. (Gopu 2021) The Random Forest algorithm was used in the Spark framework to predict loan
approval and showed that the study achieved a higher accuracy rate even with a dataset of 613 documents. In the
study by (Mortensen et al. 1988) , attribute filtering, frequent item mining and a variety of data mining techniques
such as Decision tree, Naive Bayes, Support vector machine and SVM classifications are used for predicting loan
approval status. When it comes to predicting loan approval, the accuracy of Naive Bayse was superior to that of
other Data mining algorithms. The accuracy of the LR classification algorithm depends on the size of the training
and testing data set. In our study, the precision and cross-validation appear to be better than KNN. However, the
average error appears to be higher in our proposed work which should be minimized.

Although the results of the study are better in both experimental and statistical analysis, there are some
limitations in the work. Accuracy assessment cannot provide a better result on larger data sets. Still in LR, the
average error seems to be greater than KNN. It would be preferable if the average error could be reduced
considerably. However, the work can be improved by applying optimization algorithm techniques, to achieve
better precision and less average error as a future work. Feature selection algorithms can be used prior to
classification to improve the classification accuracy of classifiers. Therefore, thanks to the Data Mining
algorithms, we can reduce the computation time and improve the accuracy of the classification of classifiers.

.Journal of Pharmaceutical Negative Results | Volume 13 | Special Issue 4 | 2022



https://paperpile.com/c/TKdNzk/Tnc7
https://paperpile.com/c/TKdNzk/gGrZ
https://paperpile.com/c/TKdNzk/gGrZ
https://paperpile.com/c/TKdNzk/e8HG
https://paperpile.com/c/TKdNzk/acVb
https://paperpile.com/c/TKdNzk/8nZP

B. Aditya, et al.: Prophecy of loan approval by comparing Decision Tree with Logistic Regression, Random Forest, KNN for better Accuracy.

Conclusion

Novel Penalty Based Approach Logistic Regression Classifier is a classification technique that uses
averaging to improve the accuracy and cross validation. The work shows that the Accuracy and Cross Validation
for loan approval prediction using Novel Penalty Based Approach Logistic Regression (LR) is better than the K-
Nearest Neighbor (KNN), Random Forest (RF) and Decision Tree (DT). It is found that LR performs significantly
better than KNN, RF and DT in predicting loan approval accurately, but the mean error is found to be little higher
than KNN, RF and DT. Hence, it is concluded that LR classifier results in acceptable accuracy and cross validation
than KNN, RF and DT.
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Table 1. Accuracy and Cross Validation achieved during evaluation of Loan Approval prediction using test
dataset with, KNN algorithm, DT, RF and LR technique for different iterations.

Iteration | ACCURACY CROSS VALIDATION
No.

LR DT RF KNN LR DT RF KNN
1. 77.27 70.77 77.27 72.27 80. 62 70. 03 79.31 75. 89
2. 75.33 60. 66 73.33 73.33 80. 46 70.79 79. 80 76. 80
3. 80.00 80. 00 74.90 74.90 82.88 80. 77 78. 60 76. 60
4, 80. 00 73.33 75. 80 72.80 79.94 74.26 79.09 77.09
5. 80.01 75.24 76.98 73.98 78. 42 70. 02 79.98 78.98
6. 77.27 70. 12 76.99 74.99 80. 62 71.01 78.99 77.99
7. 78. 93 71.00 75. 98 71.98 79. 45 74.10 76. 98 75. 98
8. 77.77 72.37 76. 88 73.88 80.01 75. 40 79.79 76.79
9. 77.01 72.01 74.00 71.00 79. 87 74.99 77.78 74.78
10. 78.00 73.00 74.92 71.92 80. 61 74.80 78. 02 75. 02

Table 2. Experimental analysis in Jupyter for Accuracy, Cross Validation for DT, RF, KNN and LR. LR
provides better Accuracy (77. 27%) and cross validation (80. 62%) than KNN, DT and RF.

MODEL ACCURACY CROSS VALIDATION
LR 77.27 80.62
DT 72.07 70.04
RF 76.62 79.97
KNN 72.27 75.89

Table 3. Statistical Analysis of Mean, Standard Deviation and Standard Error of cross validation and Accuracy
of LR and KNN algorithms. There is a statistically significant difference in Cross Validation and accuracy
values between the data mining algorithms. LR had the higher Cross Validation (80. 62%) and accuracy (77.
27%) and KNN had Cross Validation(80. 46%) and accuracy (76. 43%)

95%  Confidence
Algorithm Std. Std. Error | Interval for Mean

.Journal of Pharmaceutical Negative Results | Volume 13 | Special Issue 4 | 2022



http://paperpile.com/b/TKdNzk/jJjt
http://paperpile.com/b/TKdNzk/jJjt
http://paperpile.com/b/TKdNzk/jJjt
http://paperpile.com/b/TKdNzk/jJjt
http://paperpile.com/b/TKdNzk/jJjt
http://paperpile.com/b/TKdNzk/jJjt
http://paperpile.com/b/TKdNzk/jJjt
http://paperpile.com/b/TKdNzk/G5Nw
http://paperpile.com/b/TKdNzk/G5Nw
http://paperpile.com/b/TKdNzk/G5Nw
http://paperpile.com/b/TKdNzk/G5Nw
http://paperpile.com/b/TKdNzk/G5Nw
http://paperpile.com/b/TKdNzk/G5Nw
http://paperpile.com/b/TKdNzk/G5Nw
http://paperpile.com/b/TKdNzk/laRu
http://paperpile.com/b/TKdNzk/laRu
http://paperpile.com/b/TKdNzk/laRu
http://paperpile.com/b/TKdNzk/laRu
http://dx.doi.org/10.1038/s41598-021-98361-6
http://dx.doi.org/10.1038/s41598-021-98361-6
http://paperpile.com/b/TKdNzk/OxEzy
http://paperpile.com/b/TKdNzk/OxEzy
http://paperpile.com/b/TKdNzk/OxEzy
http://paperpile.com/b/TKdNzk/OxEzy
http://paperpile.com/b/TKdNzk/OxEzy
http://paperpile.com/b/TKdNzk/OxEzy
http://paperpile.com/b/TKdNzk/OxEzy

B. Aditya, et al.: Prophecy of loan approval by comparing Decision Tree with Logistic Regression, Random Forest, KNN for better Accuracy.

4

5
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Fig. 2. Loan Amount Log for Loan Approval Status

N Mean sig Deviation | Mean Lower Upper
ACCURACY | LR 10 77.5990 |.016 | 1.42165 . 44957 3.25752 | 5.85048
KNN 10 73. 1050 1. 33680 . 42273 3.25717 | 5.85083
DT 10 71. 8500 4. 85136 1.53414 3.75587 | 5.86213
RF 10 75. 7050 1. 37450 . 43466 3.51592 | 5.27208
total 40
CROSS LR 10 80.1630 |.044 | 1.34895 . 42657 1. 96325 | 4. 42875
VALIDATION | KNN 10 76. 5920 1. 27407 . 40290 1. 96297 | 4. 42903
DT 10 73. 6170 3.31443 1.04812 1. 96257 | 4. 42764
RF 10 78. 8340 0. 98559 . 31167 1. 96342 | 4. 42536
total 40
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Fig. 4. Loan Approval Status for Marital status with Applicant income
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Fig. 5. Comparison of mean accuracy and mean cross validation of LR, DT, RF and KNN algorithms. LR
appears to produce more consistent results with higher cross validation and accuracy. X-axis: LR vs DT vs RF
vs KNN. Y-axis: Mean Accuracy and Cross Validation +1SD.
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