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Abstract— The credit approval process for customers seek-
ing a loan has been an important and risky full decision to take
for banking institutions. The standard procedure involves a
host of information regarding the customer based on what the
bankers decide whether to grant a loan which often is time-
taking and exhaustive. Therefore, this paper proposes a solu-
tion based on machine learning algorithms that reduce risk
factors associated with the customer’s behaviors that could
suggest selecting a trusted person to save the bank’s effort and
assets. The meth-od utilizes customer information such as
monthly income, prior loan history, investment, education,
gender, etc., up to twelve attributes that are further used to
construct a machine learning model of the decision-making on
credit approval. Five different machine learning algorithms
named Gradient Booster (GB), Support Vector Machine
(SVM), Random Forest (RF), K-Nearest Neighbor (K-NN), and
Gradient Booster Classification (GB) are built with a 90%
training dataset. Among these, LR has reported the best accu-
racy as much as 80.43% for the available dataset. We applied
these methods to a dataset collected from Kaggle, which con-
tains 615 rows and 13 columns where rows represent custom-
ers and columns feature and decisions on credit in ‘yes’ or ‘no’.
Future work includes the attempt to improve prediction accu-
racy with the application deep learning algorithm.

Keywords—Credit, Loan, Machine Learning, Decision
making.

I. INTRODUCTION

Today, people depend on bank loans for a day to meet their
needs. The rate of loan applicants has been rising at a very
rapid pace in recent years. In the acceptance of loans, the
risk is still involved. This paper took data from past custom-
ers of the various banks to which loans were made on sever-
al criteria that have been authorized. The machine learning
technique is then informed on that. To get correct data, en-
roll. Our key target for this analysis is aimed at predict the
protection of the loan [1,3]. The financial authorities are
very aware of the clients' payments of the credit sum. The
loan approval choices are not correct upon taking many pre-
cautionary measures and conducting research on the loan
applicant. This mechanism has to be streamlined such that
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the issuance of loans is less costly and banks experience
fewer losses.

Artificial Intelligence (Al) is an evolving technology every
day now. The implementation of Ai overcomes many real-
world issues. Machine Learning is an Al technique that is
very beneficial in structures of prediction. From training
data, it generates a model. The model generated by the
learning algorithm (which is machine learning) is used when
performing the prediction. Using a portion of the overall
data, the machine learning model learned the method and
checked the remaining data.

It is fascinating for scientists and engineers to make a ma-
chine think just like a person, and they aim to accomplish
this objective by using artificial intelligence. Machine intel-
ligence is the idea of simulating a machine, human intellect
[6]. Artificial Intelligence dates before the formation of
computing and has diversified into various areas since that
time [6]. In this area, innovators have gained a great com-
prehension over the years that have contributed to the crea-
tion of developed techniques as well as further implementa-
tion of these solutions to complex problems.

Concerning this article, one of the principles is used and
often extended to a real-world implementation in the area of
machine learning. Machine Learning is an instrument that
promotes the creation without specific programming of
computational models [4]. Data mining algorithms are cre-
ated to respond to the specifications of the problem. All the
leading-edge companies are now using machine learning
technologies to gain faster market growth and figure it has
been shown that promising outcomes are being achieved.
With companies producing such a large amount of data, it
becomes impossible to directly exploit data, thus machine
learning, as a solution, provides the potential for analytical
modeling.

II. LITERATURE REVIEW

The author is familiar with a framework [2] to successfully
understand a loan applicant's risk of default. The figures
from the predictions indicate that the built model is highly
reliable. The concept creation for the forecast is taken up in
the history of regression models using the sigmoid activa-
tion function as the intended binary answer is either 0 or 1
[10, 11]. The univariate, modified forms, and multiple vari-
ance analysis reviews would include the Inner observable
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and unobservable variable view [6, 8]. An efficient model is
developed to predict the correct borrowers who will have
applied for loans were introduced [5]. The Decision Tree is
used to foresee the characteristics essential for reputation.
The study in [6] research supports credit-scoring vector ma-
chine-based models generated using various default mean-
ings. The study concluded that perhaps the comprehensive
defined systems in their efficiency are greater than the lim-
ited concept variants. K. Gautam [7] introduced a model of
cost-benefit analysis for the enforcement of a loan for cli-
ents using the Optimization technique. The pre-processing
procedure comprises the following sub-processes to perfect
the prediction performance: Outlier identification, ranking,
exclusion, imputation reduction, and dataset balance through
the proportional bifurcation of the method of data prepro-
cessing. Besides, the method of feature selection increases
the precision of prediction. The DT system results in 94.3
percent prediction precision when analyzed. Arun, Ishan,
and Sangeet [9] recommended a load prediction process
utilizing MI techniques. The sub-processes usually involve
the collection of data, feature engineering, preparation, run-
ning tests, and parameters for the Production of the out-
comes suggested. For the observation and loan calculation
process, data sets with 10 characteristics were used. LM,
DT, RF, SVM, NN, and Adboost are different ML methods
used in the present process. Besides, researchers reported a
few essential parameters for different Ml algorithms that
play an important role in the loan prediction phase, so that it
lets bankers authorize loans to users based on their criteria.

III. METHODOLOGY

The suggested model is the estimation of the loan being
issued to the clients by the institution. The goal for develop-
ing the proposed system is labeling and hence the use for the
design of the model, logistic regression with sigmoid func-
tion is used. Data pre-processing is the main field of the
application where it takes most resources, preceded by
Function Technology and then Model Collection, and Data
Exploration Review. Feed the algorithm with two different
datasets, and then precede the model.
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Figure 1: Proposed Architecture of Credit Approval
Decision.

A. Data collection

Data sets are drawn from the financial industry. The data
collection is in the ARFF format that Weka embraces. The
ARFF (Attribute-Relational file format) file consists of tags
containing names, attribute forms, values, and the details
themselves. We use 13 features for this article, such as gen-
der, marital status, qualification, salary, etc. The table below
illustrates the data collection we used.

Table 1: Data set variables along with description and type

Feature Name Description Data Type
Loan Id Unigue Id Integer
Gender Male/Female Categorical
Married Yes/No Categorical

Dependents Number of Dependents Numerical
Education Graduate/Undergraduate Categorical
Self~employed Yes/No Categorical
Applicant Income Applicant Income Numerical
Co-applicant Incom Co-applicant Income Numerical

e

Loan Amount Loan Amount(Thousand) Numerical
Loan Amount Term | Term of Loan in months Numerical

Credit History Credit History meets Numerical

guidelines

Property Area Urban/Semi Urban/ Rural Categorical

Loan Status Yes/No Categorical

Currently, In the machine learning algorithm, we first intro-
duce the classification models in which the model is devel-
oped in this data set of tested samples. The submissions of
new candidates will serve as evaluation details to be filled
out at the time the application is submitted.

B. Pre-processing:

The methodology of data mining is being used in pre-
processing for reshaping raw data collected in an online



portal into raw information in helpful and effective formats.
The gathered data includes missing values that may contrib-
ute to inconsistencies. To achieve optimal results, data must
be pre-processed to boost the algorithm's usefulness. The
outliers will have to be removed and then also variable
transformation will have to be performed. Encoding pro-
cesses can minimize the size of the data. Wavelet Converts
and approaches for PCA (Principal Component Analysis)
Efficient for reductions are.

C. Feature computation:

An appropriate input dataset that is consistent with the per
machine modeling method specifications is configured in
function engineering. In our model, the library of Pandas
and Numpy was imported to operate. So the reliability of the
paradigm of machine learning increases.

a) Missing Data handling: Missing information is
characterized as attributes that are not accessible and that, if
identified, will be significant. Missing information may be
everything from the missed sequence, defective function,
missed files, missing data, the mistake in data entry, etc.
This identification approach aims to substitute missing
details with factual evaluations of the missing
characteristics. Mean, Median or Mode may be used as an
approximation of ascription. The conceptual basis of the
mean substitution is that the mean from a regular
distribution is a rational gauge for an objectively chosen
perception.

Now, if we check again the missing value, then we can see
that all of the missing values are filled with mean and mode.

b) Handling Outlier: The information is seen visibly
to identify the outliers and the outliers are treated later.
When the visualized actions of the outliers are of high
accuracy and exact. Another statistical tool for finding
outliers is percentile rank. It assumed certain percentages of
importance in this system, As an outlier, take it from the top
or take it from the back. To set the quantitative measure
again, the main point is here, and this depends on the nature
of the variables as stated above.
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Figure 2: Showing Outlier of (a) Loan Amount and (b)
Applicant Income for Loan_Status

¢) One Hot Encoding: For hot encoding, deep
learning encoding processes are usually used. The values are
divided into single and multiple columns of 0 and 1 values.
An association between the encoded segment and the
community is seen by all such values. In the machine
learning algorithm, in this data set of tested samples, we first
add the classification models where the model is created.

from sklearn.preprocessing import LabelEncoder
number=LabelEncoder()

IV. RESULT AND DISCUSSION

A. Machine learning methods

The next step is to build a classification algorithm to identi-
fy two collections of loan approvals based on a machine
learning methodology. All machine learning methods typi-
cally rely on a feature matrix created from the data acquired
from the method of acquisition. Therefore, many machine
learning algorithms have played with the dataset [12, 13],
because no rule of thumb dictates the preference of a ma-
chine learning algorithm for the available data to be catego-
rized. Gradient booster, quick-to-test machine learning algo-
rithm, vector support machine, logistic regression, K-nearest
neighbors, Gaussian Naive Bayes, and Random for-est, for
example, as seen in Table 2.

a) Train the algorithm: Using a different collection of
information, the separate category algorithms are trained.
For training and the remaining percent for testing the
algorithms, the dataset is further split into 90 percent. Also,
to select an appropriate sample, each class in the complete
dataset is represented in the training and testing datasets in
approximately the correct proportion.

b) Testing the algorithm: The 5 algorithms are used
on the research dataset to estimate the success of the
algorithm. To estimate how accurately these algorithms
work in operation on a different collection of data and their
related confusion matrices and calculated classification
accuracies, cross-validation was performed on the
implementations. We follow the widely used metrics in the
research when assessing the efficiency of the different
classifiers. They require precision, consistency, memory,
and specificity. Using Python scikit-learn method with input
data as the uncertainty matrix items, these values are



determined. In this article, a "negative" example refers to no
(meaning that there will be a default in the loan payment),
while the "positive" example refers to yes (meaning there
will be a default in the loan payment) (signifying there will
not be a default in the payment of the loan).

B. Performance of the algorithms

Machine learning models are built with the necessary train-
ing set described above. 10-fold cross-validation is imple-
mented for improved tuning of algorithms' hyperparameters
and usability in the method. The results are shown in Table
1 in terms of classification reliability with one set of training
and testing sets, the average accuracy of the 10-fold training
set and test set, and the standard deviation of the 10-fold
training and test set selection process.

Confusian matrx

om

i 2 i
Fredicied Case Fredeced Gnss Fresctes Class

Logistic Regression learning curves

0.86 1 —&— Taining score

—a8— Cross-validation score
0.84 4

082 \r/_'

0.80 1

Score

0.78 1

0.76 1

0.74 1

0.72 A

5 100 150 200 250 300 350 400 450
Training Examples
Figure 3: Confusion, precision, Recall, and Learning
curve of the Logistic model

EE

oredicted s Predees Gass Presces Class

SVC learning curves

0.85
—&— Training score
pap 4 —% Cross-validation score

0.75

070 1 g—

+*

Scare

0.65

0.60 -

0.55 A

SIO ldﬂ 15ICI 2[:'!0 25ICI 360 H-éﬂ 4(:'!0 45I{I
Taining Examples
Figure 4: Confusion, precision, Recall, and Learning
curve of the SVM model

Random Forest Classifier learning curves

086 —&— Taining score

—&— Cross-validation score
0.84

0.82 *\r—/_' -

.

080

Score

07e

0.76

074

072

50 100 150 200 250 300 350 400 450
Taining Examples
Figure 5: Confusion, precision, Recall, and Learning

curve of Lo Random Forest Model

fusion malrx Pracision mati

KNN learning curves

0.800

03775

0.750

0725

Score

0700

0675
—&— Training score
0.650 1 —®— Cross-validation score

55 100 150 200 250 300 350 400 450
Taining Examples

Figure 6: Confusion, precision, Recall, and Learning

curve of the KNN model

Table 2.Comparison of betweenl10-folder accuracy vs without
cross-validation accuracy

Machine learning algo- K-fold Accuracy Std
rithms Mean Ac | (%) (%)

(%)
Gradient Booster 80.25 75.80 4.46
Support Vector Machine 81.52 75.80 4.98
Logistic Regression 81.52 80.43 4.98
K-Nearest Neighbors 79.16 74.12 5.06
Gaussian Naive Bayes 81.15 75.80 5.01
Random Forest 75.88 66.19 7.35

According to the results shown in Table 2, it is evident that
the Logistic Regression algorithm performs best with this



data not only 1-fold but also exhibits the least variance
while performing k-fold training and test data selection and
subsequent training.

Table 3. Performance measures like (a) Precision, (b) Recall,
and (c) F1-score.

Gradient Ran- Logistic Naive KNN svcC
dom Bays

Booster Forest

Classes

Precision

0 0.75 0.00 | 0.88 | 0.88 0.78 | 0.88

1 0.76 0.66 | 094 | 0.74 0.74 | 0.74

Averaged 0.75 033 | 091 0.81 0.76 0.81

(@)

Gradient Random Logistic Naive KNN svc

Forest Bays

Classes Booster

Recall

0 0.43 0.00 0.33 | 033 | 033 | 0.33

1 0.93 1.00 099 | 098 | 095 | 0.98

Averaged 0.68 0.50 0.67 | 0.67 | 0.64 | 0.67

(b)

Gradient Random Logistic Naive KNN svcC

Forest Bays

Classes Booster

F1-Score

0 0.55 0.00 0.50 | 048 | 047 | 0.48

1 0.84 0.80 095 | 0.84 | 0.83 | 0.84

Averaged 0.70 0.40 0.72 | 0.66 | 0.65 | 0.66

(©)

Table 3 shows other performance measures of a classifier
like precision, recall, and F1 scores for all different algo-
rithms applied to both classes. The Logistic Regression
method shows superiority by yielding the best recall and
precision. This suggests that the possibility of type-1 error
(i.e., false positive, that shows class2 is wrongly detected as
classl), and type-2 error (i.e., false negative, that shows
classl is wrongly detected as classl) are almost NIL. The
F1-score, then, which is determined by considering the cor-
relation coefficient of the accuracy and recall, is 0.99.

This is always in researchers’ interest to know what features
are contributing more and what is less in the process of de-
cision-making of classification. The best classifiers, Logistic
Regression, and the worst classifier Gradient booster use all
four features mentioned before in their importance as shown
in Figures 3 (a) and (b), respectively. The impact on the
classification of the included features is estimated based on
principal component analysis and feature selection methods
that are translated into importance scores. From Figures 3 (a
and b), it is evident that in the case of the best classifier mar-
ried contributes by showing the highest importance score
whereas credit history values show the least impact. On the
other hand, in the case of the worst classifier Loan
AmoutLog contributes by showing the highest importance
score whereas property Area values show the least impact.

Here, showing the feature importance of the best and worst
performance algorithms.

Logistic Regression feature name and its importance in per-
centage.

Credit History : -0.27%
Education : -0.22%
Dependents : -0.18%
LoanAmountLog : -0.06%
Gender : 0.02%
ApplicantIncomelLog: 0.08%
Property Area : 0.14%
Self Employed: 0.56%
Married: 3.37%
variea | |
Self_Employed [
Property_Area .
Applicantincomelog I
Gender I
Loan&mountlLog I
Dependents .
Education .
Credit_History -

D.IG D.IS 1.IG 1.I5 2:0 215 3.I0 3.I5
Logistice Regression Feature Importance
(a)
Random Forest feature names and their importance in per-
centage.

Property Area : 0.02%
Education : 0.03%
Credit History : 0.03%
Self Employed: 0.03%

ApplicantIncomelog: 0.06%
Gender : 0.06%
Married : 0.25%
Dependents : 0.26%
LoanAmountLog 0.27%

LoanAmountLog
Dependents

Married

Gender
Applicantincomelog
Self_Employed
Credit_History

Education

Property_Area

0.00 0.05 0.10 0.15 020 0.25
Random Forest Feature Importance

(b)
Figure 7. Importance metric of the features in classification
using: (a) Logistic Regression, (b) Random Forest.

C. User Interface:

By following this article, we developed a web application as
discussed earlier in this paper. This particular application
has been deployed on Heroku Server. This application flows
the Logistic Regression classifier because the Logistic Re-
gression classifier shows the best accuracy to predict the



credit approval decision. Figure 4 picture is the reference for

the user interface page.
Loan Approval Application

Check Whether! your Loan application is applicable or not

Gender Education Married

Male  OFemsle OGraduate  ONot Graduate Yes OMNo

Self Employed
Yes ONo ONotPaid OPeid ONone

Property Area

Rual OUan O Semiliban

=
— fionsrom ]

Applicant Income CoApplicant Income

Figure 8: User Interface

When the institution authority clicks to open the application,
after opening this application they can see this type of inter-
face. On this page, the user should have to client’s previous
data which data is already collected from any sources. If we
follow this application, there is so much input that we have
to give. After giving the input value we have to press the
submit button. The submit button takes the new page where
we can see the predicting result. The result contains two
types of values. One for “Yes” and another for “No”.

Gender Education Married
®Graduate O Not Graduate ®Yes ONo
Credit History

Self Employed Property Area

®¥es ONo @NotPaid  OPaid ONane ®Rural OUrban O SemiUrban

Loan Amount

4000

Dependents

I

Applicant Income CoApplicant Income

200 3000|

Figure 9: Giving Input

Check Whether! your Loan application is applicable or not

Prediction: Sorry!, The application cannot be move forward

Chances for approval is very less:
+” Approval: 25.89%
3¢ Cancellation: 74.11%

Figure 10: The Result Page

The application will automatically predict the probability of
getting credit from particular institutions. This application
gives the credit approval and cancellation of both probabili-
ties. If the approval probability is more than 50%, then the
machine can predict the positive probability otherwise it will
be giving cancellation.

V. CONCLUSION AND FUTURE WORK

In this article, we used a machine learning technique to re-
search the dataset of bank credit to predict the ability to re-
pay customers. To decide which techniques are the best fit
for testing bank credit datasets, we used various machine
learning techniques on the dataset. The experiment shows

that the majority of the algorithms work credibly well in
terms of their precision and other algorithms, aside from the
k nearest neighbors' quality measurement metrics. The aver-
age accuracy of between 74% and over 8% was obtained by
both of these algorithms. We have also determined the most
significant characteristics that impact customers' financial
health. Compared to the case of using all the characteristics,
these most significant aspects are then used on certain cho-
sen algorithms and their output precision. No substantial
variation in their statistical accuracy and other parameters
was shown by the experimental findings. These effects have
a lot of repercussions. The system can be used as a method
to inform banks as to which variables are relevant in as-
sessing customers' creditworthiness. Besides, the outcome
showed that machine learning techniques are not sufficient
for the analysis of bank credit datasets. To establish the
danger framework of banks, we plan to create a hybrid ma-
chine learning model that will integrate the most critical
features that assess the ability to repay clients. A detailed
review of other supervised learning models other than these
three can also be conducted in the future to analyze the
strength of loan acceptance forecasting machine learning
techniques.
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