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Loan Under writing prediction using Deep learning techniques

PRANAVI PUSAPATI
x20155301

Abstract

One of the major flaws of the human-based system is that humans are naturally prone to
make mistakes. On the other hand, the digital system is far more accurate and efficient than
human activities. This will definitely improve the efficiency of the system. Machine learning
algorithms detect and detect errors in system information in a very short amount of time
compared to the time it takes a person to perform a task. In addition to diagnosing errors in a
timely manner, ML algorithms also eliminate the need for third-party operations. In fact, a
flawless system means being able to test accurate information, accurate information and
highly efficient customer service.

Lenders can incorporate machine learning into existing workflows to take advantage of it
without completely redesigning their business processes. Algorithmic errors and the ability to
handle lost data will help those lenders securely authenticate previously rejected applicants -
applicants. Therefore, ML has great potential to improve efficiency in the customer
acquisition process. The algorithm also helps in identifying applicants with high false criteria
- successfully turning bad candidates into good people. In the research study exploratory data
analysis has been conducted along with data analysis, data visualization, numerical values
analysis and checking data point correlation using heatmaps and data visuals. The loan
prediction is forecasted using neural network model with and without dropout function for
the neural network. The model evaluated using the classification report which include
accuracy score, precision value, F1-Score and recall value along with the model losses.

Index Terms: Deep learning model, Loan underwriting system, risk-based credibility
analysis, Target Attribute, Dropout function, classification report, accuracy score, precision
value, F1-Score and model losses.

1. Introduction

1.1. Background Scope

According to Valluri, Raju & Patil (2021), the application of the machine cleaning process in
the loan underwriting system is more predictive in bringing the prospects of managing the
overall understanding of the determinants factors that presents the overall ability of the
customers to avail a loan. It is important to note that the process of developing a machine
learning system in the loan underwriting process helps in increasing the process of
identifying the credit score that has been obtained by the company or the individuals who are
willing to gain the loan from the banking or financial services. It is effectively noted that
credit rating understanding is essential in order to gain a productive understanding of the
different types of industrial management processes. It is further important to note that
approaches of credit ratings by using the machine learning process is more focused on the
innovative techniques and the overall improvement that the financial sector will be indulging
in as a part of the machine learning techniques. It is important to note that the process of
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managing the quarterly database set of the macro and bank-specific variables helps in holding
a more constructive prediction of the credit ratifying of the banks. It is evidently important to
note that the identification of the credit rating process by means of using the machine
learning technique is highly important in the age of the fourth industrial process that critically
balances out the overall prospects of managing the subset of artificial intelligence in the loan
underwriting prediction system (Goldberg, Zaman, Brahma & Aloiso, 2021).

According to Li, Mirza, Rahat & Xiong (2020), the application of the loan underwriting
process through the initiation of machine learning is more focused on the management of the
sample prediction process. It leads to the critical understanding of the application of the
Artificial Neural Network more critically the Classification and regression trees are important
in rode rot to hold relevant and maintenance of the precision that is less in comparison to the
random aspects, which are not significant enough for the management of the loan
underwriting process. It is important to note the existence of a credit rating is a necessity in
order to understand the overall worthiness of the borrower. It will be selectively important in
order to identify the critical factors that are important in presenting the credit rating, as the
presence of inaccuracy in the credit rating will lead to the reduction in the relevancy of the
agents to be able to manage the assigned prospects of loan underwriting.

The application of ANN is effective as it helps in bundling a more useful and corrective
nature in targeting the variable from the different types of independent factors associated with
it. It is important to note that ANN holds the ability to maintain the prediction of the credit
risks metrics. The input note present in the model will be taking the weighted sum of the
independent variables present in the model whale; there is more focus presented in the non-
linear activation functions. It will be important to note accountability to the output to the next
layer while addressing more collective understanding on the hidden layers and understanding
is addressed accordingly (Breeden & Leonova, 2021). It is important to note that the process
of managing randomly allocated weights is more comprehensive than the inputs present for
each node considered. On the application of the same, the final target is placed in
correspondence to the output that is to be placed at each node to obtain the final output. The
final output is then calculated and compared with the actual value that is estimated to be
present based on the identification of the errors that has the possibility to be faced while
proceeding with the future credit analysis process.

1.2. Research Questions

RQ1: How to predict the loan underwriting by using the Deep learning and what are the
determining factors of loan underwriting and its effects on financial performance of both the
lender banks and the loan applicants?

1.3. Research Objective

Another aspect is the application of the retention model that is important to be addressed as it
will be bringing a more corresponding understanding of the literature that would be emerging
around the overall concept of the application for the Al. It is important to note that the
process of holding accountability to the management and the importance of the particular
attributes lead to the decision of the loan application while accommodating the human
knowledge and the overall historical data to be present (Ekin, 2020). It is important to note
that the widespread analysis of the retention model is further incorporated with the decision
support system that is used in the case of implementation, accuracy and computational
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complexity. It is further important to note that the application for the machine learning
process has been determined to be effective in predicting the delays that might be faced in
alliance with the overall prospects of managing the extent to which the delays are identified
to be predicted. It is important to note that the application of the loan delays and the four
modern out-of-the-box sentiment analysis techniques helps in determining that the
performance varies in it. This further led to the understanding that the application of the
dictionary-based and the two rule-based processes helps in managing the delay prediction
process by holding a more comprehensive approach to the domain-specific intentions of the
firm that are willing to proceed with the loan processing system (Shrivastava, 2018). It is
further noted that the domain-specific terms are more comprehensive in holding
accountability to the prediction process and further leads to the process of addressing
borrowing characteristics that will be presented by the borrower in the future.

1.4. Contribution and Research Challenges

The application of machine learning in the model of loan underwriting prediction system has
been highly effective in developing positive influences on the business and further held the
finance institutions to be able to indulge in the productive nature of loan offerings and
dealing was taken into account. It is important to note that the prospect managing and
implementing the underwriting prediction system is more constructive to the overall
understanding of the security process that is being taken into account. It is important to note
that the development of the loan underwriting system is highly focused on holding
accountability to the different types of activities that are based on security and legal issues
that might reduce the overall viability of the given system. It is important to note that the
development of the machine learning process in the loan underwriting system is mostly
related to the application of Al. However, the given application is more constructive to the
process of initiating a classification problem where the dependency on the variables to be
dichotomous and assigns false indications on the credit score in many occasions.

It is often noted that the application of Al-based loan underwriting systems is constructed
based on the legal framework that has been assigned by the financial institutions in the
different countries. This further brings in the ability of the company to maintain such
standards as needed. However, the amount of predictability is highly based on the framework
that is applied in order to maintain the regulation of the discriminatory lending process. This
further brings in the issue of security and legal systems leading to the requirement of
analysing the potential issues that could arise from the application of the frameworks
considering the workability of the Al that is being applied (Brahma, Goldberg, Zaman &
Aloiso, 2021). On many occasions gaining the personal information of the borrower by the
banking services providers along with the other financial institutions brings the issue of an
ethical consciousness that is projected by the borrowers while being obligated with it. This
leads to the further understanding that the issues of utilising Al is highly mandatory to
maintain faster processing of the loan lending process by speeding the underwriting system in
the companies. However, it is evident that the process of managing the system and the overall
legal obligatory are not definite enough in providing a clear understanding of the usability
and bias representation of the credit scores provided through the systems.



1.5. Conceptual Framework

Figure 1: Conceptual framework (Source: Self-created)

Based on the outlined conceptual framework represented in fig 1, it can be noted that the
given literature will focus on the understanding of the different ways in which the application
of machine learning has been effective in introducing valuation of the loan providers and
borrowers by applying the Loan underwriting prediction system. The use of the given system
is determined to be implementing different outcomes that are critically based on the increased
automation, valuable insights on the loan process, the lender and the borrower, the
identification of the loan types based on its possibility of provision and further helps in
reducing the processing time. It is further important to note that the identified variables are
focused on the understanding of the loan underwriting prediction system and its development
apart from the traditional pattern by using machine learning. The application of machine
learning will be subjected to the management of credit system checks that will be managing
the identification of the credit of the borrower. The literature categories the application of
deep learning and Al application on the Loan underwriting prediction system when integrated
with machine learning to increase the ability of the system to provide better opportunities.

2. Related Work

2.1 Previous work

Previously, there has been research conducted on the different types of underwriting systems
that have been developed by the banks and other financial institutions in order to gain an
identification of the income, assets, debts and property details that are needed to be lent a
loan. It has been critically identified that the loan underwriting system used previously had
been highly effective in addressing the presence of a financial expert for the financial
institutions in order to look into the matters of assessment and project the amount of risk that
is essential to be taken into account by the lender. Hence, the researchers were successful in
managing the overall understanding of the different benefits that were achieved from the loan
underwriting system. It reflects the amount of revenue that the financial institutions are going
to avail in order to hold the management of the credit underwriting system and further divides
into the process on whether the applicant is being credited worthy or not. This identification
has been defined to be carried out previously through manual processing that involved the
excessive time and speed delay leading to reduced ability of the system to maintain faster
revenue generation abilities (Rezina, 2020). It has been further noted that the current loan
underwriting systems are more focused on the automated processes that allow the loan to
obtain all the necessary information on the borrower is obtained collectively based on the
updates that have been made on the existing creditworthiness of the individual or institution
applying for the loan.

The process of underwriting has been identified to be effective in addressing the loan
approval process as to gather knowledge on the favourable portfolio quality and the overall
task function that is essential to be maintained and further needs to be avoided with any under
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risks to be present and possible. It has been collectively identified that the widespread
adoption of the automated decision-making process by holding Al is witnessed due to the
increasing computational power and further holding improvement in the optimization
algorithms. It has been further stated that the removal of the traditional loan underwriting
process is subject to be removed by means of collecting selective understanding on the
machine learning techniques that are to be presented into it. It is also important to note that
the complex models are further essential in order to hold the management of the good
prediction system while balancing accuracy with the capacity of the ML models. The
application of deep learning and other automated formats has been recognized by the
researchers that presented a key understanding of the vertical benefits to be obtained from the
process of automated loan underwriting system (Knight, 2019). The researchers further
estimated a projection categorisation on the greater appreciation essential in holding
management of the different types of loan lending systems and credit risk identification
process. Thus, it is to be noted that the previously conducted research has been highly
effective in presenting the overall aspects of the loan underwriting system that is being
categorically intertwined with the machine learning process to bring automation in the entire
activities presented.

2.2 Current Literature work

2.2.1 Traditional Loan Underwriting Process

According to Perkins (2018), conventional loans were usually provided by the financial
institution in replacement of the mortgage that used to be provided by the borrower and it
ensured that the loan was presented and guaranteed by the government. It is important to note
that the loan underwriting process was further addressed to overcome the process of
conventional loan providers through the mortgage process. It is further important to not hate
the loan underwriting process, as it has become a more common and widely used process that
has been followed by multiple individuals on a global note. The process of loan underwriting
allowed in managing an automated process of identifying the ability of the borrower to obtain
a loan that would be allowing the individual to gain the credit history of the borrower. It is
further important to note that the loan underwriting process was mostly conducted on a
manual pattern that was baked on checking it not the financial records while integrating the
value of the collateral that is being offered. It is important to note that the prospects of
managing the factors of underwriting have been highly focused on the overall size and the
loan purpose. However, Sachan, Yang, Xu, Benavides & Li, 2020) states that the most
common form of loan underwriting process involves mortgages that are present in the form of
the human underwriter. This formulation of the underwriting process is more focused on the
assessment of the incomes, the liabilities present, the saving of the individuals, their overall
credit history and the credit score that has been attained by the individuals based on their
financial activities carried out previously. However, the process of the traditional loan
underwriting process involved multiple challenges that were critically based on speed delay
and excessive consumption of time as needed. The application of the traditional underwriting
process has critically reduced the ability of the financial institutes to gain revenue as needed.



2.2.2 Loan underwriting prediction system

Loan Prediction System is a device system that allows in addressing and jumping into
specific applications so that it is effective in holding identification of the difference of
priority basis on presentation system. It can be noted that the prospects of managing the loan
prediction system are more effective in holding accountability to the management of
authority of Banking or financing service-provisioning companies. The process of prediction
is done in a private manner without the existence of any alteration in the processing of the
same. It is important to note that the loan underwriting prediction system is more critically
based on the wide range of activities that are mostly automated allowing easier management
and identification of the details needed of the loan borrower (Kumar, Shanthi &
Bhattacharya, 2021). The process of underwriting by means of applying the prediction system
involves the presentation of machine learning usage. This usage further allows in managing
the overall revenue that is present in one of the advanced steps in addressing the artificial
intelligence domain. It is important to note that the machine learning technique to understand
and use is more effective in addressing the prediction system.

2.2.3 Al in business management and finance

Al application in the financial industries and e-commerce has allowed in the presentation and
achievement of better customer experience that led to the presentation of an efficient supply
chain management process with the aspects of improved operational efficiency in it. It can be
noted that the application of collective management on the level of efficiency is highly
balanced through a wide range of activities that holds a more selective method of initialising
the maintenance of low costing as well. It is important to note that Artificial intelligence
refers to the process of the artificial fabrication system that is collectively present in the
minds of human individuals leading to a more systematic analysis of the natural language
learning process. It is important to note that the machine learning techniques adopted in the
process of imaging such operations are identified to be the most important Al technique that
to be utilised in the overall system. It is important to note that the relationship present in-
between machine learning and Al are subjective of the overall suitability of the business
management process and financial management process (Pallathadka et al., 2021). Hence it
can be united that the application of the Al in the business management, e-commerce and
finance process is further subjective to the installation of applications such as chatbots, image
search, handling customer data, recommendation systems, human resources, sales, and
financial applications such as credit scoring, loan underwriting and portfolio management. It
is further important to note that the act of managing the process of Al application as a
machine learning instance must be based on the different types of classifiers that are present.
It is important to note that the prediction of the class label for the collection of the input
qualities is a necessity in determining the overall situation that each business entity is
undergoing. Hence, the presence of the different types of artificial neural networks is based
on the development of the lending model that allows in the presentation and activation of the
different types of applications in the business process. For financial institutions holding
financial activities, it can be noted that the process of credit scores, loan underwriting and
management of the customer portfolio can be managed by using machine learning algorithms
that are critically able to classify the past data and further predict the future data (Pallathadka
et al., 2021). The algorithms are utilised further in order to hold accountability to the credit
scoring system, the loan underwriting system and their management activities, which are
important to be addressed in cutting the risks of fraud or loss of revenue.



2.2.4 Benefits availed for lender and borrower

There are multiple benefits present in the management of the machine learning application in
the loan underwriting prediction system for the lender and the borrower. The benefits are
majorly based on the wide range of activities that help in managing the process of loan
addressability and increase the overall workflow on the loan system in the financial
institutions. It is important to note that the overall process of developing cloud scalability
further leads to the easier matching of workflow demands that helps in increasing the scope
of successful decision-making. The application of the automation system that is present by
the machine learning process allows in increasing the risk removal process for the lender as
well as the borrower. It is important to note that the decision rules are driven by the overall
workflow that is preceded in the automated loan underwriting system.

It is further important to note that the process of managing the assigned application is more
specific to the underwriting queues that are further based on the dealer, geographic status,
watch list and the other listed criteria present helping in the management, categorisation and
prioritizing the applications (Sabharwal, 2018). Based on the dealer presence, it is important
to note that the prospect of managing and establishing the different rules are more focused on
the premiere dealers vs the standard dealers present. It is important to note that the process of
holding accountability to the auto-approved applications while enabling the near-
instantaneous response is more effectively qualified applicants leading to further management
of the auto-declination to the applicants who are falling outside the policy guides present. It is
further important to note that the presence of machine learning helps in maintaining the
presence of analytics in the entire loan underwriting system. This helps in increasing the
number of insights generated on the overall process of identifying the potential bottlenecks
present in the current underwriting process used by the companies. It is important to note that
the application of machine learning helps in presenting a more configurable workflow that
helps in developing performance data on the different types of underwriting processes. It is
further important to note that the overall evaluation of the underwriting process trends to hold
critical management of the capabilities of the entire loan underwriting workflow system.
Apart from addressing the overall management in the loan workflow process, it is important
to note that the presence of mobile application systems is more predictive in holding a typical
analysis of the wide range of applicants’ information from any location. It is highly important
to note that the prophet of digitizing the documents and automatically initiating the overall
underwriting workflow helps in managing the tasks that are essential to be addressed and
managed to far in providing the loan to the desired individuals. It is important to note that the
application of Al in the loan underwriting system helps in streamlining the entire loan
processing system into different segments that are further merged automatically to finally
obtain the actual response to the same (Gikay, 2021). It is important to note that the
application for a machine learning process in the loan underwriting system helps in
increasing the flexibility of the loan providers. The lenders are more subjective to the
understanding of the processing time that is needed to present the loans. It further helps in
managing a more critical understanding of the data security prospects and the storage ability
of the company or the lender accounting to the borrower’s information. It is important to note
that the process of managing the deep learning-powered models is subjected to the process of
loan applications and helps in increasing the total productivity of the loan granting system.
According to Tappert (2019), the increased automation rate and the invention of the different
training models as per the machine learning process, will be projecting the overall reduction
in the work force needed to proceed with the underwriting system. It is important to note that
the process of managing the reduced work force and reduced costing will be collectively
important in holding accountability to the overhead costs that are reduced by means of using
the advanced deep learning models present in it. In terms of addressing the presentation of
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valuable insights, it is important to note that the application of the training models leading to
the development of the different layers of neural networks critically increases the difference
between the data present and the noise that are existing along with it. It is important to note
that the process of exploratory data analysis techniques holds accountability to the deep
learning models those characteristics the overall insights on the borrower's ability to repay the
amount of loan that is to be provided (Pillai, Woodbury, Dikshit, Leider & Tappert, 2019).
Apart from this identification, the application of the machine learning process allows the
lenders to gain an identification of the bad loans and the good loans.

2.3 Literature Gap

In previous research, there has been an effective understanding of the importance of the
underwriting system as depicted by the different researchers present. However, it is important
to note that the process of managing the overall underwriting system by focusing on the
different types of activities that are bound by the legal proceedings and application of the
machine learning algorithms were not discussed significantly. The discussion was majorly
emphasised the potential intention of the system and the probable benefits that would be
obtained. However, the given research will be reducing the gap of determining the factors
that are essential to consider in projecting an analysis of the Loan underwriting prediction
system. The current research will be more effective in drawing out identification on the need
for maintaining the machine learning process to obtain effectiveness for the lender and the
borrower as a whole. It critically helped in presenting a more comprehensive undressing on
the need for credit scoring process through the application of the loan underwriting system.

2.4 Summary

Thus, it can be concluded that the given literature has been highly effective in bringing
insights on the overall importance of managing the loan overwriting prediction system. There
has been a critical undertaking on its potential benefits and challenges. The literature was
effective in addressing an overall understanding of the machine learning process that is
applied in the prediction system.

3. Research Methodology

3.1. Introduction

Multiple theorists and researchers who have worked on the given topic of loan underwriting
production systems by means of using machine learning base the literature review on creating
an understanding of the different kinds of literature that has been drawn. The chapter
provides a clear understanding of the previously conducted literature on the loan overwriting
system while paying importance to identifying the potential gaps met through the current
literature developed. A discussion on the conceptual framework of the literature is presented
to depict the different variables followed to present the literature and the overall flow of the
literature is demonstrated.

3.2. Workflow

The proposed system consists of four features that are considered for design and
implementation. These four factors are briefly described below.



1. Reduced processing time: Deep learning model reduces data protection and storage as well
as processing time for the entire system. Models with in-depth study capabilities can process
loan applications in a matter of seconds, thereby increasing credit system productivity.

2. Improved automation: The use of models based on in-depth learning algorithms enhances
automation steps with lower operating power and associated costs. Overhead cost can be
reduced by using these advanced learning models.

3. Critical understanding: Models provide important details because these models can easily
distinguish between data and audio and other data analysis methods are completely ignored in
the case of traditional models. With these Deep Learning models, a large amount of data store
and data management is possible.

4. Bad Loan Choice and Current Loan Monitoring: Machine learning and in-depth learning
models allow the company to determine the type of debt and distinguish good debt from bad
debt based on default rates.

Exploratory Data
Analysis

4
Data Pre-processing ‘

i

\ Feature Extraction ‘

Model training

I - 1
Deep learning Deep learning
Model Model
(training) (testing)

l Model Score J

!

Best Model
Selection

Figure 2: Methodology Diagram

(Source: Self-created)

The figure depicts the methodology diagram that is followed for the research study
completion. Data collection and data gathering is the initial step after which data cleaning,
data pre-processing and exploratory data analysis takes place. After the data is prepared for
deep learning model training, testing and evaluation it is trained and tested with two different
deep learning model with dropout and without dropout layer and the comparative analysis is
done to analyze the best suited model for the selected loan underwriting dataset.

Banks offer loans to consumers based on a variety of factors. Neural Networks is utilised to
record the loan and decide whether to approve or reject the loan application. Banks want to
reduce the failure rate of loan applications and increase repayment rates. The failure rate of
loans approved using neural networks has been seen to be lower than some of their best
traditional methods. Some credit card companies now begin to use neural networks in
deciding whether to offer the application. The process works by analysing past failures and
making current decisions based on past experience. Hence the neural network is employed for
predicting the loan under writing.

3.2.1. Data Collection and Pre-processing



credit.policy intsa
objact
Floatea
nt Floatea
ual.inc Floatea
Floatsa
intsa
th.cr.line Floatsa
intsa
il floatsa
ast.smths intca
Q.2yrs intsa
ec intsa
S Fully.paid intsa
dtype: object

Figure 3: Data type analysis

(Source: Python Code)

Data collection for the loan underwriting prediction refers to the customer records to the
customer whose loan was sanctioned after their background verification. The collected data is
used as the input in the form of training data subset into the deep learning model. Missing
values from both the training and testing data subset is filled with the mean values of the
respective data attribute.

The dataset consists of collection of various data attributes and features which are essential
for the selection of the target attribute and deep model training. The deep learning model is
trained using the training dataset and tested for the evaluation metrics using testing dataset.

<class "pandas.core.frame.DataFrame’ >
RangeIndex: 9578 entries, @ to 9577

Data columns {total 14 columns):

# Column Mon-Null Count Dtype

@ credit.policy 2578 non-null intsa
1 purpose 2578 non-null object
2 int.rate 2578 non-null floatsa
2 installment 2578 non-null floatea
4 log.annual.inc 2578 non-null floatea
E dti 2578 non-null floatsa
& fico 2578 non-null intsa
7 days.with.cr.line 9578 non-null floatsa
2 revol.bal 2578 non-null ints4a
=} revol.util 2578 non-null floatsa
1@ ing.last.Bmths 2578 non-null ints4a
11  deling.2yrs 2578 non-null ints4a
12  pub.rec 2578 non-null ints4a
12  not.fully.paid 2578 non-null intsa

dtypes: float64(6), ints4(7), object(l)
memory usage: 1.8+ MB

Figure 4: Data description analysis

(Source: Python Code)
The figure depicts the data description of the 13 data attributes in the dataset. It can be
observed that all the data attributes are of numerical data type with non-null values. There are
total 9578 data features or rows and 13 data attributes or data columns present in the data
frame.

# checking the wvalues present in the not fully paid column
df["not.fully.paid"].value_counts()
a 8845

1 1523
Name: not.fully.paid, dtype: ints&4

Figure 5: Data label attribute (not.fully.paid) analysis
(Source: Python Code)

# checking the wvalues present in the Employement

df[ "purpose’].value_counts()

debt_consolidation 3957
all_other 2331
credit_card 1262
home_improvement 629
small_business 619
major_purchase 437
educational 343

Mame: purpose, dtype: inte4

Figure 6: Data label attribute (purpose) analysis
(Source: Python Code)
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The above two figures depicts the data labels for the data attribute purpose and not.fully.paid.
The purpose attribute has 7 different data labels and not.fully.paid attributes has two data
labels.

3.2.2. Feature Selection and Extraction

S.R. Fearture selection based on Descriprion of features
customer behavior

1 loan_ policy 1 If the customer meets the loan
inderwriting criteria, and o otherwise

2 type__of purpose This refers to the purpose of the loan

3 int_rate I'he interest rate of the loan

4 days__ The no. of days to loan sanctioned

5 ing The loan holder inquiries

& >__of_installment The monthly installments owed by loan

holder if the loan is sanctioned

loan_fully_paid_or_not This

cates whether the loan was fully

paid r or not

Figure 7: Feature selection and description

(Source: Python Code)
The above figure depicts the feature selection based on the customer behaviour and the brief
data description of the data features. The data features are labelled as 0 or 1 based on the true

or false values.
Purpose for Loan

gebt_censolidation

gebt_consoln

a1.31%e
—

<_

all_other 243456

sssssss

home_improvement

credict_card

Figure 8: Pie-chart for the purpose for Loan

(Source: Python Code)
The figure above depicts the pie-plot for the various reasons for the loan purposes. There are
seven different data labels based on which the purpose of the loan is described. The data
labels namely debt consolidation, all other, credit card, home improvement, small business,
major purchase and educations are considered.

Not fully paid loans
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Figure 9: Bar plot for not fully paid loans data attribute

The figure above depicts the energy density distribution for the instalment data attributes.
The x-axis of the plot represents the loan instalments and the y-axis represents the density
of the instalment variation. (Source: Python Code)

Figure 10: Energy density distribution for installment data attribute

The figure above depicts the bar plot for not fully paid loans data attribute. The blue bar

represents the fully paid loan instalment values and the orange bar represents the not fully
paid loan instalment values.

Average Percent Income by Loan Status

1
not fully.paid

Figure 9: Box plot for average percent Income by loan status data attribute

The figure above depicts the box plot for the average percent income by loan status data attribute.
The x-axis represents the not fully paid data labels of 0 or 1 and y-axis represents the logarithmic
value of annual income of the loan applicator. The box plot describes the highest value, lowest value
and the median value of the data representation.

(Source: Python Code)
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Figure 10: Box plot for the average installment with the loan purpose
(Source: Python Code)

The figure above depicts the box plot for the average instalment with the loan purpose data
attribute. The x-axis represents the purpose of the loan by the loan applicator and y-axis represents
the logarithmic value of annual income of the loan applicator. The box plot describes the highest
value, lowest value and the median value of the data representation.
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Figure 11: Data visualization for the data attributes

(Source: Python Code)

The figure above depicts the data visualisation for all the data attributes from the dataset. It can be
observed that there are data attributes with categorical and numerical values of binary nature as
well. The categorical values are represented as continuous form and the binary numerical values are

represented as the bar plots.
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Figure 12: Heatmap for Correlation for the data attributes

(Source: Python Code)

The figure above depicts the heatmap for the correlation for the data attributes present in the
dataset. The gradient in the heatmap represents the correlation amongst the data attributes, the red
gradient depicts the negative correlation between the data attribute and the blue gradient

represents the stronger correlation between the data attributes.
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Figure 13: Depiction of the data imbalance for the not fully paid data attribute

(Source: Python Code)
The figure above depicts the bar plot for not fully paid loans data attribute with data imbalance
depiction. The blue bar represents the fully paid loan instalment values and the orange bar
represents the not fully paid loan instalment values.
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Figure 14: Depiction of the data re-distribution for the not fully paid data attribute

(Source: Python Code)
The figure above depicts the bar plot for not fully paid loans data attribute with re-distribution of the
data. The blue bar represents the fully paid loan instalment values and the orange bar represents
the not fully paid loan instalment values. The re-distribution of the data is done to overcome the
problem of data imbalance for two different scenarios of 0 or 1 of not fully paid data attribute
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Figure 15: Plot for the borrower's revolving balance analysis
(Source: Python Code)

The figure above depicts the plot for the borrower’s revolving balance analysis. The analysis depicts that the
loan was returned on time by most of the loan borrowers.
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Figure 16: Data visualization for the FICO data labels with 1 or 0 credit policy value

(Source: Python Code)
The figure above depicts the stacked bar plot for the FICO data labels with 1 or O credit policy value.
The x-axis represents the FICO score value and the y-axis represent the credit policy number.
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Figure 17: Data visualization for the FICO data labels with 1 or 0 not.fully.paid value

(Source: Python Code)
The figure above depicts the stacked bar plot for the FICO data labels with 1 or 0 not fully paid. The
x-axis represents the FICO score value and the y-axis represent the loan payment instalment
number.
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Figure 18: Stacked bar plot for the loan purpose data labels with 1 or 0 not.fully.paid
value

(Source: Python Code)
The figure above depicts the stacked bar plot for the loan purpose data labels with 1 or 0 not fully
paid value. The x-axis represents the FICO score value and the y-axis represent the count of loan
instalments.
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Figure 19: Scatter plot for the interest rate versus FICO value

(Source: Python Code)
The figure above depicts the scatter plot for the interest rate and FICO score values. The x-axis
represents the FICO score and y-axis represents the interest rate value.

not fully.paid = 0 not fully.paid = 1
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Figure 20: Scatter plot for the FICO values versus interest rate values for the 0 or 1
not.fully.paid data labels

(Source: Python Code)
The figure above depicts the scatter plots for two different scenarios with not fully paid data
attribute label as 0 or 1. The x-axis represents the FICO score and y-axis represents the interest rate
value. The red scatter points represent the credit policy value of 0 and blue scatter points represents
the credit policy value of 1.

Figure 21: Heatmap for the data attribute
(Source: Python Code)
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The figure above represents the heatmap for the data attributes of the data frame. A heat map
is a two-dimensional tabular representation of data with a range of values represented by
different colours which provides a visual summary of information and helps to understand
complex data sets.

In basic terms, a heat map is an eye-catcher which gives extreme colours to extreme values,
so they are easily visible.

4. Design Specification

Machine learning and deep learning techniques are used for the deep model’s
implementation.

Reducing processing time - Al not only helps keep data safe and secure, but also significantly
reduces data processing time. Al-enabled algorithms allow fintech companies to be ahead of
brick-and-mortar banks and other financial institutions by processing loan applications in just
seconds. Loan documents used to be time consuming and subject to errors, but are now faster,
cheaper and more error-free due to their simplicity.

More Defaults - Starters use Al to reduce employee capabilities and structure related to
stability cost. Fintech companies can offer products and services at cheaper prices than asset
banks. Robot analysts eliminate the need for debt management and are ready to take on the
role of debt decision makers over time.

Key Considerations - Survival of every company today depends on the ability of managers to
distinguish between data and sound. It is important to get effective insights from the terabytes
of data generated by everyday consumers. Al's ability to draw visual patterns on complex
data sets transforms the game. It helps companies improve their business strategy and make
complex decisions. The lending company can analyze two profiles that look the same in all
respects, but one is credit denial and the other credit is granted. Al has a comprehensive look
at the quality parameters and is estimated to have thousands of single applications. This level
of understanding is impossible for humans.

The lender can create a ‘classifier’, a simple algorithm for authenticating a loan application.
Through machine learning, the loan application department can learn from past applications,
apply current information to the application and assess the future behavior of the loan
applicant.

Bad loan selection also helps in monitoring ongoing loans - companies can use machine
learning and market data to find out what types of loans have the highest default trend. Based
on that, the lender can take steps to avoid these situations. Also, machine learning has the
potential to distinguish non-traditional borrowers from non-targeted lenders, thereby
representing growth opportunities within companies.

5. Implementation

5.1.  Neural Network without dropout function
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Figure 22: Data attributes as the inputs for the deep learning models
(Source: Python Code)

from sklearn.model_selection import train_test_split

to_train = final_data[final_data[ 'not.fully.paid'].isin([@,1])]
to_pred = final_data[final_data[ 'not.fully.paid'] == 2]

X = to_train.drop( 'not.fully.paid’, axis=1).values
y = to_train[ 'not.fully.paid'].values

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=8.3, random_state = 181)

from sklearn.preprocessing import MinMaxScaler

scaler = MinMaxScaler()
X_train = scaler.fit_transform(X_train)
X_test = scaler.transform(X¥_test)

X¥_train.shape

(11263, 15)

Figure 23: Data segregation into training and testing data subset

(Source: Python Code)
The figure above depicts the data splitting into training and testing data subset with the ratio
of 70% and 30% respectively. Data splitting is necessary to evaluate model performance, we
need data that model has never seen before. Further by using a test set we can determine if
model is underfitting or overfitting the data.

Model: "sequential”

Layer (type) Output Shape Param #
=;;;:;=(Dense} (None?=;Z; 1584 T
dense_1 (Dense) (None, 38) 2850
dense_2 (Dense) (None, 15) 4/5
dense_3 (Dense) (None, 1) 16

Total params: 4,835
Trainable params: 4,835
Non-trainable params: @

Figure 24: Model summary for deep learning model without dropout function
(Source: Python Code)
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5.1.1. Evaluation metrics and loss plots

— loss
val_loss

055

o 5 50 75 100 125 150 175 200

Figure 25: Loss curve plot for total model loss and valance loss with epoch size as 200

(Source: Python Code)
The figure above depicts the loss curve for the total model loss represented by the blue curve
and valance loss represented by the orange curve for the total of 200 epochs.

[[ 895 1742]
[ 57 2333]]
precision recall fi1-score  support
e 8.92 8.29 a.44 2437
1 8.57 8.98 @.72 2390
accuracy @.63 4827
macro avg 8.75 @.e3 a.58 4227
weighted avg 8.75 8.63 a8.58 4827

Figure 26: Classification report for model without dropout layer

(Source: Python Code)
The above three figures depict the model summary, model loss curve plot and classification
report for the deep learning model without the dropout layer. The model has 4,835 trainable
and total parameters.

5.2. Neural Network with dropout function
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Model: "sequential_1"

Layer (type) Output Shape Param #
Tdense_s (Dense) | (None, 0a)  1ses

dropout (Dropout) (None, 94) a8

dense_5 (Dense) (None, 38) 2858

dropout_1 (Dropout) (Mone, 3@) a8

dense_6 (Dense) (Mone, 15) 455

dropout_2 (Dropout) (Mone, 1%) a8

dense_7 (Dense) (None, 1) 16

Total params: 4,835
Trainable params: 4,835
Non-trainable params: @

Figure 27: Model summary for deep learning model with dropout function
(Source: Python Code)

5.2.1. Evaluation metrics and loss plots

— loss
0.68 val_loss

0.66

0.64

0.62

0.60

0.58

0.56

o 25 50 75 100 125 150 175 200

Figure 28: Loss curve plot for total model loss and valance loss with epoch size as 200

(Source: Python Code)
The figure above depicts the loss curve for the total model loss represented by the blue curve
and valance loss represented by the orange curve for the total of 200 epochs. It can be
observed that the curve converges with the addition of dropout layer in the deep learning
model.
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[[ 459 1978]
[

5@ 2348]]
precision recall fl-score  support
e 8.98 8.19 @.31 2437
1 8.54 8.98 a.7a@ 2398
accuracy 8.58 4227
macro avg 8.72 @.58 @.5a8 4327
weighted avg 8.72 8.58 8.58 4827

Figure 29: Classification report for model with dropout layer

(Source: Python Code)
The above three figures depict the model summary, model loss curve plot and classification
report for the deep learning model with the dropout layer. The model has 4,835 trainable and
total parameters. It can be observed that using the dropout layer improves the overall model
performance with better accuracy score and minimum loss. The dropout layer prevents the
model from over fitting for both the training and testing data subsets.

6. Result Analysis
The table below depicts the model comparison of the deep learning model with and without
the dropout layer. The model comparison is carried out based on the evaluation metrics
obtained after training and testing the deep learning models for 200 epochs and 44 batch size
for both models.
Deep Model Total Valance Valance Precision Recall F1-
learning Accuracy model  accuracy loss value value Score
Model value loss value value

value
Model-1 0.65 0.61 0.63 0.62 0.92 0.29 0.44
(Deep
learning
model
without
dropout
layer)

Model-2 0.70 0.55 0.69 0.58 0.90 0.19 0.31
(Deep

learning

model  with

dropout

layer)

From the above table for the model comparison, it can be observed that the model with the
dropout layer has better model performance with higher accuracy score and lesser total model
loss.

Dropout is a method of regularizing neural networks. During training, neurons in a particular
layer are always affected by the output of a specific neuron in the previous layer. In that case,
the neural network becomes overfit.

Prevents and regulates overfitting by randomly cutting connections between neurons (also
known as dropout connections) in the dropout row layers.

7. Conclusion and Future work
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7.1. Discussion

The loan underwriting prediction system is more focused on the management of the different
types of automation processes that are included in the system to ease out the process of
demystifying the credit risk and other possibilities. It is important to note that the loan
underwriting prediction system removes the overall challenges that were categorically present
in the manual and paper-based underwriting practices. The prediction system helps in
removing the lack of consistency, accuracy and availability along with the presence of time
consumption. It is important to note that the process of automation further holds
accountability in managing the streamlining activity in disparate systems and provides a more
reliable and consistent data flow management to be held at the given stage of the loan
origination process. It is further important to note that the practice that is followed in the loan
underwriting prediction system is more focused on delivering solid audits and the control
benefits as needed and further led to the customer management system in a more formative
process. It is important to note that the process of holding loan decisions and new
relationships with the financial institutions along with the other necessary information from
the overall prospects of customer satisfaction and increased bank revenue is managed by the
presence of the prediction system.

It is categorically important to note that the process of automation can be highly effective in
building inconsistency and further delaying the overall manual collection of financial data. It
is further important to note that the process of customer information gaining is more
effectively processed by the removal of inconsistency and delays that were not effectively
present in holding collective financial data. It is important to note that the customer-facing
web-based portals further involve the presence of Application program interfaces that can
collectively indulge in the process of facilitating the digital on boarding of the newer
prospects and increase the scope of customer data that is strategically placed into the loan
origination platform of the lender.

7.2. Conclusion and Future work

In this study, we have provided a solution for bank employees to predict the approval of a
particular customer loan using a professional model. The main purpose of predicting
borrowing strategies is to identify and evaluate the type of loan applicants. Graphs generated
during the data visualization phase provide additional clarity about prediction. These graphs
also provide information on identified short-term loans, as are most popular with loan
applicants. Borrowing forecasting strategies help the banking sector to predict the future of a
loan and its condition. This enables bank employees to take action within the first few days of
loan approval.

The proposed approach will be very useful in the banking system for better targeting and
recruiting new customers. The LSTM model provides valuable information to avoid major
financial losses in banking institutions. The use of deep learning-based approaches to the
proposal model provides excellent accuracy. In the future, efficient machine learning
algorithms along with data analysis can be used to improve the accuracy and retrieval of
accurate model results.
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