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Abstract—The American Rescue Plan of 2021 cause consumers
to spend and put money back into the economy in the COVID19
pandemic. As we begin to see light at the end of the tunnel, this
is good news for the banking industry and especially beneficial to
the working-class people.Here is the reality; in able for the banks
to grow, the banks need people, and the people need banks for
its money. It’s a very simple complex but yet simple relationship.
Think of it as one hand washes the other. Institutions such as
banks can only become bigger if they are able to profit and
capitalize from the interest it gains from its borrowers.

Index Terms—creditworthiness, institutional, discrimina-
tion,finance

I. INTRODUCTION

Based on the applicant’s current credit score, the lender
takes into consideration how likely the applicant will repay the
obligations of the debt on time. Once the lender determines
if the applicant is deemed not a risk and is worthy of credit,
the decision will be made if eligible to get the loan. [1], [2]
There are some very important factors other than credit score
that determine the approval of a loan application status. In
other words, proving to the creditors and lenders that timely
payments will be made will establish trust with any applicant.
Throughout this project, we will attempt to examine other
factors and find some patterns using datasets to determine who
can establish creditworthiness, without the use of institutional
discrimination [1].Machine learning models have different
application in finance and business section [3] [4] [5]–[16]

[17]and Health [6], [18] [19] [19] and Social Media [18], [20]–
[31].

II. LITERATURE REVIEW

The goal is to incorporate new data and harness AI to
expand credit to consumers who need it on better terms than
are currently provided. AI can easily go in the other direction
to exacerbate existing bias, creating cycles that reinforce
biased credit allocation while making discrimination in lending
even harder to find. Protection against discrimination in a risk-
based pricing system layered on top of a society with centuries
of institutional discrimination. [32]

AI will build on our existing system’s dual goals of pric-
ing financial services based on the true risk the individual
consumer poses while aiming to prevent discrimination (e.g.,
race, gender, DNA, marital status, etc.). Currently, there are not
enough sources of standardized information to base decisions
and too little credit being made available. Those conditions
allowed rampant discrimination by loan officers who could

simply deny people because they “didn’t look credit worthy.” 
[32], [33]

III. DATASETS

Getting reliable, relevant and clean dataset from the finance 
industry is a tedious task as the industry is governed by the 
strict federal rules. Cleaning the data to remove Personally 
Identifiable Information and share with general audience itself 
is a major task. After performing data exploration extensively, 
we were able to get hold of three different datasets which are 
from reliable sources and are relevant to our research topic. 

A. BigML.com. The dataset title: Loan Risk Data [34]

The dataset is taken from BigML.com.
The dataset title: Loan Risk Data [34] link:
https://bigml.com/user/bigml/gallery/dataset/4f89c38f1552686
459000033#info The dataset is about loan risk data. It is
having around 1000 records which shows the creditworthiness
of applications and contains 21 attributes.

B. Lending Club Loan Dataset 2007 2011

The other dataset we use in our project is “Lending
Club Loan Dataset 2007 2011” which is a big data set; it
contains around 39,000 rows and 111 columns [35]. Link:
https://www.kaggle.com/imsparsh/lending-club-loan- dataset-
2007-2011?select=loan.csv

C. Data on loan delinquency

The dataset is about loan delinquency, data has around
50,000 loans data and 19 attributes. The size of the dataset
is 4.3 MB. [36]

Link: https://bigml.com/user/bigml/gallery/dataset/4f8b5eae155268783e00000d?reload

IV. PURPOSED APPROACH

Like any other data science project, the approach we are
planning to use includes multiple steps. The steps we are
planning to follow are described in Figure ??.

The goal is already defined for this project, which is to find
the impact of social and economic factors on Creditworthiness.
While we already found one dataset [37], [38] to start with the
research, we will continue the research for more data sources,
which could help us investigate the problem. Subsequently a
data clean up activity is planned and then normalization and
grouping of data is also planned. In the next stage, we will
be looking for patterns and derive the required knowledge to
address the topic under consideration. Finding insights and



Fig. 1. ATTRIBUTES FROM LOAN RISK DATA

visualizing the same will be done at this stage. Next step
of using machine learning is a bit ambitious for us, with
which we will try to find clusters within the dataset(s) under
consideration to gain necessary wisdom to solve the problem
under consideration.

V. FRAMEWORK

Through the research done so far, we identified that the
below attributes have a significant impact on determining the
credit worthiness of a person.

• Education
• Marital Status
• Employment
• Income
• Property Type
• Rent and/or Utility payments
• Purchase history
In the next phase we are looking to find patterns among

them and the weightage of those attributes on determining
creditworthiness.

In typical situations, lenders use the credit score as the main
factor to determine if people were eligible for a loan. Since 45
million people do not have a credit score, we will use the AI,
ML to create a new framework called “qualification score”.
The qualification score is a calculation of multiple factors



such as social, educational, and financial factors to name a
few. Based on this information, then the lender can use the
“qualification score” instead of the credit score to determine
creditworthiness for those who do not have one.

We will use AI to adopt a new system to find a proper
way to rank each element based on the datasets we have. As
a result, a will inherit and then calculate the “qualification
score”. [33], [39]

VI. FINDINGS

VII. FEATURE WALK THROUGH

All applications should be given an equal opportunity and
accommodations to help gain access to the same lender model.
With the help of the most powerful tool available in the world,
artificial intelligence and bank institutions are collaborating
to provide new and alternative approaches to help increase
credit scores. With the help of alternative data source, Artificial
Intelligence and Machine Learning will make the decision-
making process for the lender much faster and provide an
insight on whom will repay their loans. [40]–[42]
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recommender system for improving automatic playlist continuation,”
IEEE Transactions on Knowledge and Data Engineering, vol. 33, no. 5,
pp. 1819–1830, 2021.

[28] S. Zad, M. Heidari, J. H. J. Jones, and O. Uzuner, “Emotion detection
of textual data: An interdisciplinary survey,” in IEEE 2021 World AI IoT
Congress,AIIoT2021, 2021.

[29] H. Yang, C. He, H. Zhu, and W. Song, “Prediction of slant path
rain attenuation based on artificial neural network,” in 2000 IEEE
International Symposium on Circuits and Systems (ISCAS), vol. 1,
pp. 152–155 vol.1, 2000.

[30] S. Zad, M. Heidari, J. H. J. Jones, and O. Uzuner, “A survey on concept-
level sentiment analysis techniques of textual data,” in IEEE 2021 World
AI IoT Congress,AIIoT2021, 2021.

[31] M. Heidari, J. H. J. Jones, and O. Uzuner, “Offensive behaviour detection
on social media platforms by using natural language processing models,”
2021.

[32] “New research shows that your looks, creditworthiness may go hand in
hand.” https://phys.org/news/2009-03-creditworthiness.html, 12 March
2009.

[33] A. Klein, “Reducing bias in ai-based financial services.”
https://www.brookings.edu/research/reducing-bias-in-ai-based-financial-
services/, 10 July 2020.



[34] bigml.com, “Loan risk data,” 14 February 2021.
[35] S. Gupta, “Lending club loan dataset 2007 2011.”

https://www.kaggle.com/imsparsh/lending-club-loan-dataset-2007-
2011?select=loan.csv, 29 May 2020.

[36] bigml.com, “Loanstats’ dataset,” 2021.
[37] A. Smith, “7 fundamental steps to complete a data analytics project.”

https://blog.dataiku.com/2019/07/04/fundamental-steps-data-project-
success, 4 July 2019.

[38] P. Meena, “Step-by-step guide to exploratory data analysis in
python.” https://towardsdatascience.com/an-introduction-to-exploratory-
data-analysis-in-python-9a76f04628b8, 14 August 2020.

[39] P. Crosman, “Can ai be programmed to make fair lending deci-
sions?.” https://www.americanbanker.com/news/can-ai-be-programmed-
to-make-fair-lending-decisions, 27 September 2016.

[40] A. Dobrin D.S.W., “It’s not fair! but what is fairness?.”
https://www.psychologytoday.com/us/blog/am-i-right/201205/its-not-
fair-what-is-fairness, 11 May 2012.

[41] R. Chawla, “How ai supports financial institutions for deciding cred-
itworthiness.” https://www.entrepreneur.com/article/310262, 11 March
2018.

[42] The New York State Senate, “Unlawful discriminatory practices in
relation to credit.” https://www.nysenate.gov/legislation/laws/EXC/296-
A, 2021.


