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Article Info Abstract
Received: 27 December 2023 Having a poor credit score or no credit history can restrict options for
Accepted: 11 January 2024 both housing and employment. This study seeks to mitigate the issue of

Available online: 12 December 2024 credit invisibility among the low-income demographic with limited
credit history by using tenant credit scoring web application. In this
study, a credit scoring model is created using tenants’ attributes,
monthly rent and rental payment history through the implementation of
Tenant Credit Scoring, Credit History, graphical user interface. A simple logistics regression is applied to
Logistics Regression, Web compute the credit score of tenants based on their characteristics.
Application Based on the findings of this study, the primary determinants of the
tenant's credit score include gender, age, the number of months with
late payments, the expense-to-income ratio, and the previous monthly
rent. The development of the web application involves the utilization of
HTML, CSS and flask library in Python. Finally, the web application is
developed and the creditworthiness of a tenant is calculated and
displayed in a credit scoring model.
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1. Introduction

Housing affordability has become a major concern in many countries including Malaysia due to the significant
increase in housing prices which have surpassed income growth rates, resulting in greater challenges for
individuals seeking to purchase or rent homes. To measure housing affordability, National Housing Department
Malaysia [1] state that a prevalent approach involves analyzing the median household income in a particular
locality against the median price of houses or rent. When the ratio of housing cost to income surpasses a certain
threshold, this could suggest that the housing is beyond the means of many individuals in the region. The median
monthly gross income of households was RM5,209 in the year 2020, which was lower than the previous year’s
median of RM5,873 [2]. During the Tenth Malaysia Plan period from 2011 to 2015, a total of 102,201 affordable
homes were completed through various initiatives that aimed to meet the specific needs of different target
groups. The Perumahan Rakyat 1Malaysia (PR1MA), Program Perumahan Rakyat (PPR) and Rumah Mesra
Rakyat 1Malaysia were designed by the government of Malaysia to assist the low-income households [3].

The development of credit scoring model has become a crucial concern due to the intense competition in the
credit business and issues with bad debt [4]. A credit score is a creditworthiness tool used by bank or other
financial institution to determine the loan eligibility of a borrower. The higher the borrowers score in model, the
higher the loan will be [5]. In the past, the presence of prior financial actions such as loan repayment is required
to assess creditworthiness. The strict standards made it so that individuals who had little to no financial history
were unable to establish credit, therefore making them ‘credit invisible’ [6]. In rural areas, housing loan
applications from the B40 group are commonly declined by banks, often due to their classification as 'credit
unscored' or 'credit invisible’. As a result, these individuals usually resort to renting properties. Unfortunately,
their rental payment history does not play a significant role in housing loan applications.
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This research discovered that several factors were responsible for the rejection of home loan applications.
These included poor state of the Central Credit Reference Information System (CCRIS), inadequate income,
insufficient creditworthiness, a high rate of defaults, concerns about the ability to recover loan and auction
operating costs, incapability to repay the loan, absence of evidence of regular income, the lack of collateral, and
inability to provide a down payment. As a result, the Malaysian government has implemented several programs
over time with the aim of making housing affordable and accessible to its citizens [7]. Additionally, private credit
reporting agencies such as Credit Tip-Off Service (CTOS) and RAM Credit Information Sdn Bhd. (RAMCI) provide
Malaysians with their reports and credit scores. There are two main credit scoring models which are FICO
scoring model which also known as the Fair Isaac Corporation and the VantageScore model was introduced by
Equifax, Experian, and TransUnion in United States [8]. Table 1 shows the characteristics of credit scoring
models.

Table 1 Characteristics of credit scoring website

Credit Depend on Must Include
Scoring Credit History Purchase Advertisement
Model
FICO / / / /
VantageScore / / / /
CTOS / / / /
RAMCI / / / /
Our proposal model /

Individuals in economies with low incomes are unable to obtain a credit or bank account due to their lack of
financial history which makes it impossible to assign them a credit score. Therefore, some credit bureaus help to
assess the accuracy of the models using non-traditional data instead of traditional data such as credit card usage,
loan repayments and mortgage history to anticipate credit risk for new accounts in lieu of credit history [9].
Credit scoring utilizes non-traditional data such as rental and utility payments, delinquency, traffic violations,
bankruptcy, legal proceedings, employment data [6].

Various credit scoring models have been created by banks and researchers to address the classification
issue based on factors like age, credit limit, income, and marital status. These models include linear discriminant
analysis (LDA), logistic regression (LR), multivariate adaptive regression splines (MARS), classification and
regression tree (CART), case-based reasoning (CBR), and artificial neural networks (ANNs) [4].

Credit scores have a significant impact on various aspects beyond the loans one can acquire or the interest
rates they are charged. Credit scores serve as a financial instrument, but their effectiveness can either be
constructive or destructive based on their quality. Therefore, this study aims to raise the creditworthiness of the
demographic with modest income and restricted credit history, thereby increasing the possibility of approval of
their mortgage application.

2. Methods

The emphasis of this study is on the demographic with modest income and restricted credit history, the debt-to-
income ratio factor is substituted with the expense-to-income ratio [10]. Hence, gender, age, monthly income,
household income group, expense-to-income ratio, number of dependents, previous monthly rent and number of
months late payment are the factors that are contemplated to affect the tenant credit score. The analysis also
includes examining how the considered factors affect the tenant's credit score, and if any factor is found to have
minimal significance in the model, the logistic regression parameters will be recalculated after removing that
factor. In the meantime, a credit scoring model for the tenant is proposed, utilizing the generated probability of
the tenant defaulting. Hence, a proposed tenant’s credit scoring model using graphical user interface is
evaluated.

2.1.1 Simple logistics regression

In a linear regression model, we assume that the outcome variable can be represented or described by
g(X):ﬂ0+ﬁ1X1+g' (1)

where X is independent variable, f is the logistic regression parameter. The ¢ is distributed with a mean of zero
and a constant variance in linear regression. The logistics regression model is [11]
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where 7(X) is the conditional probability of tenant defaulting and g(x) is the simple logistics regression.

2.1.2 Maximum likelihood estimation for logistic regression
The natural log of the likelihood function, L() can be defined as

N 3
L(p) = Z{Yi In[7z(x )]+ Q- y;) In[1—7(x)1},

since the dependent variable in this study is a binary outcome [11].
When the training data is separated, solving the separation problem requires the utilization of a new
objective function. This objective function incorporates penalty ridge regression on L(f) as depicted in

Equation (4) [12].
minimize F(f)=-L(8)+ AR(S) 4)
p
R(B) =25,
j=1

where A is a positive regularization strength, R(f) is ridge regression and p is the number of independent

variables considered. The closer the A is close to zero, the smaller the effect of the ridge penalty term.
Consequently, a value of 0.1 is chosen over 0.01 as the optimal A in this study [5].

2.1.3 Credit scoring
Based on the analysis of logistic coefficient ( A =0.1), the logit of the model is written in Equation (5) [5].

g(x) = —7.5989 +1.2831x, +0.3265x, —0.2327x, — 0.1406Xx, (5)
+1.0339x, —0.2294x, —0.9136X, +2.3615x, ,

where X = gender, X,= age, X;= monthly income, X, = household income, X, = expense-to-income ratio, X, =

number of dependents, X, = previous monthly rent, and X, = number of months late payment.

2.1.4 Tenant credit scoring model

In this research, we presented a credit assessment framework that includes a credit rating scale ranging from
zero as the lowest score to 100 as the highest score. In the suggested model, a tenant with a reduced probability
of defaulting will be assigned a higher credit score. The proposed credit score of the tenant is computed as
Equation (6)[5].

Credit score =100 (1 - ﬂ(X)) . (6)

2.1.5 Web application

This study presents a web application that offers a user-friendly graphical interface, designed specifically for
Malaysian tenants who lack a credit history, to access their credit scores. The application operates online,
allowing individuals to conveniently assess their creditworthiness without traditional credit records. The
development of the web application involves the utilization of HTML, CSS and flask library in Python. Flask
handles the backend logic, including routing, handling requests, interacting with databases, and generating
dynamic content. HTML is used to structure and define the content of web pages, specifying how data should be
presented to users. The web application might include several tasks such as retrieving credit score data,
calculating credit score of tenants, displaying the credit score and automated scoring updates. This combination
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of technologies enables the creation of an interactive and dynamic user interface for the application. This
research is to enhance the graphical user interface of tenant credit scoring by utilizing Python programming.

3. Results and Discussion

Fig. 1 shows the flow chart of algorithm for generating tenant credit scoring.

Start <

All required
input

Warning
Message

Convert all input data into numerical values ( X;,..., Xg)

!

9(x) = —7.5989 +1.2831x, +0.3265x, — 0.2327x, —0.1406%,

+1.0339x_ —0.2294x_—0.9136x, + 2.3615x,

1
()= 1+e%0

A4
Credit score =100(1— 7z (X))
*Round to 2 decimal places

A

Degree measure of the angle formed by arc at the centre of circle
Credit score
=——x360

100
*Rating based on overall credit score

v

Tips to maintain or improve score

A 4

End

Fig. 1 Flow Chart of Algorithm for Generating Tenant Credit Scoring

The web application is developed using HTML and Flask Library in Python. The home page of the web
application contains 3 parts which are personal information, employment information and miscellaneous
details, as illustrated in Fig. 2.
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TENANT CREDIT SCORING

TERSONAL INFORMATION ] *This calculator is free to use for providing credit scores for the tenant in
Malaysia. The credit scoring aims to increase the confidence of future
Name: Nam property investors and developers to accept the low income group,
Gender: . especially the B40 group, as their potential consumers. In addition, the
- = credit scoring has potential to support the tenant's loan application. HNote

Age: Age that this application oaly applicable for the tenant with at least latest 6
Date of Birth: Date of Birth B

Marital Stans: W\
[reeovaesT vFORMATION |

Occupation: Occupation

Moathly Income (RM): Monthly Income
[puscerraseous perans ]

Household Monthly Income (RM): Household Manthly Income

Monthly Expenses (RM): Monthly Expenses

Number of Dependents: [ -

Previous Moathly Reat (RM): Previous Monthly Rent

Number of Months Late Paymeat [ v

Copyright 2232024 by Kiuan Fin Van.
AN Rights Reserved.

Fig. 2 Home page of web application

The user is required to fill in the input data and clicks the “Calculate” button. Subsequently, a new page will
showcase the user's overall credit score, the rating corresponding to the score, the factors influencing the
scoring, and guidelines for maintaining or enhancing the credit score. The user must fill in the age at least 18,
monthly income at least RM300, household monthly income at least RM300, monthly expenses and previous
monthly rent greater than 0. Conversely, the user will be given warning message to fill in again. The user also
has the option to click on the "Home" link located at the top left of the navigation bar to navigate back to the

home page.
3.1.1 Tenant credit scoring analysis

Fig. 3 presents a contrast in the credit reports of tenants with different genders. As depicted in the figure, the
female tenant exhibits a higher credit score in comparison to the male tenant.

TENANT CREDIT SCORING

'PERSONAL INFORMATION ] Overall Score
Name: Knan . Factors that affect scoring
Gender. Male E s + Gender: 16.96%
Age: 6 -\1;;\ - Age: 6.52%
Date of Birth 29.03.1997 Good | * Monthly Income: 3.73
Marital Status: Single 54229 - -+ Houschold lacome 405
/., + Expense-o-income Ratio: 13.22%
&/« No of Dependents: 3.74%
EMPLOYMENT INFORMATION. m /
I \ *+ Previous Monthly Rent: 1597
Occupation: Teacher + No. of Moaths Late Payment: 49.57%
‘Monthly Income (RM): 3000
Tips to i e Rating Indicator
[pusceLLaxeous pETAILS ] __lpj -u Hmprove your Eocellent 75100
Household Moathly Tncome (RM) s Good EES
= ~ Incresse your meome by doing side job Far =)
Moanthly Expenses (RM): 2200 . —
Number of Dependents: 1-2 - Reduce your expesses. oor 5
Previous Moathly Reat (RM): 500

~ Pay yos veat oa time.
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TENANT CREDIT SCORING

|r|:|soml.mmrmﬂ ] Overall Score
- f— - Factors that affect scoring
Geader: Female [ TN - Gender 1696%
Age: 26 N « Age 6.52%
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i « Household Income: 4.05°

Marital Status: Single 81.04%

* Expense-to-mcome Ratio: 13.22%
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( e ] « Brevins Mondily Reat1.59%
Occupation. Teacher * No. of Months Late Payment: 49.87%
Monthly Income (RM): 3000
pre— Rating Indicator
ps to improve you
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Number of Dependents: 12 - R your expemses. =
s Moy Rent (RM): oo = Pay yous vt o fme.
Number of Moaths Late Payment: 3
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(b)

Fig. 3 Comparison of credit report with different gender (a) Male (b) Female

Fig. 4 illustrates the credit history of tenants across various age groups. A comparison between Fig. 4(a) and Fig.
4(b) reveals that the older tenant possesses a credit score that is lower than that of the younger tenant.

TENANT CREDIT SCORING

PERSONAL INFORMATION Overall Score
Mame: Lo Factors that affect scoring
Gender: Male * Gender: 16.96%
Age: 36 . Age 6.52%
Date of Bt 29.03.1987 « Moathly lncome: 373
Marital Staus: Smgle * Household Income: 4.05°
« Expense to-income Rati
» No. of Dependeats: 3.74%
EMPLOYMENT INFORMATION
] » Previous Monthly Rent: 1.59

Occupation: Teacher = No. of Months Late Payment: 49.87%
Monthly Income (RM): 3000
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[3uscELLANEOUS DETAILS 4 Excelient 76100
e
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Monthly i Far 550
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TENANT CREDIT SCORING
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Gender. Male + Gender: 16.96%
Age: 26 + Age:652%
Date of Barth- 29.03.1997 * Monthly Income: 373
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* Expense-to-mcome Ratio: 13.22%
+ No. of Dependeats: 3.74%
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[ J + Previous Monthly Reat: 1.69%
Occupation: Teacher + No. of Months Late Payment: 49.87%
‘Monthly Income (RM)- 3000
Rating Indicator
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Number of Dependents: 1-2 ~ Reduce you expemes. z
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Number of Months Late Payment: 3
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(b)

Fig. 4 Comparison of credit report with different age (a) Older tenant (b) Younger tenant
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Fig. 5 depicts the credit history of a tenant under varying expense-to-income ratios. In Fig. 5(a), the tenant
maintains an expense-to-income ratio of 0.73, while in Fig. 5(b), the ratio is 1.27. This suggests that the tenant
with the lower expense-to-income ratio enjoys a higher credit score compared to the tenant with the higher

expense-to-income ratio.

TENANT CREDIT SCORING

PERSONAL INFORMATION

‘Name- Kuan

Gender- Male

Age: 26

‘Date of Burth: 29.03.1997

Marital Status: Smele
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Number of Dependents: o=
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Overall Score
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TENANT CREDIT SCORING

PERSONAL INFORMATION

‘Name- Kuan
Gender Male
Age: 26

Date of Burth: 29.03.1997
Marital Status: Single

Occupation: Teacher
Monthly Income (RM) 3000
[3uscELLANEOUS DETAILS
‘Houschold Monthly Income (RM):

Monthly Expenses (RM): 3
Number of Dependents. 1~2
‘Previous Monthly Rent (RM):

Number of Months Late Payment 3
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(b)

Overall Score

Tips to improve your
score:

Factors that affect scormg

* Gender: 16.96%

« Age 652%

« Mouthly Income: %73

= Household Income: 4.05°
+ Expense-to-income
= No. of Dependents- 3.74%
= Previous Mouthly Reat: 1
= No. of Months Late Payment: 49.87%

Rating Indicator

‘Excellent 76100
Good e
Fax 7650
Poor (55

Fig. 5 Comparison of credit report with different expense-to-income-ratio (a) Lower expense-to-income ratio
(b) Higher expense-to-income ratio

Fig. 6 illustrates the credit report of the tenant with different previous monthly rents. According to Fig. 6, the
higher previous monthly rent tenant has a higher credit score than the lower previous monthly rent tenant.
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Fig. 6 Comparison of credit report with different previous monthly rent (a) Lower previous monthly rent (b)
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TENANT CREDIT SCORING
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Higher previous monthly rent
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Fig. 7 displays the credit history of a tenant with different instances of late payments over various months. As

per the data in Fig. 7, the tenant with a higher number of months with late payments has a credit score lower
than that of the tenant with fewer months of late payments.

TENANT CREDIT SCORING
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TENANT CREDIT SCORING
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(b)

Fig. 7 Comparison of credit report with different number of months late payment (a) Fewer months late
payment (b) More months late payment

Table 2 shows the rankings of all factors when A is 0.1. It can be inferred that the key determinants of the
tenant's credit score include the number of months with late payments, gender, expense-to-income ratio,
previous monthly rent, and age.

Table 2 Analysis of logistics coefficient [5]

Factor, X Coefficient, S Odds ratio (increases
Value Sign Ranking by one unit)
Gender 1.2831 + 2 3.6078
Age 0.3265 + 5 1.3861
Monthly income -0.2327 - 6 0.7924
Household income -0.1406 - 8 0.8688
Expense-to-income ratio 1.0339 + 3 2.8120
Number of dependents -0.2294 - 7 0.7950
Previous monthly rent -0.9136 - 4 0.4011
Number of months late payment 2.3615 + 1 10.6068

The percentage of factors that affect the credit score is computed using Equation (7).

Odds ratio of respective factor (7)

Percentage =
Sum of odds ratio

The higher the percentage, the more affecting the credit score. Note that the negative sign of the logistic
coefficient implies that as the value increases, the probability of default decreases, and conversely.
Consequently, females are less prone to default compared to males. Additionally, a greater number of months of
late payments, a higher expense-to-income ratio, or an older age correspond to an increased probability of
default. Conversely, a higher previous monthly rent for the tenant, more dependents, belonging to a higher
household income group, or having a higher monthly income are associated with a decreased probability of
default. The deduction that the likelihood of default diminishes as monthly rent increases may stem from the
tenant's inclination to choose a rental amount aligned with their financial capacity. As tenants age, there is an
elevated likelihood of forgetting or missing rent payments, consequently raising the probability of default.
Conversely, tenants with a higher number of dependents tend to exhibit a heightened sense of responsibility
toward rent payment. Consequently, the likelihood of default decreases with an increase in the number of
dependents for the tenant.
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4. Conclusion

In conclusion, the development of a tenant credit scoring web application using Python, HTML, and CSS offers a
tailored solution for Malaysian tenants lacking a traditional credit history. The utilization of flask, a Python web
framework, facilitates the seamless integration of back-end processes, ensuring efficient routing and handling of
user requests. Flask typically uses HTML templates to generate dynamic web pages by combining static HTML
with placeholders that are filled in with data at runtime. HTML and CSS play a crucial role in designing an
intuitive and visually appealing front-end, contributing to the accessibility of the application for users with
varying levels of technological proficiency. HTML provides the structure and content of a web page by using a set
of predefined elements and attributes. HTML elements are used to define the structure of a document, such as
headings, paragraphs, lists, style and more. Overall, this research contributes to the advancement of credit
scoring practices, especially in regions where traditional credit histories may be limited. The use of Python,
HTML, and CSS in this context showcases the versatility and effectiveness of these technologies in developing
practical solutions for real-world challenges.
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