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PERFACE 

 

In recent years, the rapid advancement of technology has disrupted traditional financial 

services, prompting banks to innovate to stay competitive. The rise of digitalization in 

finance and the advent of Peer to Peer (P2P) lending offers an alternative to conventional 

bank loans, particularly for individuals underserved by traditional banking, such as the 

unbanked or those denied loans. Moreover, there's a growing recognition of social 

comparison as a factor influencing borrowing habits and debt levels. This trend suggests 

that individuals may seek to enhance their social status through increased borrowing, 

potentially leading to higher levels of indebtedness. These developments present both 

opportunities and challenges for financial institutions. While P2P lending platforms provide 

new avenues for lending, they also expose lenders to risks such as defaults and loan write-

offs. Consequently, lenders commonly rely on the FICO credit score as a tool to assess an 

individual's creditworthiness for various types of credit, including credit cards, mortgages, 

or loans. This credit scoring model considers platforms as defaulters if they fail to meet 

repayment deadlines to investors or experience service disruptions.  
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ABSTRACT 

 

This research aims to investigate the factors and criteria influencing default in Peer 

to Peer (P2P) lending, with a focus on providing valuable insights for the future of 

Fintech and contributing to industry growth and sustainability. The study examines 

the intention to adopt P2P lending and its implications on financial decision-making. 

Utilizing quantitative methods, the analysis incorporates variables including loan 

amount, interest rate, total open-to-buy on revolving bank cards, bank card 

utilization rate, number of open revolving accounts, debt to income ratio (DTI), and 

revolving utilization rate. Data from a Kaggle dataset for the year 2018 comprising 

445 samples with charge-offs, late payments of 16-30 days, and late payments of 

31-120 days is analyzed. Results indicate a highly positive relationship with 

revolving utilization rate and negative relationships with the number of open 

revolving accounts and total open-to-buy on revolving bank cards. The implications 

suggest enhancing credit monitoring within credit assessment processes and 

implementing alternative data for more accurate evaluations. By accessing FICO 

scores to assess creditworthiness based on consumer payment behaviour is 

recommended to improve loan approval processes. 
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CHAPTER 1: RESEARCH OVERVIEW 

 

 

1.0 Introduction  

 

This chapter introduce of the background of research, problem statement, research 

questions, research objectives and significance of study. 

 

 

1 .1 Research Background  

 

The emergence of Financial Technology (FinTech) companies has revolutionized 

the financial services industry in innovative business models and cutting-edge 

technology to offer customers more convenient, accessible, and customer-centric 

products and services (Windasari et al., 2022). 

 

Over the past decade, social lending platforms, particularly Peer-to-Peer (P2P) 

lending, have disrupted traditional credit risk assessment services by facilitating 

direct interaction between lenders and borrowers, bypassing the need for traditional 

financial institutions (Dharmastuti & Laurentxius, 2021).  (Refer Figure 1.1) 

 

From consumer perspective, this evolution has significant in the potential to provide 

enhanced services (Fast-Moving FinTech Poses Challenge for Regulators, 2022). 

The digitalization of the financial system and the emergence of P2P lending is an 
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alternative to bank lending, particularly for customers situated beyond the margins 

of traditional banking services (Octavini & Puspitasari, 2023).  

 

Fintech not only reshape the financial system but also influence how individuals 

approach their financial decision-making processes (Leckė et al., 2022). There is a 

growing acceptance of carrying significant levels of debt among the younger 

generation, who view possessions such as higher education or houses as status 

symbols within society (Mahdzan et al., 2022). This trend of borrowing to fulfill 

desired purchases contributes to increased indebtedness, driven by social 

comparison and the desire to enhance one's power and prestige (Mahdzan et al., 

2022). For example, among college students have play a significant role in shaping 

consumption choices funded through borrowing, the utilization of credit cards, 

often used as a means of self-definition through consumption (Mahdzan et al., 2022). 

 

P2P lending platforms offer an efficient and accessible alternative to traditional 

banks, especially during economic downturns when traditional banks tighten 

lending requirements and increase interest rates (Croux et al., 2020). However, the 

adaptability of P2P lending also introduces default risks (W. Gao et al., 2023), 

posing challenges for regulators in terms of risk management and ensuring the 

resilience of financial institutions (Fast-Moving FinTech Poses Challenge for 

Regulators, 2022). To mitigate these risks, P2P lending platforms need to accurately 

predict the probability of default (PD) of individual loans to optimize profitability 

and sustainability (Fast-Moving FinTech Poses Challenge for Regulators, 2022). 

 

These circumstances have created the opportunities for financial to provide the 

platform of P2P lending. However, it also adding default risk of P2P lending (W. 

Gao et al., 2023). These factors also create a challenge for regulators which risk 

management system and the resilience of financial institutions, more exposed to 
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risks themselves on default loan or charged off. (Fast-Moving FinTech Poses 

Challenge for Regulators, 2022).  

 

In order to predict the default loan or charged off loan. P2P lending must determine 

the probability of default (PD) of individual loans to remain and optimize their 

profitability and sustainability of businesses. 

 

As a result, this study will examine the factors and characteristics that the default 

of P2P lending. 

 

Figure 1.1: Traditional Lending Intermediaries and Alternative Lending 

Platforms  

 

Adapted from: Croux, C., Jagtiani, J., Korivi, T., & Vulanović, M. (2020). 

Important factors determining Fintech loan default: Evidence from a 

lendingclub consumer platform. Journal of Economic behaviour and 

Organization 
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1.1 Problem Statement 

 

Firstly, P2P lending recently is the new business model that have define in Fintech, 

their target audience have sharing demographic background (A, 2023).  P2P lending 

directly match lending needs of borrowers with willing lenders, fostering 

contractual obligations without traditional financial intermediaries growing 

popularity and utilization of these P2P lending platforms, for instance, like Sofi and 

Lending Club (Dharmastuti & Laurentxius, 2021). This growth has gained immense 

popularity due to its cost-effectiveness and convenience, facilitated by 

technological advancements (Sun, 2020).  

 

However, the challenge of credit risk remains a pressing issue that cannot be 

overlooked. The factors such as borrowers' domicile, interest rates, inflation, and 

loan characteristics significantly influence the probability of default (PD) (Siering, 

2023).  In 2019, Chinese P2P lending platforms faced an exceptionally high default 

rate of 87.2%, highlighting the severity of the challenges within this industry. These 

services are highly susceptible to significant losses due to this trend (Gao et al., 

2021). Hence, there is a crucial provide insights for enhancing financial literacy, 

promoting P2P lending, and assessing default risk within the P2P lending market. 

 

To investigate the likelihood of loan repayment and predict potential defaults, the 

focus revolves around two primary risks in credit analysis. The loss of potential 

revenue by either rejecting suitable candidates or approving too few, leading to 

missed business opportunities. The second risk involves financial loss incurred by 

approving applicants who ultimately fail to repay the loan (Mariiagusarova, 2022).  

 

Credit analysis is integral to borrowing money, with the credit scoring model 

considering platforms as defaulters if they miss repayment deadlines to investors or 

encounter service unavailability (Gao et al., 2021).  Additionally, there exists a 

correlation between defaulting on P2P loans and borrowers' creditworthiness. The 
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PD rises in tandem with borrowers' credit risk, with key factors for loan defaults 

including borrowers' credit grade, debt to income ratio (DTI), and FICO score, 

enabling the transfer of borrowers' creditworthiness to lenders (Gao et al., 2021).   

 

Hence, two critical issues have emerged for lending services including the high 

lending risk for default loan and adverse impact on sustaining profitability within 

P2P lending services.  

 

In order to conduct this study to identify the risks facing and sustainability of the 

P2P lending platform. This study conduct based on the historical customer segment 

of P2P lending to analyze their customer segment in order to provide the default 

prediction analysis help to reduce lending risk. To optimize the trade-off between 

revenue and default loss to yield maximum benefit to the business (Mariiagusarova, 

2022). 

 

 

1.2 Research Question 

 

The core of this research is to scrutinize the relationship between the factors in the 

default of P2P lending. The research questions that align in this business research 

are listed as below: 

 

1. What are the factors that influence the default of P2P lending? 

2. What are the criteria that influence the default of P2P lending? 
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1.4 Research Objective 

 

The main objective is to examine the factors and characteristics that the default of 

P2P lending. 

1. To examine the factors that influence the default of P2P lending. 

2. To exact the criteria that influence the default of P2P lending.  

 

 

1.5 Research Significance   

 

This research serves a dual purpose which predicting customer default based on 

metrics and evaluating profitability and sustainability while managing credit risk 

for lenders within the context of P2P lending. By conducting credit risk assessment, 

the study facilitates an understanding of spending behaviour and individual 

financial obligations, thereby assisting P2P lending platforms in evaluating the 

lending risk linked to spending patterns and informing their lending decisions. 
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1.6 Definition of Terms 

 

1.6.1 Fintech 

 

Fintech as known as Financial Technology that represents companies 

leveraging innovative technology to challenge traditional financial 

approaches in providing financial services (A, 2023). Examples of their 

products incorporating technology include credit cards, ATMs, and bank 

mainframe computers. Within the FinTech, consist of eight categories which 

payment, insurance, planning, lending and crowdfunding, blockchain, 

trading and investment, data and analytics, and security (Giglio, 2021). 

 

 

1.6.2 Neobanks 

 

Neobanks, also known as “challenger banks,” are fintech companies 

providing applications, software, and other technological solutions for 

streamlined mobile and online banking, operating without physical branches 

(Reepu, 2023). These fintech firms typically focus on specific financial 

products like wealth management, P2P lending, crowdfunding, capital 

markets, and insurance. They achieve this specialization by minimizing 

operational expenses and aiming their services toward more specialized or 

niche market segments (Monis & Pai, 2023). Despite often partnering with 

larger financial institutions to back their products, neobanks are generally 

known for their agility and transparency compared to traditional megabanks 

(Walden, 2021). According to Statista (2023), the example of most valued 
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Neobank in worldwide include Nubank, Revolut, Chime and Tinkoff Bank. 

(Refer Figure 1.2)  

 

Figure 1.2: Most valued independent neobanks worldwide 

  

Adapted from: Most valued independent neobanks worldwide (Statista, 

2023).   

 

 

 

 

 

 



Credit Score in Default Prediction for P2P Lending 

 

9  

 

1.6.3 Lending Club 

 

Lending Club is a financial services company, founded since 2007. It was 

the pioneer in P2P lending that offer loan trading on a secondary market. 

Over 4.7 million members have joined Lending Club to achieve their 

financial objectives (Wang et al., 2019). Serving as the singular digital 

marketplace bank on a large scale, the platform leverages technology to 

offer members access to an extensive range of financial products and 

services. By 2015, it had established itself as the largest P2P lending 

platform globally. Lending Club's primary goal was to assist users in 

reducing borrowing costs and increasing savings earnings (Chang et al., 

2022). 

 

 

1.6.4 Peer to Peer (P2P) Lending 

 

Peer to Peer (P2P) lending is an online marketplace where individual lenders 

extend unsecured microloans to individual borrowers in an anonymous 

setting, facilitating direct lending between individuals and bypassing 

traditional financial intermediaries. Presently, this innovative form of 

lending has proliferated globally, with numerous platforms available 

(Dharmastuti & Laurentxius, 2021). P2P lending platforms act as 

connectors between borrowers and investors, setting interest rates and terms, 

thereby facilitating direct lending transactions between people without the 

involvement of banks. Borrowers in P2P lending typically seek alternatives 

to conventional banks or aim for lower interest rates (Wang et al., 2019).  
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1.6.5 Default Prediction  

 

By studying customer segments, default prediction can help financial 

institutions decide whether to accept or reject their loan applications. 

Predicting loan defaults is an essential process for financial lenders, aiding 

in determining the likelihood of a loan facing default (Nagashree, 2023). 

Successful prediction of loan defaults empowers financial institutions to 

mitigate the occurrence of problematic loans, ultimately leading to increased 

profitability. In order to identify characteristics and behaviours that correlate 

with higher or lower default rates, helping them allocate resources more 

efficiently and reduce credit losses (Uwais, 2022). 

 

 

1.6.6 FICO (Fair Isaac Corporation) 

 

FICO is a leading analytics software company, it stands for Fair Isaac 

Corporation and renowned for creating the credit scoring model bearing the 

same name. Lenders widely utilize the FICO credit score as a tool to assess 

an individual's eligibility for various forms of credit, such as credit cards, 

mortgages, or loans (Hayes, 2023). To determine a borrower’s credit 

worthiness. The scoring system, encompassing payment history, credit 

utilization, length of credit history, new credit, and credit mix, spans from 

300 to 850. Financial institutions widely utilize this system to assess the 

viability of lending money or granting credit. Typically, a FICO score 

falling between 670 to 739 signifies a "good" credit history, often viewed 

favourably by most lenders. Conversely, individuals within the 580 to 669 

score range may encounter challenges securing financing at competitive 

interest rates (Doroghazi, 2020). 
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1.7 Summary 

 

In summary, this chapter review into research background and research objective, 

addresses the problem statement concerning P2P lending, with a focus on Lending 

Club and Neobanks. It emphasizes the significance of the study and its contribution 

to the field of P2P lending. The next chapter will explore the suggested conceptual 

framework and variables in more detail. 
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CHAPTER 2: LITERATURE REVIEW 

 

 

2.0 Introduction 

 

This chapter discussed the factors that influencing the profitability and 

sustainability of the Peer to Peer (P2P) lending business model. A detailed review 

based on previous literature; the development of hypothesis will be included to be 

discussed further. 

 

 

2.1 Underlying Theories  

 

2.1.1 Peer to Peer (P2P) Lending Models 

 

The first online P2P lending platform emerged in 2005 with public launch 

in UK. The business model of P2P lending that presents the internet 

technology merges with financial services, enabling individuals and 

businesses to both lend and borrow money among themselves in small 

amounts of funds from various sources (Wang et al., 2019). The P2P lending 

model acts as a catalyst for the loan application process, enabling the entire 

loan procedure, from fund collection to contract signing and information 

exchange, to take place entirely over the internet (Suryono et al., 2019). 
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The overall model conducted over Internet, allowing for the entire loan 

process included fund, contracts and information procedures (Suryono et al., 

2019). 

 

P2P lending model facilities the lending and borrowing money directly 

between individuals and businesses without involvement in traditional 

financial intermediaries such as banks. In the academic field, analyzing user 

behavioural patterns and developing credit or trust models within the 

context of P2P lending scenarios (Zhang et al., 2023). 

 

Figure 2.1: P2P Lending Model 

 

 

 

 

 

 

Adapted from: Figure 1. Stylized Traditional P2P Lending Model., n.d. 
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2.1.2 Credit Score Model  

 

Credit score model was developed in 1960 where through percentage risk to 

calculate the lending amount and evaluating the probability of customers 

repaying borrowed funds within a particular period (Baldo et al., 2023). 

Credit risk assessment plays a key role to correct and supporting financial 

institutes in defining their policies and commercial strategies (Doroghazi, 

2020). 

 

In the credit loan practices of lending platforms, the credit scoring model is 

used for accurate analysis the historical credit data in order to distinguish 

between defaulters and valid customers (Lyócsa et al,. 2022). Credit scoring 

model concerns with assist financial institutions to aid in their decision 

making processes particularly in assessing the risk linked to a credit 

applicant that categorized in non-trustworthy “or non-creditworthy” group 

(Trivedi, 2020). 

 

While a borrower's FICO score plays a significant role in determining 

creditworthiness, lenders also consider additional factors like income, 

employment duration, and the specific type of credit requested (Hayes, 

2023). In the credit loan practices of lending platforms, the fundraising 

process, enabling the participation of any number and size of lenders 

(Ismawati & Faturohman, 2023). 
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2.1.3 Risk Management Model 

 

Effective credit risk management is crucial for financial institutions to 

mitigate the possibility of significant economic losses due to loan defaults 

(Lee et al., 2021). This involves assessing various data sources when 

borrowers apply for loans, aiding in the creation of credit risk scoring 

models to evaluate and manage potential risks associated with lending 

(Siering, 2023). 

 

There is a high correlation between the possibility of a loan default and the 

credit risk of the borrower. When borrowers default, it not only impacts the 

profitability of P2P companies but also jeopardizes the investments of the 

lenders (Gu et al., 2022). Therefore, the higher interest rates charged to high-

risk borrowers are not sufficient to cover the possibility of default on their 

loans. In other words, borrowers with higher credit scores are often 

perceived as more trustworthy, displaying a lower PD. 

 

 

2.1.4 Impulsive Buying Behaviours 

 

In the current era, there's a growing acceptance of the mindset that being in 

debt is not a significant concern. This shift in attitude has led to an increased 

willingness among individuals to spend more and rely on borrowing and 

credit to fulfil their desired purchases. This consumer behaviour aligns with 

a rising interest in consumption and materialism. This trend towards impulse 

buying, characterized by spontaneous and emotionally driven purchase 

behaviours (Lim et al., 2020). 
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Moreover, impulse buying is defined as among individuals experiencing 

lower subjective social status, leading to feelings of hopelessness or a lack 

of control in their lives. Coping with these emotions, some individuals resort 

to impulsive buying (Abdelsalam et al., 2020). Particularly among 

individuals perceiving themselves as having lower social status.  It can 

trigger feelings of inferiority and shame, ultimately contributing to negative 

emotions and impulsive spending habits (Gantulga & Dashrentsen, 2023). 

 

 

2.2 Review of Variables  

 

The data was collected from Kaggle and contains 7 variables: Loan Amount, 

Interest Rate, Total open to buy on Revolving Account, Bankcard Utilization Rate, 

Number of Revolving Account, Debt to Income ratio (DTI) and Revolving 

Utilization Rate. The variables and their descriptions are shown in Table 2.2. 

 

Table 2.2: Dependent Variables and Independent Variables 

 Terms Definition 

Dependent 

Variables (DV) 

Revolving Utilization 

Rate  

 

The proportion of available revolving credit 

that a borrower is currently utilizing. 

 

 

 

 

 

 

 

Loan Amount  

 

 

The specific loan amount applied in loan 

application. 

Interest Rate 

 

Rate of interest applied to the loan. 

Total open to buy on 

revolving bankcard 

The aggregate credit limit available across 

multiple credit cards that allows account 

https://www.sciencedirect.com/science/article/pii/S156742231930050X?casa_token=xVA_KWy8I1QAAAAA:2dskufL1bXjnuqOUds9lt3SUi22XswmAMuzdaoz6RByagF6kF80mYqpxV4psCb2_aer1Y8FKucMB#t0005
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Independent 

Variables (IV) 

 

 

holders to borrow money repeatedly up to a 

predetermined limit while repaying the 

borrowed amount in instalments. 

 

Bankcard Utilization 

Rate 

 

The proportion of the total current balance 

across all bankcard accounts to the high credit 

limit or maximum credit limit. 

 

Number of open 

revolving accounts 

 

The currently active and continuing credit or 

loan accounts that offer borrowers a maximum 

limit and flexibility in credit availability. 

 

Debt to Income (DTI) 

Ratio  

A ratio calculated monthly debt payments 

excluding mortgage obligations divided by 

monthly income. Representing a measure of 

their financial obligations relative to their 

income. 

 

 

Source: Kaggle (Mariiagusarova, 2022) 
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2.3 Conceptual Framework 

 

Figure 2.3: Variables Framework 

 

Adapted from: Developed for the research 

 

 

2.4 Hypothesis Development  

 

2.4.1 Loan Amount 

 

When borrowers apply for loans through P2P lending platforms, their 

creditworthiness and the risk of default are assessed to determine if they can 

be approved (Croux et al., 2020). 
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From the lending platform's perspective, the loan amount is a crucial detail 

that defines the terms and conditions of the loan, impacting both the 

borrower's financial obligations and the lender's risk exposure (Hughes et 

al., 2022). Including credit history and financial indicators, are considered 

to evaluate loan applicants, who are then assigned a subgrade or credit rating 

(Croux et al., 2020). 

 

The loan amount reflects borrowers' behaviour in meeting repayment 

obligations, revealing their preferences and risk recognition in lending 

activities (C. Wang et al., 2019). These factors can influence and constrain 

a borrower’s ability to repay loans (Tang et al., 2023). 

 

Typically, borrowers with high credit limits demonstrate greater reliability 

in obtaining loans, as they have the capacity to cover instalment payments 

or the total loan amount (Croux et al., 2020). A higher available revolving 

credit limit indicates greater credibility in an individual, reflecting a more 

secure and dependable borrower. 

 

H1:  The relationship between Loan Amount and Revolving Utilization 

Rate 
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2.4.2 Interest Rate 

 

Borrowers’ default probability heavily correlates with the interest rate set 

by Lending Club. Typically, lenders use borrower characteristics to assess 

credit risk and determine loan eligibility, interest rates, and loan terms (Lee 

et al., 2021). 

 

In traditional financial markets, there are the correlation between interest 

rates and the likelihood of default.  In high-interest rate environments, 

lenders often impose higher charges on loans, increasing the financial 

burden on borrowers and making it harder for them to meet their obligations 

(Nagashree, 2023). This situation mirrors P2P lending, where higher real 

interest rates result in increased costs associated with repaying debts, 

limiting borrowers' ability to fulfill their obligations and raising the risk of 

default (Nigmonov et al., 2022).  

 

According to Lending Club reports that interest rates range from 9.57% to 

35.99% Annual Percentage Rate. Higher loan risk corresponds to wider 

interest rate spreads. Consequently, consumers with good credit can access 

lower interest rates through lending. As high-interest rates of borrowing, it 

often involves more risk on the part of the investors as these investments or 

lending prospects are not volatile, riskier and more vulnerable to failure. 

 

H2: The relationship between Interest Rate and Revolving Utilization 

Rate 
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2.4.3 Total open to buy Revolving Account  

 

Total open-to-buy revolving account refers to the available credit limit that 

a purchaser has for making open account purchases, accessible as long as 

the account remains in good standing. This metric offers valuable insights 

to lenders, assisting them in assessing a borrower's ability to manage 

additional debt, analyzing recent credit-seeking behaviour, and evaluating 

the responsible utilization of existing credit lines when making lending 

decisions (Nigmonov et al., 2022). 

 

According to Abbassi & F, (2021), it reflects the borrower behaviour, risk 

assessment during lending, the impact of borrower information on loan 

repayment processes are crucial aspects of P2P lending. Lenders can utilize 

this metric to evaluate the risk associated with a loan application and 

distinguish between high-risk and low-risk applicants. By Examining 

various dimensions of a borrower aids in constructing a precise borrower 

profile, allowing them to evaluate credit risk more comprehensively beyond 

solely relying on credit history (Tang et al., 2023). 

 

H3: The relationship between Total open to buy Revolving Account and 

Revolving Utilization Rate 
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2.4.4 Bankcard Utilization Rate  

 

Credit card information is essential for assessing an individual's 

creditworthiness and financial behaviour. Lenders use these credit card-

related metrics to evaluate a borrower's credit risk, financial stability, and 

capacity to handle additional credit card debt when making lending 

decisions (Croux et al., 2020). 

 

Bankcard Utilization Rate is an essential factor in P2P lending that lenders 

consider when assessing the creditworthiness of borrowers and making 

lending decisions. It serves as a valuable indicator of financial responsibility 

and influences both the funding success of loan listings and the probability 

of loan repayment, ultimately impacting the default risk associated with P2P 

loans (Croux et al., 2020). 

 

Bankcards represent one of the most common and adaptable forms of credit 

available. Bankcards issuance by banks entails more stringent requirements 

compared to those established by Lending Club (Croux et al., 2020). 

 

The Bankcard Utilization Rate reflects the proportion of available credit 

currently being used, with a lower ratio usually indicating responsible credit 

management and borrower solvency (Mariiagusarova, 2022). For example, 

possessing bankcards, especially with higher limits, can contribute to 

borrower solvency. However, increasing financial stress is indicated by a 

rise in bankcard utilization rates, suggesting a decline in consumer spending. 

In addition, the fluctuations in the utilization rate are often driven by 

changes in credit card spending levels (Zhu et al,.2023). 
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H4: The relationship between Bankcard Utilization Rate and Revolving 

Utilization Rate 

 

 

2.4.5 Number of open Revolving Account  

 

The "Number of open revolving accounts" refers to the count of active credit 

card accounts held by an individual (Mariiagusarova, 2022). This metric is 

significant because it reflects the diversity of an individual's credit history 

and contributes to assessing lending risk. In the context of P2P lending 

platforms, where various types of loans are offered, including personal loans, 

small business loans, and debt consolidation loans, the number of revolving 

accounts plays a crucial role (Mariiagusarova, 2022). 

 

Having a higher number of revolving accounts can positively influence the 

likelihood of successful funding on P2P lending platforms (Xu et al., 2021).  

It demonstrates a borrower's creditworthiness and responsible credit 

management, which can reduce default rates and potentially lead to lower 

interest rates for borrowers. Lenders are more likely to trust borrowers who 

have demonstrated a history of managing multiple credit accounts 

responsibly (C. Wang et al., 2019). 

 

Number of open revolving accounts serves as a predictive factor for both 

successful funding in loan listings and the probability of loan repayment. 

This means that borrowers with a higher number of active revolving 
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accounts are perceived as lower lending risks and are more likely to receive 

funding for their loan requests (Uwais, 2022). 

 

Furthermore, the impact of the number of revolving accounts on lending and 

repayment behaviour directly influences an individual's ability to settle 

debts due to its financial implications. Borrowers with a higher number of 

open revolving accounts are typically better equipped to manage their 

finances and honour their loan obligations, reducing the likelihood of default 

(Uwais, 2022).  

 

H5: The relationship between Number of open Revolving Account and 

Revolving Utilization Rate 

 

 

2.4.6 Debt to Income Ratio (DTI) 

 

DTI is a fundamental financial metric used by lenders to assess an 

individual's or entity's financial health and creditworthiness. It measures the 

proportion of one's monthly debt obligations to their gross monthly income. 

In simpler terms, it shows how much of a person's income is being used to 

repay debts each month (Nagashree, 2023). 

 

According to Nier (2019), when total borrower monthly debt service 

obligations exceed 43 percent of monthly gross income, it indicates a higher 

risk of default. This threshold serves as a guideline for lenders to evaluate 

the borrower's ability to manage additional debt responsibly. Borrowers 

with lower DTI ratios are generally considered to have a lower risk of 



Credit Score in Default Prediction for P2P Lending 

 

25  

 

default because they have more disposable income after covering their debt 

payments (Nigmonov et al., 2022). 

 

High DTI ratios are often associated with a greater likelihood of mortgage 

default, as borrowers with a significant portion of their income allocated to 

debt payments may struggle to keep up with mortgage payments, especially 

if their income decreases or if they encounter unexpected financial 

challenges (Nigmonov et al., 2022). Moreover, high DTI ratios may reflect 

poor financial management strategies, potentially leading to difficulties in 

meeting future financial obligations. 

  

In summary, the DTI ratio is a critical indicator of financial stability and risk 

for lenders, helping them assess an individual's capacity to take on 

additional debt responsibly and manage their financial obligations 

effectively. 

 

H6: The relationship between DTI and Revolving Utilization Rate 

 

Below is the result summary of the relationship between dependent variable and 

independent variable. 

Table 2.4: Summary of Hypothesis Development 

Loan Amount H1:  The relationship between Loan Amount and Revolving Utilization Rate 

Interest Rate H2: The relationship between Interest Rate and Revolving Utilization Rate 

Total open to buy on Revolving 

Account  

H3: The relationship between Total open to buy on Revolving Account and 

Revolving Utilization Rate 

Bankcard Utilization Rate H4: The relationship between Bankcard Utilization Rate and Revolving 

Utilization Rate 
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Number of open Revolving 

Account  

H5: The relationship between Number of Revolving Account and Revolving 

Utilization Rate 

Debt To Income (DTI) H6: The relationship between DTI and Revolving Utilization Rate 

Source: Developed for the research 

 

 

2.5 Summary  

 

A key challenge faced by individuals investors in P2P lending should allocate 

effectively their funds across various loans, requiring accurately assessing each 

loan’s credit risk. However, these risks can be can be minimized by capitalizing on 

the benefits derived from  investments.   

 

As a result, this chapter have focussed the investigation of P2P lending in the factors 

and criteria that influencing the profitability and sustainability of P2P lending. 

Through the examination the relationship between IVs to in depth understanding of 

the probability of default loan. 
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CHP 3: METHODLOGY 

 

3.0 Introduction  

 

This chapter will discuss the research methods used during the research process. In 

this chapter included research design, sampling design, data sources and data 

analysis tool. 

 

 

3.1 Research Design 

 

Research designs are plans and the procedures for research that span the decisions 

from broad assumptions to detailed methods of data collection and analysis 

(Creswell & Creswell, 2022). It provides an appropriate framework for formulate 

their problem and objective and present the findings from the data obtained during 

the study period.  

 

In this study, quantitative approaches are appropriate for large sample sizes of target 

respondents and contains multiple types of analysis and measurement. Since the 

data obtained is numerical and evaluated using mathematical and statistical 

approaches (Creswell & Creswell, 2022). 
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Moreover, descriptive approach is used in this research. It can analyze one or more 

variables using a range of research methodologies as well as determine trends, 

characteristics, categories, and frequencies (Creswell & Creswell, 2022). 

Figure 3.1: Research Design 

 

Adapted from: (Creswell & Creswell, 2022) 

 

 

3.2 Sampling Design 

 

3.2.1 Target Population 

 

Population is referred to the parent group from which a sample is to be 

drawn to understand the complete mass of observations (Pandey, P., & 

Pandey, M. M., 2021). It is important for researchers to ensure the eligibility 
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of respondents to obtain the accurate data and to generate a valid and reliable 

insight. The objective of this study is to understand the solvency of the 

borrowers from P2P lending. Therefore, the target population of this study 

are those people have the intention to apply P2P loan.  

 

P2P lending targets the unbanked section of the population or people with 

limited institutional credit exposure (Musari, 2022). P2P lending platforms 

also serve as a means for recovery of loans and can be used by borrowers 

who are unable to obtain loans from traditional sources (“Money Market 

Executive’s Perception Towards Peer-to-peer (P2p) Lending,” 2021). It is 

also a financing option for individuals and small businesses with little or 

poor credit history (Gupta, 2019).   

 

 

3.2.2 Sampling Frame 

 

A sampling frame is used in this study as a tool to define the population of 

specific interest (Berndt, A. E., 2020). The sampling frame is narrowed to 

the population that is active in P2P lending market. 

 

The sampling frame is narrowed to the population who applied for P2P loan 

and the target customer of P2P business model. Thus, in this research the 

sampling frame focus on the customer who have go through the application 

process and applied successfully on the P2P loan. P2P lending offers a 

means of household finance, particularly in economically deprived areas 

affected by austerity measures, by providing consumer loans to individuals 

facing banking and digital exclusion. 



Credit Score in Default Prediction for P2P Lending 

 

30  

 

3.2.3 Sampling Size  

 

Sample size refers to the number of individuals or observations selected 

from a larger population to be included in a statistical sample (Lakens, D., 

2022). 

 

The target population in this study are those unserved banked and seeking 

for loan approval. However, the size of the target population in this study is 

hard to define. 

 

This study uses data from the Lending Club platform. The data set contains 

information about 2260701 entries and 150 features between January 2015 

and December 2018 that have established in Kaggle which includes 672377 

positive instances fully paid.  

 

Over the Kaggle study period of Lending Club lent into borrowers. The 

loans in the data set have 7 different statuses which are Fully Paid, Charged 

Off, Current, Late in 31 to 120days and Late in 16 to 30 days, In Grace 

Period, Default. However, to determine between "good" and "bad" loans and 

estimate the probability of loan default, certain categories such as Current, 

Default, Fully Paid, and In Grade Period were excluded. This exclusion was 

necessary to focus specifically on the outcome of default. Additionally, the 

default category was converted into the charge-off category, as charge-off 

pertains to the borrower's side, while default indicates the status from the 

lender's perspective.  
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In short, the data used 2018 to single out loan applications filed by year and 

selected in 2018 of 1500 respondents.   

 

 

3.2.4 Sampling Technique  

 

Purposeful sampling refers to a group of non-probability sampling 

techniques in which units are selected because they have characteristics that 

are needed sample (Thomas, F. B.,2022). Unlike other methods of random 

sampling, a purposive sampling strategy ensures that the exact types of 

instances that can be included are included in the final sample of the study. 

Hence, the final sample consist of funded loans in "Charged Off”, "Late in 

31 to 120days" and "Late in 16 to 30 days” in 2018 of 1500 respondents. 

 

 

3.3 Data Sources  

 

 3.3.1 Secondary Data 

 

Secondary data is information that researchers can easily use in their 

research that has been gathered from primary sources (Renbarger et al., 

2019). When conducting secondary data analysis, researchers conduct 

secondary data analysis by repurposing information collected by others to 

address their own unique research questions (Renbarger et al., 2019). 

Secondary data sources include books, personal records, newspapers, 

journals, websites, government reports, and more. Acquiring secondary data 
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is easier and requires less effort compared to primary data collection. With 

the advent of electronic media and the Internet, accessing secondary data 

sources has become even more convenient (Renbarger et al., 2019). 

 

Following research, it was observed that many articles utilize the Lending 

Club dataset as their primary case study. This dataset is publicly available 

and can also be found on platforms like Kaggle. 

 

 

3.4 Data Analytical Software   

 

Initially, to determine the sample size for this study, G*Power was employed, a tool 

enabling researchers to ascertain sample sizes based on parameters like effect size, 

significance level, and desired power (Kang, 2021). After inputting the parameters, 

the minimum sample size required was found to be 200. 

 

Subsequently, Statistical Package for Social Science (SPSS) Statistics, a widely 

used statistical data analysis software, was employed (Watkins, 2021). Following 

data processing, the data file was inserted into SPSS, and numerical data were 

labelled for analysis purposes. SPSS facilitated various analyses such as reliability 

testing, descriptive analysis, and Pearson correlation analysis. 
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3.5 Data Analysis  

 

Data analysis is the application of reasoning to understand the data that have been 

gathered (Zikmund et al., 2010). 

 

Lending Club data set contains a comprehensive list of features that enable to 

employ to train our model for prediction and forecasting. The data set includes 

detailed information for every loan issued by Lending Club from 2007 to 2015, 

including a borrower’s annual incomes, subgrade, revolving balances, purpose for 

borrowing and so on. Through the dataset enable to optimize the trade-off between 

revenue and default loss to yield maximum benefit to the business (Mariiagusarova, 

2022). 

 

However, in this study that the data was collected from Kaggle and contains 6 

individual variables and 1 dependent variable which loan amount, interest rate, total 

open to buy on revolving bankcard, bankcard utilization rate, number of revolving 

accounts, Debt to Income ratio (DTI) and revolving utilization rate. 

 

 

3.5.1 Bivariate Analysis  

Bivariate analysis refers to the statistical analysis of data collected on 7 

variables, which may be correlated with each other. It is commonly used 

when examining phenomena that involve multiple factors or variables. In 

this analysis, gaining business-level insights on what factors are causing the 

label outcome, in this case, how each feature impacts loan payment outcome. 
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The following categorical variables which ' loan amount ', ' interest rate ' , ' 

total open to buy on revolving bankcard ', 'bankcard utilization rate ' , ' 

number of revolving account ' and 'DTI' will be compared to the dependent 

variable 'Revolving Utilization Rate' (Mariiagusarova, 2022). 

 

3.5.2 Descriptive Analysis 

 

Descriptive Analysis refers to data that consists solely of observations on a 

single attribute. The basic goal of descriptive analysis is helping to explore 

each feature in a dataset which don’t look into the relationship between 

features (Siedlecki, 2020).  The data is visually shown using graphing. 

During this study, visual representation of data in graph. The primary 

purpose of graphs is to convey data, summarize data, enhance verbal 

descriptions, describe and explore data, facilitate comparisons, avoid 

distortions and stimulate thinking about the data. The categorical and ordinal 

features explored 'term of years', 'subgrade', 'home ownership', 'loan status' , 

'employee length', 'months since rent inquiries' and 'annual income' 

(Mariiagusarova, 2022). 

 

 

3.6 Summary 

 

In conclusion, the research methodology to conduct the study is through deductive 

approach and quantitative research is applied. The sample size, sampling design, 

sampling techniques are all applied in secondary data that through Python to 

understand the default in P2P lending. These enables for the further data analysis 

which would be discussed in next chapter. 
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CHP 4: DATA ANALYSIS 

 

4.0 Introduction 

 

This chapter briefly discusses data analysis, providing a comprehensive overview 

of descriptive and bivariate analysis. It includes sections on data preparation, 

normality testing, Confirmatory Factor Analysis, descriptive analysis, Pearson 

correlation, hypothesis testing, and a summary of the chapter's summary. 

 

 

4.1 Data Preparation 

 

Data preprocessing is crucial for preparing and transforming data to ensure it fits 

into data mining algorithms and produces accurate results (Garcia et al., 2016). This 

process involves cleaning, reducing, transforming, and integrating data (Garcia et 

al., 2016).  

 

In the case of the Lending Club borrowing data from 2005 to 2018 obtained from 

Kaggle, measures were taken to eliminate noise from the dataset in a Comma-

separated values (CSV) file (Çetin & YILDIZ, 2022). Additionally, normalization 

processing was applied using the logarithm function ("Log") in Excel to ensure a 

more uniform distribution across selected features. 

 

Furthermore, a thorough filtering process was conducted to select relevant 

independent variables as features for analysis and to convert categorical string 

features while encoding each detailed value according to the range of the P2P 
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Lending Club dataset (Howitt, 2020).. 

 

Removing outliers from the dataset was also performed to enhance the accuracy of 

subsequent analyses and models (Smiti, 2020).  In this scenario, outliers were 

identified in several key variables: Revolving Utilization Rate, Bankcard 

Utilization Rate, Months Since Recent Inquiries, Number of Revolving Accounts, 

and Bankcard Open to Buy were eliminated to improve overall coherence and 

logical consistency. 

 

Finally, attributes that were replicated or did not contain predictive variables, such 

as address status, were removed from the dataset and resulting in 445 rows and 16 

columns. The remaining columns include Debt to Income (DTI), Revolving 

Utilization Rate, Loan Amount, Bankcard Utilization, Number Open Revolving 

Account, Interest Rate, Total Open to buy revolving card, subgrade, home 

ownership, annual income, loan status, employee length, term of years, and months 

since recent inquiry. 

 

 

4.2 Data Coding 

 

Since using SPSS as the data technique, imported the data file that into SPSS and 

labelling all the data can be categorized into several distinct phases, each indicating 

the state. 

 

Table 4.1: Summary of Data Coding  

Subgrade  1 = A1 – A5 

2 = B1 – B5 

3 = C1 – C5 

4 = D1 – D5 

5 = E1 – E5 
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6 = F1 – F2  

7 = G1 – G5 

Homeownership 1 = Own 

2 = Rent  

3 = Mortgage  

Loan Status  1 = Current 

2 = In grace period 

3 = Late (16-30 days) 

4 = Late (31-120 days) 

5 = Charged off 

Employee Length 1 = ≥ 10 years 

2 = 6 – 9 years  

3 = ≤ 5 years  

 

Source: Developed for the research.  

 

After encoding, a normality test was conducted to determine whether the sample 

data was drawn from a normally distributed population. The results of the normality 

test indicated that all IVs were drawn from a normally distributed population and 

identified outliers. The outliers were then assessed to determine if they were valid 

values or not, and subsequently either removed or normalized. 

 

In the normality test, if the significance value exceeds 0.05, the data is considered 

to be normally distributed. Conversely, if the significance value is below 0.05, it 

indicates a significant deviation from a normal distribution (Park, 2015). Based on 

the results, the significance values for Loan Amount, Interest Rate, Number of Open 

Revolving Accounts, Revolving Utilization Rate, Total open to buy on revolving 

bankcard, Bankcard Utilization Rate, and DTI demonstrated normal distribution. 
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Table 4.2: Normality Test 

 

 

 

Tests of Normality 

 

Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

Loan Amount .119 445 .000 .938 445 .000 

Interest Rate .058 445 .001 .983 445 .000 

Number of Revolving Account .134 445 .000 .919 445 .000 

Revolving Utilization Rate .123 445 .000 .822 445 .000 

Total open to buy on Revolving 

Bankcard 

.198 445 .000 .754 445 .000 

Bankcard Utilization Rate .202 445 .000 .683 445 .000 

DTI .209 445 .000 .811 445 .000 

a. Lilliefors Significance Correction 

Source: Develop from SPSS 

 

 

4.3 Data Validation  

 

The aim of conducting Confirmatory Factor Analysis (CFA) is used to test how well 

the measured variables represent the number of constructs (Sureshchandar, 2021). 

A total of 445 samples were selected, and 14 items were chosen for analysis. The 

results of the CFA, presented in Table 4.17, indicate that factor extraction ranged 

from 0.40 to 0.85. The result demonstrated the factor extraction lies between 0.40 

to 0.85. The result implied that Loan Amount, Interest Rate, Total open to buy on 

Revolving Bankard, Bankcard Utilization Rate, Number of Revolving Account, 

DTI and Revolving Utilization Rate more than 0.5 that indicated significant. 

Conversely, Months since Recent Inquiries had a loading below 0.5, indicating 

insignificance. 

Furthermore, given that Annual Income exhibited similar characteristics to DTI but 

with a lower loading, it was decided to exclude Annual Income from further analysis. 
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Table 4.3： Confirmatory Factor Analysis 

Communalities 

 Initial Extraction 

Loan Amount 1.000 .685 

Interest Rate 1.000 .600 

Revolving Utilization Rate  1.000 .829 

Total open to buy on Revolving Bankcard 1.000 .691 

Bankcard Utilization Rate 1.000 .771 

Number of Revolving Account 1.000 .564 

DTI 1.000 .827 

Months since recent inquiries  1.000 .489 

Annual Income 1.000 .723 

Extraction Method: Principal Component Analysis. 

Sources: Source: Develop from SPSS 

 

 

4.4 Data Analysis 

 

4.4.1 Descriptive Analysis 

 

All the data have present in graph in below. In this study, the data in Dataset 

can be downloaded from the Kaggle. Below showed that the data set is 

largely representative of 445 sample in terms of terms of years, subgrade, 

employee length, home ownership, loan status, months since recent inquiry 

and annual income.  
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4.4.1.1 Term of year  

Figure 4.4: Term of Year 

 

 

 

 

 

 

 

Adapted from: Developed for the research  

 

Figure 4.4 show that for the ‘Term’ variable, 3 represents 3 years and 5 

represents 5 years.  3 years are around 49%, and 5 years are around 51 %, 

which is roughly the same. 
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4.4.1.2 Subgrade  

Figure 4.5: Subgrade 

 

 

 

 

 

 

 

 

 

Adapted from:  Developed for the research  

 

The descriptive statistics show that for the ‘Subgrade’ variable, 1 represents 

A1 to A5 (1%), 2 represents B1 to B5 (7%), 3 represents C1 to C5 (21%), 4 

represent D1 to D5 (38%), 5 represents E1 to E5 (22%), 6 represents F1 to 

F2 (8%) and 7 represents G1 to G5 (3%). From the statistics shown that 

majority of borrowers are from Grade D in their credit score.  

 

 

 

 

 

1% 7%

21%

38%

22%

8%

3%

Subgrade

Grade A

Grade B

Grade C

Grade D

Grade E

Grade F

Grade G



Credit Score in Default Prediction for P2P Lending 

42  

 

  

4.4.1.3 Employee Length 

                              Figure 4.6: Employee Length 

Adapted from: Developed for the research  

 

The sample of Employee Length in year consisted of more than 10 years 

(15%), 6 years to 9 years (15%) and less than 5 years (15%) in the dataset 

(N=445). 
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4.4.1.4 Home Ownership 

Figure 4.7: Home Ownership 

 

Adapted from: Developed for the research  

 

 

There are only 3 numerical attributes chosen in this variable, which 

include own (4%), rent (29%) and mortgage (67%).  
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4.4.1.5 Loan status 

Figure 4.8: Loan Status 

  

Adapted from:  Developed for the research  

 

Figure 4.8 show that the ‘Loan Status variables are represented by 

status of borrowers, 1 for Late (16 to 30 Days), 2 for Late (31 to 120 

Days) and 3 for Charge Off.  

 

According             to figure 4.8 Late (16 to 30 Days) have the lowest 

percentage in 3%, while Charge Off have the highest percentage in 

63%. As a result, the category for this attribute with the status have 

recorded accordingly. 
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4.4.1.6 Months since recent Inquiry 

Figure 4.9: Months Since Recent Inquiry 

Adapted from: Developed for the research  

 

The descriptive statistics show that for the ‘Months Since Recent Inquiry’ 

variable in past 24 months. According to figure 4.9, the lowest in the 

duration in months since the latest inquiries occurred shown in after 24 

months and the higher toward less than a month to 8 months. 
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4.4.1.7 Annual Income  

Figure 4.10: Annual Income 

Adapted from: Developed for the research  

 

The descriptive statistics show that for the ‘Annual Income’ variable of 

borrowers. According to figure 4.10, it indicated the annual income of 

borrowers majority are around 31000 USD to 50000 USD. 
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4.4.2 Bivariate Analysis 

 

Table 4.11: Result of Bivariate Analysis  

Hypothesis  Path P- value Pearson 

Correlation 

Result 

H1 LA → IR 0.217 0.730 Positive  

H2 LA → RUR 0.029 0.103* Positive 

H3 LA → TOTRB 0.277 0.520 Positive 

H4 LA → BU 0.790 0.083 Positive 

H5 LA → NORA 0.052 0.092 Positive 

H6 LA → DTI 0.000 0.179** Positive 

H7 IR → RUR 0.033 0.101* Positive 

H8 IR → TOTRB 0.000 0.214 Negative 

H9 IR → BU 0.052 0.092 Positive 

H10 IR → NORA 0.026 0.105* Negative 

H11 IR → DTI 0.171 0.65 Negative 

H12 RUR → TOTBR 0.000 0.4** Negative 

H13 RUR → BU 0.000 0.75** Positive 

H14 RUR → NORA 0.000 0.182** Negative 

H15 RUR → DTI 0.346 0.045 Positive 

H16 TOTBR → BU 0.000 0.312** Negative 

H17 TOTBR → NORA 0.000 0.441** Positive 

H18 TOTBR → DTI  0.011 0.121* Negative 

H19 BU → NORA 0.352 0.044 Negative 

H20 BU → DTI 0.479 0.034 Positive 

H21 NORA → DTI  0.755 0.015 Negative 

Source:  Developed for the research  

 

Based on the table 4.18, all the relationships between IV and DV from H1 

to H7, H9, H13, H15, H17, and H20 are statistically significant as their p-

values are below 0.05.  The correlation coefficient for H3 falls between 0.50 

and 0.70, indicating a moderate positive correlation, while H17 shows a 

correlation between 0.30 and 0.50, suggesting a low positive correlation. 
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Relationships with correlation coefficients between 0.00 and 0.30, such as 

H2, H4, H5, H6, H7, H9, and H15, exhibit negligible positive correlations. 

 

Moreover, the relationship between Interest Rate and DTI (H11) 

demonstrates a moderate negative correlation within the range of 0.50 to 

0.70. Similarly, H16 and H12 both indicate low negative correlations, 

falling between 0.30 and 0.50. Conversely, H10, H14, H18, H19, and H21 

exhibit negligible negative correlations.   

 

 

4.5 Summary 

 

Based on the decision rule for assessing the Pearson Correlation if p-value less than 0.05, 

test is significant and not significant in more than 0.05. (Howitt, 2020). There are 12 

significant relationships between the IVs in 21 hypotheses testing. 
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CHP 5: DISCUSSION, RECOMMENDATION AND 

LIMITATION 

 

5.0 Introduction 

 

Chapter 5 provides an overview of the statistical analysis conducted in the study, 

encompassing bivariate analysis and descriptive analysis. The chapter also includes 

discussions on the main findings, theoretical implications, practical implications, 

limitations of the study, recommendations, and conclusions. 

 

 

5.1 Summary of Statistical Analysis  

 

In this study have utilized data from Lending Club, the largest P2P platform in the 

United States, to verify actual default and charge-off results. Table 5.1 provides 

detailed characteristics of the data. 

 

Chapter 4 results revealed 11 significant relationships among the IVs in 21 

hypotheses tested. A majority of loans, around 51%, had a term of 5 years, with the 

majority of subgrades falling in grade D and around 70% having an employee length 

of more than 10 years. Additionally, 67% of loans were for mortgage purposes, and 

approximately 63% ended up in charge-offs. The median annual income was 

$50,000. 
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Borrowers were classified into seven credit score categories from A to G, with lower 

scores indicating higher risk for investors. Notably, borrowers with a "D" score 

were more prone to default on their loans. Predicting which loans are likely to turn 

bad is crucial for Lending Club's future growth, especially considering that many 

of these loans were applied for mortgage purposes and eventually charged off. 

 

Logically, lower credit scores entail higher risk, leading to higher interest rates paid 

by clients to investors. Loans with longer terms, specifically 5 years, are more likely 

to turn bad. A high number of bad loans increases lending risk for Lending Club, 

potentially deterring investors and disrupting the capital chain, possibly leading to 

bankruptcy. Thus, these loans tend to pose a higher risk of turning bad (Ma &, W., 

2021). 

 

 

5.1.1 Discussion of Major Findings  

Table 5.1: Summary of Major Findings 

Hypothesis Relationship Result 

H1: Revolving Utilization Rate has significance influence on Loan 

Amount during P2P Lending in Lending Club 

Accepted 

H2: Revolving Utilization Rate has significance influence on 

Interest Rate during P2P Lending in Lending Club 

Accepted 

H3:  Revolving Utilization Rate has significance influence on Total 

open to buy on Revolving Bankcard during P2P Lending in 

Lending Club 

Accepted 

H4:  Revolving Utilization Rate has significance influence on 

Bankcard Utilization Rate during P2P Lending in Lending Club 

Accepted 

H5:  Revolving Utilization Rate has significance influence on 

Number of open Revolving Accounts during P2P Lending in 

Lending Club 

Accepted 

H6:  Revolving Utilization Rate has significance influence on DTI 

during P2P Lending in Lending Club 

Rejected 
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Source:  Developed for the research  

 

5.1.1.1 Relationship between Revolving Utilization Rate has 

significant influence on Loan Amount during P2P Lending in 

Lending Club    

 

A significant influence of loan amount on revolving utilization rate suggests 

that as the loan amount increases or decreases, there is a consequential effect 

on how much of the available revolving credit a borrower utilizes. For 

instance, as the loan amount increases, borrowers may tend to utilize a 

higher proportion of their available revolving credit, potentially because 

they have more financial obligations to meet (Leckė et al., 2022). 

 

On the other hand, individuals may also rely more heavily on their available 

revolving credit to cover additional expenses, leading to higher utilization 

rates, which can decrease the likelihood of loan approval (Madeira, 2023). 

Conversely, as individuals repay loans or reduce their debt burden, they may 

utilize less of their available revolving credit, resulting in lower utilization 

rates (Field, 2024). 

 

Moreover, borrowers who take out larger loans may need to manage their 

revolving credit more cautiously to avoid exceeding their credit limits or 

negatively impacting their credit scores. Therefore, higher loan amounts 

carried by borrowers often increase the potential risk of default (Leckė et al., 

2022). 
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5.1.1.2 Relationship between Revolving Utilization Rate has 

significant influence on Interest Rate during P2P Lending in 

Lending Club   

 

A low positive relationship between interest rate and revolving 

utilization rate indicates that as the revolving utilization rate increases, 

there is a slight tendency for the interest rate to also increase.  

 

Borrowers with higher loan amounts might have higher credit 

utilization ratios, potentially impacting their available credit limits 

and affect the interest rate also tends to increase significantly (Zhu et 

al,.2023). Typically, higher loan amounts might signal higher risk to 

lenders, as larger loans may pose a greater risk of default. 

Consequently, lenders may increase interest rates to compensate for 

this higher risk. especially in developing countries where consumer 

credit is widely used, often at high interest rates and high default risk 

(Madeira 2018). 

 

Moreover, riskier borrowers may be willing to accept higher interest 

rates to compensate lenders for the increased risk of default  (Hughes 

et al., 2022).  This can lead to adverse selection, where lenders attract 

a disproportionate number of high-risk borrowers willing to pay higher 

rates. Therefore, investors charge a higher interest rate on borrowing, given 

the increased risk of lending or defaulting on the part of borrowers. which 

is transferred to investors in the P2P market. 
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5.1.1.3 Relationship between Revolving Utilization Rate has 

significant influence on Total open to buy on Revolving 

Bankcard during P2P Lending in Lending Club      

 

A negative significant relationship could indicate that individuals with low 

revolving utilization rate tend to have more total open to buy on revolving 

bankcard.  

 

As remain the revolving utilization rate on 30% below as a good revolving 

utilization rate which have the low total debt holding and large portion of 

credit available (Gupta, 2019).   If a borrower's revolving utilization ’ate Is 

high, indicating that they are already using a significant portion of their 

available credit. As such, borrowers with high revolving utilization rates 

may exhibit riskier financial behaviour, which could influence lenders’ 

decisions regarding total open to buy on revolving bankcards. As the 

revolving utilization rate increases, the total open-to-buy decreases, and vice 

versa. 

 

Moreover, borrowers with lower credit scores are less likely to be funded 

and more likely to default and end up with higher interest rates.  However, 

while low and medium levels of bankcard use signal the creditworthiness of 

borrowers, very high levels of bankcard use lead to lower funding 

probabilities and higher interest rates due to the risk of high leverage and 

vulnerability to shocks (Serrano-Cinca & Nieto, 2016). 
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5.1.1.4 Relationship between Revolving Utilization Rate has 

high significant influence Bankcard Utilization Rate during 

P2P Lending in Lending Club    

 

Bankcard Utilization Rate is focuses on the portion of available credit that 

a person is using on their credit cards which looking only at the credit card 

portion of revolving credit (Kim, 2021). The more accounts with a past due 

balance, and larger balances past due. 

 

The bankcard utilization rate has reflected the financial behaviour of 

borrowers that could indicate a certain financial behaviour or spending 

pattern. Individuals who may take out larger loans may also tend to use a 

higher proportion of their available credit on their bankcards (Lim et al., 

2020). Thus, the bankcard has higher debt amount might lead individuals to 

utilize more of their available credit on bankcards to manage their finances, 

possibly due to increased expenses or a need for liquidity and as a sign of 

financial strain or increased credit risk. Thus Lenders may consider 

borrowers with a high bankcard utilization rate as having a higher capacity 

to take on additional debt, which could affect their financial stability. 

 

Moreover, the bankcard utilization rate and the revolving utilization rate 

have affected by the credit score calculations. Higher utilization rates can 

negatively impact credit scores, leading to higher interest rates or rejection 

from lenders.  

 

Furthermore, borrowers with a high total open to buy may be perceived as 

riskier if they have a history of maxing out their credit limits or carrying 

high balances on their credit cards. Thus Lenders may be more conservative 
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in extending additional credit to borrowers who are already heavily indebted. 

Hence, the portion of credit available will decrease in revolving utilization 

rate. 

 

 

5.1.1.5 Relationship between Revolving Utilization Rate has 

significant influence on Number of open Revolving Account 

during P2P Lending in Lending Club   

 

A negative significant relationship could indicate that individuals with low 

revolving utilization rate tend to have more open revolving accounts. This 

could suggest that individuals with larger loans have established credit 

histories or higher creditworthiness, allowing them to access more credit 

accounts. Lenders might also consider the number of open revolving 

accounts when determining loan amounts. For instance, individuals with a 

higher number of open revolving accounts might be seen as less risky 

borrowers. Therefore, lenders may be more cautious about approving 

additional accounts for borrowers with high utilization rates to mitigate their 

exposure to risk. 

 

However, a high revolving utilization rate also may indicate that a borrower 

is heavily reliant on credit and may have difficulty managing additional debt. 

In such cases, the number of open revolving accounts may be limited as 

lenders may perceive borrowers with high utilization rates as riskier. High 

revolving utilization rates may indicate that borrowers are utilizing a 

significant portion of their available credit, potentially signalling financial 

strain or instability. Lenders may consider this factor when evaluating the 

number of open revolving accounts, they are willing to extend to borrowers. 
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Borrowers with high utilization rates may be perceived as less financially 

stable, leading lenders to limit the number of accounts they can open (Ma 

&, W., 2021). 

 

 

5.1.1.6 Relationship between Revolving Utilization Rate has 

significant influence on DTI during P2P Lending in Lending 

Club  

 

An insignificant relationship between revolving utilization rate and DTI 

ratio. Both revolving utilization rate and DTI ratio are key indicators of an 

applicant's financial health and ability to manage debt.  

 

Debt-to-Income (DTI) ratio, on the other hand, measures the percentage of 

a person's monthly income that goes toward debt payments. This ratio is 

used by lenders to assess an individual's ability to manage monthly 

payments and is often considered in loan approval process (Ismawati & 

Faturohman, 2023). A high DTI ratio may indicate that a person has a 

significant amount of debt relative to their income, which could impact their 

ability to take on additional debt, leading to rejection or less favourable loan 

terms. 

 

While there can be some overlap between the factors influencing revolving 

utilization rate and DTI ratio, they are not directly correlated (Ismawati & 

Faturohman, 2023). Someone could have a low revolving utilization rate but 

a high DTI ratio if they have significant non-revolving debt like mortgages 

or car loans. Similarly, someone could have a high revolving utilization rate 
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but a low DTI ratio if they have high credit card balances, but relatively low 

overall debt compared to their income. 

 

In addition, although the borrower’s DTI doesn’t affect the decision to 

prepay, but borrowers with large revolving balance are less likely to prepay, 

which implies that borrowers use P2P loans to manage their revolving debt 

and high probability of default. 

 

 

5.2 Practical Implications 

 

5.2.1 Regular Credit Monitoring 

 

Understanding borrower behaviour can help identify early warning signs of 

financial distress and potential defaults. P2P platforms can employ 

behavioural analysis techniques to monitor borrower activities, transaction 

patterns, and communication interactions. By detecting changes in borrower 

behaviour indicative of financial stress or default intentions, platforms can 

take proactive measures, such as offering financial counselling, 

restructuring loans, or implementing risk mitigation strategies to minimize 

losses (Zhang et al., 2023). 

 

Furthermore, the adoption of the non-performing loan (NPL) ratio enhances 

credit assessment accuracy and efficiency. A high NPL ratio suggests that 

the lender is extending riskier loans prone to default, signalling a lack of 

proficiency in credit assessment and loan management (Guo et al., 2020). 
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For example, based on the risk-based pricing to adjust the interest rates and 

terms based on the borrower’s credit risk. Therefore, riskier borrowers are 

charged higher interest rates to compensate for the increased risk. 

 

 

5.2.2 Supplement with Alternative Data 

 

According to Lending Club website (n.d), Lending Club have conducted 

either income verification on 69.6% of issued loans since 2008. However, 

supplemented with alternative data sources to provide a more 

comprehensive assessment of a borrower's creditworthiness.  Zopa, the UK's 

largest P2P lending service, tracks the applicants from another willing 

lender (Kim, 2021). 

 

Due to different customer information and are subject to different 

regulations, which affects their loan terms and the ability to target borrowers. 

Hence transformed the analysis from passive information retrieval into 

proactive big data analytics. In other words, in traditional credit evaluation, 

lenders passively depend on the borrowers providing information about 

themselves; while in the big data era, lenders can proactively search the 360-

degree online footprint of potential borrowers and assess it from multiple 

perspectives to gain new insights. For instance, social media, surfing, 

ecommerce purchases, financial transactions. 
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Integrating such data can enrich the predictive power of default models and 

help identify creditworthy borrowers who may have limited or no traditional 

credit history. 

 

 

5.2.3 Prediction of future change borrowers  

  

Borrower behaviour in P2P lending is offers insights into how borrowers 

make decisions under uncertainty, risk preferences, time preferences, and 

social influences. Prospect Theory, for example, suggests that borrowers 

may exhibit loss aversion and risk-seeking behaviour when faced with 

potential losses from default (Khan el al,2021). 

 

The current credit scoring systems are divided into the forward-looking 

mechanism, which assesses the creditworthiness of borrowers based on their 

uploaded information, and the backward-looking mechanism, which 

assesses the creditworthiness of borrowers based on their historical 

repayment performance (Gao, & Zhou, 2017).  These two systems are used 

to identify default risk. Understanding these behavioural aspects can help 

lenders design borrower incentives, communication strategies, and default 

prevention mechanisms that align with borrowers' preferences and 

motivations, ultimately improving credit risk management in P2P lending 

(Rosdini et al., 2022).  

 

If the applicant is likely to repay the loan, then not approving the loan results 

in a loss of business to the company. If the applicant is not likely to repay 

the loan, i.e. he/she is likely to default, then approving the loan may lead to 

a financial loss for the company (Y. Guo et al., 2021). 
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5.3 Theoretical Implications  

 

This study addressed theoretical gaps in existing research and identified crucial 

variables for determining credit scoring. While it provided comprehensive data, 

there remains a lack of a solid foundation for prediction, mainly due to the 

continuous expansion of the P2P lending sector and the diverse characteristics of 

borrowers across different lenders.  Although various research conducted from all 

this research have examined the factor that different perspective influenced credit 

scoring in default prediction.  

 

Furthermore, examining the spending pattern and financial behaviour of borrowers 

has an interrelationship with credit scores, affecting access to credit and reducing 

default rates. By assessing FICO scores to determine customers' creditworthiness 

for loan approval, drawing from credit history data such as credit card debt, 

outstanding loans, payment history, and the number of revolving accounts. 

 

The findings of this study suggest a notable positive relationship between bankcard 

utilization rates and revolving utilization rate, suggesting a potential avenue for 

further research. This contributes to the existing literature and lays a foundation for 

future investigations and explore study context.  It underscores the importance of 

revolving utilization rates in credit scoring, particularly in the dynamic landscape 

of P2P lending, where such rates can significantly influence credit scores and 

subsequent lending decisions. Additionally, the study explores how borrowers' 

spending patterns and financial behaviours impact their credit scores, enhancing the 

understanding of credit scoring mechanisms. 
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5.4 Limitations 

 

Generally, the larger the dataset the greater statistical power for pattern recognition 

enable very large-scale data analysis. However, according to this research sample 

size have only selected 445 sample, it still has limited sample size for further 

research.  

 

Secondly, the research did not target any specific industry which in order to not bias 

in certain variable like specially in certain factor but also to included and with wide 

range for the better understanding of the target segment and the probability of 

default (PD).  For instance, included employee title, the time of loan application, 

last payment date and so on to have further research on specially included the 

variable. This can lead to inaccurate assessments of credit risk, potentially resulting 

in loans being given to borrowers who are not creditworthy or denying credit to 

borrowers who are. 

 

Thirdly, Kaggle was posted using the machine learning in Python that as the 

programming to run through the data analysis and all the process of the dataset. 

However, in the context of this study, it is using SPSS for statistics research due to 

Machine learning techniques may require more advanced programming skills and 

a deeper understanding of algorithms and model evaluation techniques, especially 

for complex analyses or large-scale datasets. 
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5.5 Recommendations 

 

For future analysis, the study should not carry out on a specific variable to narrow 

down the area of study in order to provide more accurate result in this study. It is 

able to with wide range for the better understanding of the target segment and the 

probability of default (PD). In term of wider range of sample would have more 

interesting result in the diversify and without bias. 

 

Nowadays, machine learning methods have been applied to predict important 

factors affecting loan repayment, such as verification of identity, assets, and 

education level (Xu et al., 2021). In the further study, it is recommended to use 

Python instead of using SPSS for statistics research as SPSS can only support 

simple statistics and inflexibility and adaptability to Changing Data. Machine 

learning algorithms are adept at capturing complex, nonlinear relationships within 

data. They can identify patterns and interactions among variables that might be 

missed by traditional statistical techniques (Xia et al., 2022). 

 

Moreover, judged more comprehensively because certain other variables have also 

important effects on repayment performance outcomes such as inquiries for new 

credit, employee title, the time of loan application, last payment date and types of 

credit accounts. Hence analysis with wide range of variables for better prediction 

of probability of default, better distinguish between low-risk and high-risk 

borrowers.  
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5.6 Conclusion   

 

In conclusion, this study examined credit score in default prediction for P2P lending. 

It can be concluded that the bankcard utilization will be affected revolving 

utilization rate while accessing the credit assessment and studying the borrowers' 

spending behaviour to predict the financial decision making of borrowers. And to 

ensure long-term viability of P2P lending. On the other hand, DTI will not be 

affected in credit assessment. Future studies should focus on bankcard utilization 

rates in P2P lending, leveraging machine learning and various software tools. This 

study serves as a reference for future researchers to validate their own findings. 
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Appendix 

 

 

Appendix 4.1: Summary of Hypothesis Development 

Hypothesis  Outcome Determination 

H1: Loan Amount has not significance 

influence on Interest Rate during P2P 

Lending in Lending Club 

 

Significant Value: 

0.217, p< 0.05   

Rejected 

H2: Loan Amount has significance influence 

on Revolving Utilization Rate during P2P 

Lending in Lending Club  

CFA Extraction Value: 

0.685, >0.5 

 

Significant Value: 

0.029, p< 0.05   

Accepted 

H3: Loan Amount has not significance 

influence on Total open to buy on Revolving 

Bankcard during P2P Lending in Lending 

Club 

Significant Value: 

0.277, p< 0.05   

Rejected 

H4: Loan Amount has not significance 

influence on Bankcard Utilization Rate   

during P2P Lending in Lending Club 

 

Significant Value: 0.79, 

p> 0.05   

 

Rejected 

H5: Loan Amount has not significance 

influence on Number of open Revolving 

Accounts during P2P Lending in Lending 

Club 

Significant Value: 

0.052, p< 0.05   

Rejected 

H6: Loan Amount has significance influence 

on DTI during P2P Lending in Lending 

Club 

CFA Extraction Value: 

0.685, >0.5 

 

Significant Value: 0, p< 

0.05   

Accepted 
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H7: Interest Rate has significance influence 

on Revolving Utilization Rate during P2P 

Lending in Lending Club 

CFA Extraction Value: 

0.600, >0.5 

 

Significant Value: 

0.033, p< 0.05   

Accepted 

H8: Interest Rate has significance influence 

on Total open to buy on Revolving Bankcard  

during P2P Lending in Lending Club 

CFA Extraction Value: 

0.600, >0.5 

 

Significant Value: 0, p< 

0.05   

Accepted 

H9: Interest Rate has not significance 

influence on Bankcard Utilization Rate   

during P2P Lending in Lending Club 

Significant Value: 

0.052, p< 0.05   

 

 

Rejected 

H10: Interest Rate has significance influence 

on Number of open Revolving Accounts 

during P2P Lending in Lending Club 

CFA Extraction Value: 

0.600, >0.5 

 

Significant Value: 

0.026, p< 0.05   

Accepted 

H11: Interest Rate has not significance 

influence on DTI during P2P Lending in 

Lending Club 

Significant Value: 

0.171, p< 0.05   

 

 

Rejected 

H12: Revolving Utilization Rate has 

significance influence on Total open to buy 

on Revolving Bankcard during P2P Lending 

in Lending Club 

CFA Extraction Value: 

0.829, >0.5 

 

Significant Value: 0, p< 

0.05   

Accepted 

H13: Revolving Utilization Rate has 

significance influence on Bankcard 

Utilization Rate during P2P Lending in 

Lending Club 

CFA Extraction Value: 

0.829, >0.5 

 

Significant Value: 0, p< 

0.05   

Accepted 

H14: Revolving Utilization Rate has 

significance influence on Number of open 

Revolving Accounts during P2P Lending in 

Lending Club 

CFA Extraction Value: 

0.829, >0.5 

 

Significant Value: 0 p< 

0.05   

Accepted 
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H15: Revolving Utilization Rate has not 

significance influence on DTI during P2P 

Lending in Lending Club 

CFA 

 

Significant Value: 

0.346, p< 0.05   

Rejected 

H16: Total open to buy on Revolving 

Bankcard has significance influence on 

Bankcard Utilization Rate during P2P 

Lending in Lending Club 

CFA Extraction Value: 

0.691, >0.5 

 

Significant Value: 0, p< 

0.05   

Accepted 

H17: Total open to buy on Revolving 

Bankcard has significance influence on 

Number of open Revolving Accounts during 

P2P Lending in Lending Club 

CFA Extraction Value: 

0.691, >0.5 

 

Significant Value: 0, p< 

0.05   

Accepted 

H18: Total open to buy on Revolving 

Bankcard has significance influence on DTI 

during P2P Lending in Lending Club 

CFA Extraction Value: 

0.691, >0.5 

 

Significant Value: 

0.011, p< 0.05   

Accepted 

H19: Bankcard Utilization Rate has not 

significance influence on Number of open 

Revolving Accounts during P2P Lending in 

Lending Club 

CFA 

 

Significant Value: 

0.352, p< 0.05   

Rejected 

H20: Bankcard Utilization Rate has not 

significance influence on DTI during P2P 

Lending in Lending Club 

CFA 

 

Significant Value: 

0.479, p< 0.05   

Rejected 

H21: Number of open Revolving Accounts 

has not significance influence on DTI during 

P2P Lending in Lending Club 

CFA 

 

Significant Value: 

0.755, p< 0.05   

Rejected 

 

Source:  Developed for the research  

 


