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The purpose of this study is to find out if the Self-Organizing Map (SOM) is an 

appropriate method for exploring peer-to-peer lending data and if it can be used to 

find factors or combinations of variables that would be related to the debtor’s 

repayment problems. The study is based on quantitative peer-to-peer lending 

analysis and the data is collected from the Estonian peer-to-peer lending company 

Bondora’s service. The data is collected from the years 2013 – 2017. The 

comparison was conducted by dividing the data into a two parts, borrower’s 

characteristics and financial variables. The Self-Organizing Map was done for each 

part separately. The results of the study show that the Self-Organizing Map is a very 

illustrative tool that investors could use to support the investment decision. As a 

finding, the borrowers’ employment status, marital status, educational background 

and purpose of the loan are related to overdue loans. It should be mentioned, that 

it is more profitable to assess the borrower's creditworthiness as a larger entity than 

just individual variables. 
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Tämän pro gradu -tutkielman tarkoituksena on selvittää, soveltuuko 

Itseorganisoituva kartta (SOM) menetelmänä vertaislainadatan tutkimiseen ja onko 

sitä hyödyntämällä mahdollista löytää tekijöitä tai tekijöiden yhdistelmiä, jotka 

olisivat yhteydessä velallisen maksukyvyttömyyteen. Tutkielma perustuu 

kvantitatiiviseen vertaislaina-analyysiin, jonka aineisto on kerätty virolaisen 

vertaislainayhtiön Bondoran tarjoamasta palvelusta ja se sijoittuu vuosille 2013 - 

2017. Vertailu toteutettiin jakamalla data lainaajan ominaisuuksiin ja rahallisiin 

muuttujiin sukupuolen mukaan ja tekemällä itseorganisoituva kartta kullekin 

erikseen. Tutkielman tulokset osoittavat, että itseorganisoituva kartta on hyvin 

havainnollistava työkalu, josta saatavia tietoja sijoittajat voisivat hyödyntää 

sijoituspäätöksen tukena. Havaittiin, että lainaajan työllisyystilanne, siviilisääty, 

koulutustausta ja lainan käyttötarkoitus ovat yhteydessä myöhästyneisiin lainoihin. 

On kuitenkin todettava, että lainaajan luottokelpoisuutta on kannattavampaa 

arvioida suurempana kokonaisuutena, kuin vain yksittäisten muuttujien kautta. 
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1 INTRODUCTION  

 

This master’s thesis begins from the introduction chapter where the background of 

the topic and motivation for the study are explained. In the second subsection the 

focus of the study is explained, and research questions are defined. Structure of the 

study is presented at the end of this introduction chapter. 

 

1.1 Background of the study 

 

“One of the key decisions financial institutions have to make is to decide whether or not to 

grant a loan to a customer.”  

(Huysmans et al. 2006) 

One of the world’s shattered crises was the latest Financial Crisis in 2007-2009. 

Reasons for the crisis were manifold and causes reached all over the world. One of 

the causes was a systematic loss of trust to traditional banks. Lending policy and 

legislation have been tightened as actions to prevent households and businesses 

over-indebtedness and thereby prevent a possible new financial crisis. This has 

created the need for an alternative financing when borrowing is not that easy than it 

used to be. Nowadays borrowers might not get loan even when their ability to repay 

is enough. Alternative finance enables borrowers to get loan even when traditional 

bank has declined the loan application.  

Today’s banking business is in a strong transformation. Loan applications are 

principally made online and banks’ lending decisions will be increasingly automated. 

When there is no more face to face meeting between the bank and the customer, 

and credit decisions are not made by people in the future. This study will focus on 

factors that should have important impact to the lending decision. The purpose is to 

find out, if it’s possible to find contribution of these factors that could be used to 

predict the future performance of these borrowers.  

The goal is to find different factors affecting to the borrower’s ability to take care of 

their liabilities. Based on these found factors, the target is to visualize the data set 
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and find different groups from these borrowers’ characteristics. The goal is to find 

out what kind of clusters and patterns can be found based on these key factors.  

These results could be used for evaluating borrowers’ performance in the future and 

to help investors to do right decisions, when evaluating who is able to repay their 

liabilities and who will default. Moreover, differences between women and men have 

been under discussion over time in different perspectives. Gender has had impact 

to the lending decision and gender’s performance vary in financial aspects. 

Comparison of women and men in peer-to-peer lending has been rather limited. So, 

the purpose is to find potential differences between genders in peer-to-peer lending 

field. 

Previous studies vary on the methods used to evaluate the credit risk and the point 

of view to the success factors influencing to default.  

 

1.2  Focus and contribution of the study 

 

This study is a quantitative study that concentrates on peer-to-peer lending as a 

personal finance and an alternative investment for an individual investor. The focus 

is on exploring peer-to-peer lending data and find out if Self-Organizing Map is a 

useful tool for investors to evaluate if a potential borrower is creditworthy or not.   

 

There can be seen three different elements in this study. The first and the most 

important focus and motivation is to learn more about Self-Organizing Map and how 

it works and how it can be used to investigate and visualize data. The motivation is 

to see what kind of patterns can be found from the peer-to-peer lending data set by 

using Self-Organizing Map.  

 

Secondly to learn more about Principal Component Analysis as a method to reduce 

high dimensionality of the data is one of the sources of motivation. We do not have 

much prior experience of this method and therefore it is very interesting to learn 

more about it. What kind of steps it requires and what kind of results it will provide?  
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Thirdly Peer-to-peer lending and loans are interesting as a phenomenon and the 

popularity have relatively increased year by year. So, it would be interesting to learn 

more about peer-to-peer lending as an alternative way of lending and investing. 

 

1.3 Research questions, objectives and limitations 

 

In this study we will examine if Self-Organizing Map could be suitable tool to 

visualize borrower data by finding various variables and clusters of borrowers which 

indicates the borrowers’ ability to manage their liabilities. The goal of this study is to 

answer to the following research questions and to find out if the following 

hypotheses are true or not.  

 

Is the Self-Organizing Map an appropriate method for exploring P2P lending data? 

 

Hypothesis: “Self-Organizing Map is an appropriate method for exploring 

information of the borrowers.” 

 

Is it possible to make a comparison of the performance between female and 

male borrowers by using SOM? 

 

Hypothesis: “SOM is an appropriate tool for comparing the performance between 

female and male borrowers.” 

 

Is it possible to find variables or combinations of variables that indicates higher 

probability of loan delay by using SOM? 

 

Hypothesis: “There are important factors that affect to the borrower’s ability to pay 

their liabilities.” 

 

The main object of this study is to narrow the research gap of using Self-Organizing 

Map for exploring P2P lender data and to test if Self-Organizing Map is a suitable 

method to find variables that affect to the loan delays. The highly motivating ambition 
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is to show that ordinary P2P investor could benefit if he or she examined the data 

by visualizing it with SOM. 

 

This study does not handle prediction of a borrower’s default and it does not take 

into consideration the investors’ point of view for expected return or is the expected 

return enough compared to the risk of borrower’s default. 

 

1.4 Structure of the study 

 

The study is organized as follows. In chapter 2 we handle theoretical framework of 

financial theory behind the topic and peer-to-peer lending as a phenomenon. The 

literature review examines previous academic literature related to the subject and 

previous studies in the field of peer-to-peer lending. In the chapter 3, used methods 

Principal Component analysis and Self-Organizing Map will be introduced briefly. 

Chapter 4 is dedicated to the introduction of Bondora data used in this study. 

Chapter includes basic information related to the data such as descriptive statistics, 

descriptions of the employed variables and sample size. The empirical results are 

handled in chapter 4 as well. Finally, chapter 5 includes a summary of key findings, 

research validity and limitations and recommendations for further research. The last 

chapter concludes the study. 
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2 THEORETICAL FRAMEWORK AND LITERATURE REVIEW 

 

In this chapter we will handle financial theory and earlier literature behind the study. 

In the first subsection we will go through one of the most important theories behind 

financing. That is informational asymmetry. In the second subsection we take a 

review at previous studies on the subject. In the last subsection of this chapter we 

will get to know more about details of peer to peer lending and we will find the 

answers to the questions: What is it, and how it works? 

 

2.1 Asymmetry of Information 

 

The basic theory behind the financial markets is efficient market hypothesis. This 

means all information is incorporated into prices and there is no way to outperform 

the market. In other words, all the same information is available for all actors in the 

markets. One significant problem that may occur in P2P lending is information 

asymmetry. Information asymmetry may exist when the lender, usually individual, 

does not have adequate information about the borrower (Riggins & Weber 2017).  

 

Leland and Pyle have mentioned that borrowers typically know their own situation 

better than anyone else. For instance, compared to lenders, borrowers know better 

their own income, needs, current liabilities, collaterals, moral rectitude and 

industriousness compared to lenders. Lenders would get advantages, if they could 

know better the characteristics of borrowers. The moral hazard complicates the 

direct transfer of information. If borrower can benefit from not being transparent 

about their situation, they may not share the information in all respects to the 

lenders. On the other hand, lenders cannot expect borrowers to be entirely 

straightforward about their characteristics. (Leland & Pyle 1972) 

 

Imbalance of information between borrowers and lenders may cause inefficiency in 

markets and may lead to adverse selection. Lenders may give their money for those 

who are not able to pay back. Nonetheless if the actions of lenders can be observed 

from the historical data of the borrower, it can give a signal of the borrower’s quality 
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to be financed. Information asymmetry often leads to making bad decisions. (Leland 

& Pyle 1972) 

 

Banks as a financial intermediary reduces the informational chasms between 

borrowers and lenders and works as a natural response to asymmetric information. 

In online peer to peer lending, the financial intermediary is missing. The missing 

intermediary leads to the information asymmetry which is one of the biggest 

challenges to tackle for the lender. (Leland & Pyle 1972) 

 

How to tackle this challenge? The purpose of this study is figure out, whether Self-

Organizing Map can be used as a tool that is easy to use and can be used to reduce 

the information asymmetry between lenders and borrowers. This would help the 

lenders to evaluate characteristics of borrowers that can lead to default and them 

reduce the risk of losses.  

 

2.2 Literature Review 

 

Today, peer-to-peer lending has been studied from a variety of perspectives. One 

of the reasons for the attractiveness of the subject is its explosive growth over the 

last decade. There is an increasing number of research literature on the subject. 

Most of the previous studies are mostly related to borrower’s default prediction and 

factors affecting lending decision. A part of the previous studies handled more likely 

method comparison of evaluating credit risk of peer-to-peer borrowers. Some of the 

studies have handled different comparisons of peer-to-peer lending platforms and 

development needs of them, but this topic has been excluded from the literature 

review. Literature review is divided into two parts. In the first part literature searching 

process will be presented. The most relevant previous studies related to this study 

will be presented in the second section. 
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2.2.1 Literature searching process 

 

Literature searching process can be seen in the following figure 1. Databases 

Elsevier Science Direct, EBSCO – business source complete, Springer Link and 

SCOPUS were selected as sources for earlier studies. These databases were 

searched with various terms related to the topic to find as much as existing literature. 

From these databases, peer-to-peer scientific publications were searched by 

various criteria and keywords. Selected search terms in EBSCO were “Peer-to-peer” 

or “P2P” and “lending” or “online finance”. The search was limited to journals 

published in the period from 2005 to 2019 and the articles had to be found in the full 

text in English. With these keywords and limitations, 344 articles were found from 

EBSCO, 224 articles from Science Direct, 220 articles from SCOPUS and 455 

articles from Springer Link. 
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Figure 1. The literature selection process. 

 

 

All found articles were scanned by reading abstracts and based on the abstracts, 

relevant articles were identified. Duplicated articles were removed as well. When 

relevant articles were selected, they were read in more detail. Furthermore, five 

articles were found from the references of twenty relevant articles. The total number 

of relevant articles was 22. The list of the chosen articles can be seen from table 1. 

 

 

 

Keywords "Peer-to-peer" OR 
"P2P" AND"lending"

•EBSCO 344 articles

•Science Direct 224 articles

•SCOPUS 220 articles

•Springer Link 455

Reviewing and scanning relevant 
articles

•EBSCO 20 articles

•Science Direct 25 articles

•SCOPUS 45 articles

•Springer Link 36 articles

Removal of duplicates

•Relevant references from articles 4

Total 22 articles
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Table 1. List of the relevant articles chosen to the research. 

Author(s) Article Year 

Caldieraro, F., Zhang, J. Z., 
Chunha, M. & Shulman, J. 
D. 

Strategic Information Transmission in Peer-to-
Peer Lending Markets. 

 
2018 

Polena, M., Regner, T. 
Determinants of Borrowers’ Default in P2P 
Lending under Consideration of the Loan Risk 
Class 

 
2018 

Railiene, G. 
Comparison of Borrower Default Factors in Online 
Lending 

 
2018 

Liu, H., Qiao, H., Wang, S. 
Li, S. 

Platform Competition in Peer-to-Peer Lending 
Considering Risk Control Ability 

 
2018 

Ye, X., Dong, L., Ma, D. 
Loan evaluation in P2P lending based on Random 
Forest optimized by genetic algorithm with profit 
score 

 
2018 

Zheng, X., Liu, L., Leung, 
S., Du, J, Wang, X., Li, T. 

A decision support model for investment on P2P 
lending platform 

 
2017 

Lin, X., Li, X. & Zheng, Z. 
Evaluating borrower’s default risk in peer-to-peer 
lending: evidence from a lending platform in China 

 
2017 

Riggins, F. & Weber, D. 
Information asymmetries and identification bias in 
P2P social microlending 

 
2017 

Polena, M. 
Performance Analysis of Credit Scoring Models on 
Lending Club Data 

 
2017 

Chen, J., Zhang, Y. & Yin, 
Z. 

Education Premium in the Online Peer-to-peer 
Lending Marketplace: Evidence from the Big Data 
in China 

 
2017 

Chen, D., Li, X. & Lai, F. 
Gender discrimination in online peer-to-peer credit 
lending: evidence from a lending platform in China 

 
2016 

Milne, A. & Parboteeah, P. 
The Business Models and Economics of Peer-to-
Peer Lending 

 
2016 

Wang, H., Chen, K., Zhu, 
W., Song, Z. (2015) 

A process model on P2P lending 
 

2015 

Serrano-Cinca, C., 
Gutiérrez- Nieto, B. & 
López-Palacios, L. 

Determinants of Default in P2P Lending 

 
2015 

Emekter, R., Tu, Y., 
Jirasakuldech, B., Lu, M. 

Evaluating credit risk and loan performance in 
online Peer-to-Peer (P2P) lending. 

 
2015 

Barasinska, N. & Schäfer, 
D. 

Is Crowdfunding Different? Evidence on the 
Relation between Gender and Funding Success 
from a German Peer-to-Peer Lending Platform 

 
2014 
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Kangas, R. 
Online Peer to Peer Lending: Clustering 
Borrowers Using Self-Organizing Maps 

 
2014 

Namvar, E. 
An Introduction to Peer-to-Peer Loans as 
Investments 

 
2013 

Livingston, L. S. 
Could Peer-to-Peer Loans substitute for payday 
loans? 

 
2012 

Qiu, J., Lin, Z. Luo, B 
 

Effects of Borrower-Defined Conditions in the 
Online Peer-to-Peer Lending Market. 

 
2012 

Iyer, R., Khwaja, A., 
Luttmer, E., Shue, K. 
 

Screening in New Credit Markets 
Can Individual Lenders Infer Borrower 
Creditworthiness in Peer-to-Peer Lending? 

 
2009 

Berger, S. C. & Gleisner, F. 
Emergence of financial intermediaries in electronic 
markets: The Case of online P2P lending 

 
2009 

 

Huysmans, J., Baesens, B., 
Vanthienen, J., van Gestel, 
T. 

Failure prediction with self organizing maps 

 
2006 

 

 

2.2.2 Previous studies related to peer-to-peer lending 

 

As mentioned before, peer-to-peer lending as a topic has been increasingly studied 

subject which is due to its ever-increasing popularity in recent years. Specially 

classifying peer-to-peer loan applicants in good and bad risk categories has been 

interested. Previous studies vary on the methods used to evaluate the credit risk or 

borrowers’ success to be funded and to be able to pay back their loans. The point 

of view to the factors affecting default or funding decision vary as well.  

 

One of the approaches to the peer-to-peer lending has been determining the factors 

that have important connection to the loan default. Evaluations have been divided 

by the type of information given in loan applications. Iyer et al. (2009) found that 

lenders can evaluate one third of the risk of the borrower’s default by using hard and 

soft data about the borrower. Hard verified financial information is used normally by 

traditional banks. This information contains numerical variables such as the total 

amount of borrower’s current debts and a debt-to-income ratio. Instead, soft data 
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contains more personal information that the borrower has given himself. Purpose of 

the loan and borrower’s marital status are soft information. This soft information 

about the borrower himself has been found to have important influence on a 

borrower’s success.  

 

Another found soft information contained variables affecting to the loan default have 

been education (Chen et al. 2018). Serrano-Cinca et al. (2015) have set research 

questions which were related to factors explaining default in P2P lending as well. 

The data set was collected from Lending Club and the used method was logistic 

regression. They found that the best default predictor was the grade assigned by 

the P2P lending platform. They have written that other loan characteristics such as 

loan purpose and information related to the borrower’s characteristics have 

connection to default. These characteristics were for example a borrower’s annual 

income, current housing situation, credit history and borrower indebtedness.  

 

Qiu et al (2012) have noticed also other variables including loan amount, a 

borrower’s accepted maximum interest rate and loan maturity have clear impact on 

the funding success or default. Railiene (2018) has found that age of the defaulted 

borrower has some impact to the default. Average age of the defaulted borrowers 

was 33,83 years on average. Chen et al. (2018) used a huge amount of data from 

the largest Chinese online market place Paipaidai.com in their research. Writers 

examined whether higher education level lead to lower interest rates compared to 

lower education level. They also studied if borrowers with a higher education level 

have lower risk of default. As a result, they noticed borrowers with bachelor’s 

degrees are less likely to default than the borrowers with lower degrees. 

 

Emekter et al. (2015) studied credit risk in the online P2P lending by analyzing data 

from the Lending Club platform. They found that credit score and debt-to-income 

ratio had important role in determining loan default. Moreover, longer duration and 

lower credit scores have been associated with a higher probability of payment 

problems. Borrowers, who defaulted their loans, had higher interest rate, lower 

borrowed loan amounts, low credit grades, lower monthly income and they less 

likely owned a home. 
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Differences between genders in peer-to-peer borrowers’ success have been 

investigated. Chen et al. (2016) investigated potential gender discrimination in 

online P2P lending platform in China. They found female borrowers are more likely 

to be funded compared to male borrowers. Also, female borrowers got significantly 

lower interest rate than male borrowers. Barasinska and Schäfer (2014) provided 

evidence on the success of female borrowers at one of the German peer-to-peer 

platforms by using multivariate regression analysis framework. They found female 

borrowers had better change to get funded. 

 

What comes to a method used for evaluating credit risk in peer-to-peer lending, 

numerous methods have been proposed in the literature. Polena and Regner (2018) 

researched determinants of borrowers’ default within four defined risk classes. They 

used binary logistic regression as their analyzing method. As a result, they found 

that annual income, debt-to-income, inquiries in past six months and the loan 

purposes such as a credit card and small business were important in all four defined 

classes. 

 

Michal Polena (2017) has studied in his master’s thesis comparison of ten different 

classification algorithms for credit scoring in peer-to-peer lending. The used 

classification methods were Artificial neural network, Logistic regression, Linear 

discriminant analysis, Support vector machine with radial basis kernel function, 

Linear support vector machine, Bayesian network, Naïve Bayes, k-Nearest 

neighbors, Classification and regression tree and Random forest. He has used P2P 

lending data set from Lending Club. Polena found that Logistic regression and 

Linear discriminant analysis were suitable classification methods for credit scoring. 

(Polena, 2017)  

 

The most common found variables found have been certain loan purposes, debt-to-

income, loan amount, income, longer loan duration and higher interest rates which 

have had clear impact in defaulted loans. Moreover, female borrowers were found 

to be more likely funded and managed their liabilities better compared to male 

borrowers. Derived from these it would be interesting to figure out if female 
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borrowers are more likely to success managing their liabilities compared to male 

borrowers. Another interesting question would be what kind of variables have the 

most of explanation power in loan delays and could the same most effective 

variables be found from Bondora data as well. 

 

 

2.2.3 Previous studies related to SOM in the field of P2P lending  

 

Self-organizing maps have been used for numerous purposes in economy and 

studied as a method in a variety of contexts. Nevertheless, it has been studied very 

rarely to investigate its appropriateness for evaluating the borrower’s risk to default. 

Self-Organizing Map has been used as a method for exploring and visualizing loan 

data in a couple of research papers.  

 

Huysmans et al. (2006) have taken closer look at the SOM as a technique to classify 

borrowers into “good” and “bad” groups. They used two different data sets and 

MATLAB with the SOM toolbox. All in all, they found that SOM seems to be suitable 

method for classifying purposes. It was easy to use for exploring the data and results 

are easy to understand.  

 

Moreover, Reima Kangas (2014) has used SOM as a method for classifying 

borrowers into “good” and “bad” categories and has investigated whether all the 

peer-to-peer lenders are unworthy to be funded. He has searched factors that 

determine the probability of default of an individual borrower. Kangas found that 

people who used the loan for education or a vehicle more likely defaulted their loans. 

 

Most of the studies are based on different data source than Bondora, such as 

Prosper (Zheng et al., 2017), Lending Club (Emekter et al., 2015; Serrano-Cinca et 

al., 2015; Polena & Regner, 2018) Yooli (Lin et al., 2017), Paipaidai (Chen et al., 

2018) and Renrendai (Liu et al., 2018). Only Reima Kangas (2014) has used 

Bondora as a data source in his master’s thesis. The data set used in his master’s 

thesis was quite small, only 4246 peer-to-peer loans and 69 variables in total. Data 

sample contained loans from 2011 to 2014. One reason for this might be that the 
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popularity of P2P lending has increased significantly after 2014 and maybe there 

was not more data available. Therefore, it would be interesting to see, does SOM 

work with a higher amount of Bondora data used in this study and do we find the 

same variables as he had found or if the variables might have changed in a few 

years. 

 

2.3 Online Peer-to-peer Lending 

 

Currently digitalization and the development of Internet have created new ways to 

finance various needs. In the future all banks’ traditional foundation offices are 

disappeared and physical money falls into oblivion. One of the new ways of 

financing is peer-to-peer lending. Peer-to-peer lending, commonly referred as P2P 

lending, is an unsecured financing model between individuals. The model is one 

way of alternative finance, which refers to non-banking financial services. Alternative 

finance offers greater variety, more flexibility and easier access to counterparties. 

In today’s financing markets, P2P lending has become one of the major forms of 

loans. (Ye et al. 2018). Development of P2P loan volumes in Europe can be seen 

from the figure 2. 

 

 

 

Figure 2. Development of P2P consumer and business lending 2013-2016. (Ziegler 
et al. 2016, 30) 

 

But why P2P lending has increased its popularity so much in recent years? P2P 

lending has become more popular after the financial crisis in 2008. One reason to 

this is increased regulation and risk aversion, which leads to banks and other 

intermediaries globally have been unwilling or unable to lend money to certain types 
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of borrowers, even those who would have been evaluated creditworthy. (Bondora 

2019) 

 

Another reason for P2P popularity is lower costs for the borrower and higher return 

for the investor. Borrowers can apply loans with lower intermediation costs via P2P 

lending platforms. Online functioning able the lower cost structure. There are not 

high costs for expensive intermediaries, like branches. The both participants, 

borrower and lender, benefit from this. On average borrowers borrow with lower 

costs and lenders receive higher returns with well-diversified loan portfolios 

compared to traditional deposits. For investor, P2P is an attractive way of 

diversifying portfolios and via asset allocation to reduce the risk. (Namvar, 2013) 

 

Sometimes P2P lending has been confused to payday loans. Livingston (2012) has 

described payday loans as predatory with short-term, uncollateralized loans with 

high interest rates. Most often payday loans drive the borrower for personal 

bankruptcy. Payday loans are directed to people who tend to have quite low income 

and usually they are not highly educated. When payday and P2P loans are 

compared, P2P loans differ in loan size, duration and maturity structure. P2P loans 

are larger than payday loans, have longer duration and will be repaid in instalments. 

(Livingston, 2012) 

 

2.3.1 P2P Platforms as Financial Intermediaries 

 

The credit relationship between lender and borrower is established through an 

online platform. (Ye et al. 2018) These participants meet virtually together on a P2P 

platform, which acts as a marketplace instead of traditional banks. On these 

platforms, borrowers will be introduced to the lenders. (Emekter et al. 2015)  

 

P2P lending allows individuals to borrow or lend money without financial institutions, 

such as banks, acting as intermediaries. Usually peer-to-peer borrowers are 

persons or small or medium sized companies, who are often unable to get a bank 

loan because of the higher risk. On the other hand, it is challenging to lenders 
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determine borrowers’ creditworthiness. This is typically caused by the lack of 

knowledge and information. Even though there is enough information, an individual 

lender does not usually have ability to analyze the information wide enough or they 

do not have enough time and resources to it. Peer-to-peer platforms are positioned 

as an information middleman. (Li et al. 2018) 

 

The number of platforms is growing. Today there are hundreds of platforms and loan 

volumes are millions or even billions depending on a region. The number of 

European P2P platforms can be seen in figure 3. This list is not exhaustive, but it 

gives insight of how many different platforms are available in Europe. (Ziegler et al. 

2017) 

 

 

Figure 3. The number of platforms in Europe 2016. (Ziegler et al. 2017, 23) 

 

The first P2P platform and the pioneer in the field of peer-to-peer lending is Zopa. 

Zopa was founded in the United Kingdom in 2005. Loan volumes have increased 
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year by year approximately 20 % per year in United Kingdom. In 2016, P2P lending 

volume was 1.169 million British Pounds and in 2017 the volume was 1.403 million 

British Pounds. United Kingdom is the leader of peer-to-peer markets in Europe. 

(Zhang et al. 2017)  

 

Since 2005, new players have been established enormously around the world. P2P 

landed in the USA, when Prosper started to offer P2P loans to Americans in 2006. 

After two years, the US market leader became Lending Club. (Polena, 2017). In the 

US market, the volumes of P2P consumer lending have increased yearly nearly 20 

percent with the exception year 2017, when volume decreased 29 percent to be 

14.9 billion USD. The volume was 21 billion USD in 2016. (Ziegler et al. 2018b) 

 

As a comparison, in China the total volume of P2P consumer lending was 224 billion 

USD in 2017. It has grown by approximately 64 % from previous year. Across Asia 

Pacific Region (excluding China), total volume of P2P consumer lending was over 

824 billion USD. (Ziegler et al. 2018a)  

 

2.3.2 P2P Lending Process in General 

 

As a process, P2P borrowing is relatively simple. Some parts of the borrowing 

process vary depending on the used platform. Typically, the process starts, when 

the borrower registers with his/her personal information into a P2P platform. Strong 

verification of the borrower is needed to ensure borrower’s identity.  Then a borrower 

fulfills an application, where they specify the amount, they are willing to borrow and 

the maximum interest rate they are willing to pay for the loan. They will indicate 

some other optional information as well, such as loan purpose, repayment period 

and information about themselves like marital status, employment status, income 

etc. Necessarily some additional documents (account statements, pay slips etc.) 

may be asked to prove borrower’s creditworthy and ability to pay. (Wang et al. 2015) 

 

When the application is fulfilled, it will be listed for the investors on the platform 

website. Then loan application will be evaluated. If all conditions for the granting of 
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credit exists, the credit score will be calculated, and the borrower will receive a 

conditional loan offer. An agreement will be signed, and the money will be 

transferred to borrower’s account. (Bondora 2019) Normally the process is fast, but 

sometimes the process can take several days or few weeks. When loan is 

transferred electronically to the borrower’s account, usually also repayments of the 

loan will be charged monthly automatically from this account. (Corporate Finance 

Institute, 2019) 

 

Some of the P2P companies have been exploiting different scores of the borrower 

before allowing them to apply a loan. For instance, Lending Club in the United States 

uses FICO score, which is widely used by banks and other credit providers in the 

USA. The formula for the FICO score computation is a well-kept secret, but if the 

FICO score is at least 600, borrower is allowed to apply a loan at Lending Club. 

(Polena & Regner, 2018) 

 

But how does it work in the investor’s point of view? The process is described in 

figure 4. In the first step, an investor has to find a P2P lending platform that he/she 

wants to work with. The next step is sign up to become a loan lender and to decide 

how much he/she is willing to invest and for how long period. Then a lender chooses 

a lending model from two options. One option is to choose a borrower on the 

platform and borrow the money to him/her with a pre-agreed interest rate. The 

interest rate paid by the borrower works as a return for the investor. Usually an 

investor must pay certain compensation fee for the P2P company for the usage of 

the platform. (Wang et al. 2015) 

 

Another model for an investor is to put money into a pool of funds, where the P2P 

company transfers the money to different borrowers. In this model, a lender does 

not know or see information about the borrower at all. An investor provides 

guidelines within his/her own risk tolerance. More detailed lending decision power 

is given for a P2P company. In these cases, the charge for the service is usually a 

bit higher than those cases where an investor makes an investment decision by 

himself/herself. (Wang et al. 2015) 
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Figure 4. Peer-to-peer lending process (Corporate Finance Institute, 2019) 

 

2.3.3 Pros and Cons 

 

P2P lending works as an alternative for a traditional bank. One significant advantage 

is this model’s accessibility. Everyone can borrow virtually from anyone who is 

willing to allocate funds. Another advantage for a borrower is a higher ability to get 

a loan. If a traditional bank has declined the application, a borrower (small 

businesses and individuals) without collateral or other guarantee, might get a loan 

through a P2P lending platform. (Segal, 2015) 

 

The P2P as an investment is a very flexible option. The P2P lending is not tied or 

dependent on time or place. A loan can be offered usually faster and with a lower 

interest rate and costs compared to a traditional bank loan. Lower costs are possible 

when an expensive middleman is replaced by a more cost-efficient online platform. 

This reduces transaction costs. On the other hand, P2P loans generate higher 

profits for investors compared to traditional bank savings. (Klaft, 2009) 

 

Another example of the P2P lending’s flexibility is that the investment maturity is 

possible to regulate according to an investor’s own needs. Even though the loan 
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maturity can be even to sixty months, it does not mean that an investor must tie 

his/her money fully or even partially for that period. It is in investors’ hands to decide, 

how long they would like to invest. If any changes in an investor’s circumstances or 

other needs exist, an investor can adjust the investments, liquidate some portion of 

the loans or sell it in the secondary loan marketplace. (Bondora 2019) 

 

As a disadvantage for both, a lender and a borrower, is the higher risk of P2P 

lending. P2P loans are unsecured, which means that there is not any guarantee or 

collateral for an investor to get the money back. The highest risk is a borrower’s 

ability to pay, which is known as a credit risk. A lender must put more effort for 

evaluating a borrower’s creditworthiness. Often a lender does not have enough 

capabilities like time and know-how to evaluate and analyze all determinants 

affecting to the borrower’s ability to pay back their loans. Therefore, lenders need 

various tools to help them in the lending decision. Many P2P lending companies 

offer various credit scorings that can be used to determine the appropriate level of 

risk for investors themselves. Usually lower risk means lower returns as well. Some 

of the P2P lending companies have limited their maximum credit loss to be for 

instance 30 percent of the loan capital (Fellow Finance, 2019).  

 

Other risks are liquidity risk, market risk and the risk if the lending company falls to 

bankruptcy. Many of these risks can be managed by selecting a financially sound 

P2P lending company. 

 

Another challenge of the P2P lending is limited legislation and missing regulation on 

the P2P lending. Unregulated space in the P2P lending leads to larger number of 

risks for both, a lender and a borrower. P2P and alternative finance altogether have 

number of different forms and modes of operations. Some legislations do not allow 

peer-to-peer lending at all or require companies that provide such services. In these 

cases, these investments are outside from the investment regulations. Nathwani 

(2017) has written in his article that there are some regulations in place like P2P 

lenders must conduct themselves with diligence, integrity. In recent years when 

popularity of the P2P lending has vastly increased, there have been established 

different sorts of authorities and legislation to prevent misuses and to provide 
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additional protection for consumers. For instance, Financial Conduct Authority 

(FCA) regulates peer-to-peer lending industry as well as other industries providing 

financial services in the United Kingdom. Still, legislation is scarce in different 

regions compared to the popularity and volumes of peer-to-peer lending. (Nathwani, 

2017)  
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3 METHODOLOGY 

 

This part of the study handles an introduction of methods used in this study. 

Methodology is divided into two parts. The first part presents Principal Component 

Analysis as a method and a brief explanation of steps how to use it. The second 

part is an introduction of Self-Organizing Map and the most common ways to use it.  

 

3.1   Principal Component Analysis 

 

Principal Component Analysis (PCA) is a commonly used unsupervised 

mathematical technique for data mining by reducing the dimension of the data, 

which helps to simplify the data. After reducing the most useless dimensions, the 

data is easier to visualize. In other words, PCA is applied to reduce the number of 

variables by grouping the variables by maintaining as much variance as possible. 

Reduced set of variables are called as principal components, which are linear 

combinations of the original variables extracted in the order of their variance. (Das 

& Chattopadhyay & Gupta, 2016)  

 

In practice, PCA seeks a linear combination of variables which have the maximum 

variance extracted. Then it removes this variance and searches for a second linear 

combination which explains the maximum part of the remaining variance. PCA’s 

goal is to find the most useful dimensions which have the highest variance.  

 

PCA has from seven to eight stages depending on the purpose and the goal of the 

research. The first step is to choose variables included in PCA. These chosen 

variables should be continuous and preferably interval or proportional. Then the data 

must be standardized so that each one of the variables contributes equally. The 

most common way is to standardize variables into same scale. Standardization 

mathematically is done by subtracting the mean and dividing by the standard 

deviation for each value of each variable. (Jaadi, 2019)  
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The next step is to compute covariance matrix. The purpose is to find if there is any 

relationship between the variables. It can be noticed from covariance matrix, where 

it is possible to see if variables are varying from the mean with respect to each other. 

(Jaadi, 2019) 

 

After computing the covariance matrix, eigenvectors and eigenvalues should be 

computed. This is the way to identify the principal components. Moreover, the 

number of factors has to be chosen based on the acceptance criteria. One way to 

decide is to choose variables if their eigenvalue exceeds 1. Another way to define 

the optimal number of factors is to find the maximum or the percentage of variation 

explained. (Jaadi, 2019) 

 

When the optimal number of factors has been chosen, ingredients of factors must 

be evaluated. Each variable has own loadings in a particular factor. This loading 

means correlation between a variable and a factor. To make an interpretation easier, 

the next step is rotation. There are several different rotation methods. In this case 

Orthogonal Varimax was used. 

 

At the end, Kaiser’s measure of sampling adequacy (MSA) will be used for testing 

partial correlations between variables. This is the way to evaluate goodness of the 

factor model. Also, communalities of each variable should be calculated, and 

reliability and validity must be evaluated. 

 

As mentioned before, the goal of this study is to learn the usage of the PCA. Usually, 

the PCA creates factors (principal components), which will be used as separate 

variables in the further analyses, but in this study the PCA was just used to find the 

most important variables that explains most of the variance in the data. These found 

factors (principal components) will not be used as an own variable. Instead, 

variables inside the principal components will be used as the variables for the SOM 

analyses. By this way, the PCA was used for reducing the number of variables. The 

final results of the PCA are included in the Appendix 2. The variables found from the 

PCA have later been used in different Self-Organizing Maps.  
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3.2   Self-Organizing Map 

 

The Self-Organizing Map (later SOM) is an unsupervised learning algorithm, which 

aims to identify the patterns from the data by itself. SOM provides a data 

visualization technique that reduces dimensions of the data to a map and displays 

similarities among the data. This dimension reducing is the core purpose of SOM. 

To get a better understanding of SOM, we will briefly explain the basics of an artificial 

neural network behind the SOM. 

 

3.2.1 Artificial Neural Network 

 

Artificial neural networks (later ANN) and machine learning have increased their 

popularity and capabilities in the exploring economic phenomena year by year. The 

biological inspiration behind the ANN have the learning process in the human brain. 

This same learning process has been used in the machine learning process. (Udyar 

2017) 

 

ANN methods can be divided into two groups depending on the used teaching 

method, supervised or unsupervised. ANN has been compared to the human brain 

function, which can be seen as a biological neural network. These neurons include 

information and have interconnection with each other by transmitting information 

into electrical signals. For instance, the human brain process inputs from the world 

(hear someone knocking on the door), categorize them (understand that someone 

has knocked the door) and in the end it generates an output (walk to the door and 

open it). All of these steps are done automatically. (Udyar 2017)  

 

In the neural network, there are both neurons and connections as well. These 

connections include weights between neurons, which presents importance of the 

input. (Kohonen 2013) The basic structure of ANN can be seen in figure 5. It consists 

of input layer (data), hidden layer(s) (internal processing) and output layer (result or 

estimate). One challenge of an artificial neural network is a black box algorithm, 
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which means that the algorithm is often hardly comprehensible and interpretable 

because of hidden layers that is its neuron mechanism. (Wendler & Gröttrup, 2016)  

 

 

 

Figure 5. Example of a simple ANN model. 

 

 

3.2.2 Building Self-Organizing Map 

 

The Self-Organizing Map is one type of the artificial neural network (ANN). Finnish 

academic and researcher Teuvo Kohonen has developed Self-Organizing Map 

(later SOM) in 1982. SOM is a data analysis method that can be used for many 

purposes. In the beginning, SOM was used for automatic speech recognition. Since 

it has been applied in a wide variety of purposes such as statistics, robotics, 

economics and organizing large databases. (Kohonen, 2014)  
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The main idea behind SOM is to produce low-dimensional projection images of high-

dimensional data distributions (Das et al. 2016). It clusters multidimensional data 

(layer of inputs) onto a two-dimensional grid (layer of neurons). In other words, it 

visualizes similarity relations in a set of data variables into two-dimensional clusters. 

These clusters will be ordered as well at the same time. It uses unsupervised 

learning technique to produce a low-dimensional (usually two-dimensional) 

representation of the similarity. As a difference between a traditional ANN and SOM, 

SOM uses unsupervised competitive learning as a teaching method instead of error-

correction. (Ralhan 2018) 

 

How does it work in practice? SOM algorithm has two steps. The architecture of 

SOM can be seen in Figure 6. It includes an input layer, a set of weights and an 

output layer (grid). An input layer consists of number of variables for a number of 

observations and these are in the shape of vector. The output layer is a fully 

connected layer of neurons that has weights per each input. These weights will be 

trained over time. (Kohonen 2014) 

 

The training process for the SOM mapping starts from initializing the map randomly 

with random weights. Then randomly select an input and select the winning neuron. 

The goal in the first step is to find the closest match of similarity between these 

randomly chosen inputs and weights. The winner will be found by using Euclidean 

distance. Vector that has the highest similarity, is the winner (also called as a best 

matching unit BMU). The winner and its neighbors will be updated and moved closer 

to the input vector (cluster). Neuron weights will be updated and then this same will 

be repeated many times. At the end of the day, the most similar neurons will be 

located in clusters closer to each other and the number of neighbors is reduced. 

This is called competitive learning. (Kohonen, 2014) 
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Figure 6. A simple example of the architecture of the Self-Organizing Map. 

 

In practice, Self-Organizing Map works with several steps. The first step is to 

construct data by using specified function. Secondly, the constructed data must be 

normalized, which is the step number two. Normalization makes the data easier to 

interpret. Then the map will be trained. At this point, as an assumption, it first 

determines the map size, initializes the map using linear initialization, and at the end 

of the day, it uses batch algorithm to train the map. The map will be visualized by 

using distance matrices to show the cluster structure of the SOM. It is a way to find 

out distances between neighboring units. The most widely used distance matrix 

technique is the U-matrix. (Kohonen, 2013)  
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4 CASE: USING SOM TO EXPLORE PEER-TO-PEER LENDING DATA 

 

In this chapter we will jump into a real-life peer-to-peer lending case by introducing 

data set that has been provided by Bondora. Principal component analysis has been 

done for dimension reduction, which means to reduce the number of variables to 

make the data easier to manage. The remaining variables with the greatest variance 

are explored to the self-organizing map. The goal is to visualize the data of each 

gender to find groups of variables relevant to the failure of the borrower and find out 

if there are differences in gender success.  

 

At first, the Bondora data will be introduced. Then we will present and analyze the 

results of three separate Self-Organizing Maps and find out are there differences 

between genders and their performance. 

 

4.1 Bondora Data 

 

The data has been downloaded from the Estonian peer to peer platform called 

Bondora. The company has started its operations since 2009. Bondora provides 

digital unsecured consumer loans which are marketed in Finland, Spain and 

Estonia. Over 55.200 people have invested their money into P2P credits. The total 

amount of P2P loans issued by Bondora is 182.1 million euros. The loan amounts 

vary between 500 to 10.000 euros and the maturity can be from three to sixty 

months. (Bondora 2019a) 

 

The lending process is entirely digital. Bondora has developed the platform that 

serves borrowers with different nationalities, languages and currencies. Technology 

behind the platform can handle large volume of data to evaluate each borrowers’ 

ability to pay back their liabilities. It is able to take into consideration a borrower’s 

preferences; changing markets and regulatory requirements and then customize the 

way it works accordingly. (Bondora 2019b) 
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4.2 Data preparation and transformation 

 

The data set has been collected 8th of December 2018. The data set has 112 

variables and 71.829 observations in total, and it is cross sectional. These 

observations are peer to peer loans and characteristics of the borrowers. Borrowers 

are representatives of four different countries. Most of the borrowers are residents 

of Estonia. Other residencies are Finnish and Spanish. The data contains statistic 

information such as loan status, default and various credit ratings. The data set is 

available for everyone and it is free of charges. All variables in the Bondora data set 

and further details can be seen from the Appendix 1.  

 

The period for the entire data set was from 2009 to December 2018. The sample 

data set was narrowed to be from the 1st of June 2013 to the 30th of June 2017. The 

data has been filtered with loans that have either repaid or default status. With other 

words, loans included in the data sample are matured as late or fully repaid, because 

usually historical data explains the past and by achieved insights and patterns, we 

can make expectations for the future. Then variables containing irrelevant 

information or might be hard to use in further analysis, such as various dates, loan 

IDs, cities in Estonian language, et cetera were removed. Moreover, variables 

containing a lot of missing values were removed as well. Variables including textual 

values converted to numerical values for smoother interpretation of further analysis.  

 

Data was standardized for Principal Component analysis by using Z-score scaling. 

As a result, the data has equal zero means and standard deviations are one. By this 

pre-processing, the data is easier to handle. The results of PCA can be found from 

Appendix 2. At the end of the data preparation and cleaning, the data set contained 

54 variables and 27.964 observations. In the next chapter we will take a closer look 

to descriptive statistics. 

 

4.3 Descriptive statistics 

 

In the figure 7 can be seen the gender distribution of borrowers. Borrowers are men 

or female, but the data set included observations, where gender was announced as 
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undefined. These observations were removed to get more clear results when 

comparing differences bet ween genders. Approximately 58 percent were male and 

42 percent female borrowers. 

 

 

Figure 7. Gender distribution of the borrowers. 

 

 

What comes to the residency of the borrowers the biggest part, over 50 percent of 

the borrowers are residents of Estonia. Around 26 percent of the borrowers are 

residents of Spain and 21 percent are residents of Finland. Very small proportion 

(1%) of the borrowers are residents of Slovak Republic. Country of the borrowers is 

presented in figure 8. 
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Figure 8. Residency of the borrowers. 

 

The age distribution of the borrowers is presented in figure 9. Age of the borrowers 

varies between 18 and 70 years. The distribution of age of the borrowers is a bit 

skewed distribution. Significantly over 20-year-old borrowers have taken more loans 

than under 20-year-old applicants. With age, the number of loans has decreased. 

Most of the borrowers are between 24 and 38-year-old.  

 

 

Figure 9. Age distribution of the borrowers. 
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The use of the loan is presented in figure 10. About 20 percent of applicants have 

announced loan consolidation to be the loan purpose. In practice, loan consolidation 

is in question when a debtor uses one larger loan to pay off several smaller loans. 

One reason for this is to get lower interest rate, lower costs and lower monthly 

payment.  Around 25 percent of the loans have been used for home improvement. 

The smaller number of loans have been used for real estate, a vehicle, the business, 

travelling, education and health. Instead 27 percent of the borrowers have used the 

loan for other purposes, or they have not announced the loan purpose in their loan 

application. 

 

 

Figure 10. Use of loan. 

 

Then the descriptive statistics of the loan information are presented in table 2. The 

minimum amount for an applied and an issued loan is 500 euros. The maximum 

acceptable loan amount is 10.630 euros. It is interesting to notice that mean of 

amounts of the loans granted have been a bit lower than amount borrowers have 

applied. Interest rates have varied between 6 and 264 percent, but on average 

interest rates have been around 38 percent. A duration has been in minimum 3 
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months, and maximum 60 months. On average, a loan duration has been 44 

months. 

 

Table 2. Descriptive statistics of the loan information. 

 

 

4.4   Self-Organizing Map 

 

Here the results from the self-organizing maps will be presented. The ambition was 

to learn the usage of the SOM as a data clustering and visualization method in a 

peer-to-peer lending context.  

 

First, we will introduce briefly the variables from the PCA and explain how the 

chosen variables were pre-processed before running the SOM and explain the 

process of building the SOM briefly. All of the following self-organizing maps in this 

study have been created by using the MATLAB program and the SOM Toolbox 

package.  

 

4.4.1 Pre-processing the data and building the SOM 

 

The PCA has been used for dimension reduction, which means to reduce the 

number of variables to make the data easier to manage. The most important 

variables will be used in the further SOM.  The results of PCA can be seen in more 

detail in the Appendix 2. As a result, 14 variables were found in the PCA. These 

variables were language and country of the borrower, education, employment status 

of the borrower, applied and granted loan amount, total income, total liabilities, 

refinanced liabilities loan duration, free cash left after compulsory expenses, debt to 

 Mean Standard deviation Min Max 

Applied amount 3010,15 2505,92 500 10.630 

Granted amount 2577,33 2093,55 500 10.630 

Interest rate 
(percentages) 

38,32% 28,39% 6,00% 264,63% 

Duration 
(months) 

44 18 3 60 
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income ratio and interest of the loan. In addition, variables, use of loan, marital status 

and age of the borrower included as well even those variables were not included to 

the results of the PCA. This was done because in previous studies (Iyer et al. 2009; 

Polena & Regner, 2017; Kangas, 2014, Railiene, 2018) those variables were found 

to impact to the loan default. Consequently, the total number of chosen variables 

was 16. All chosen variables for the SOM are presented and explained briefly in 

table 3. 

 

Table 3. Brief explanations of variables chosen to Self-Organizing Map. 

 

 

 

 

 

 

 

Variable Description 

Language Language of the borrower:   
1 Estonian 2 English 3 Russian 4 Finnish 5 German 6 Spanish 9 Slovakian 

Country Country of the borrower:  
0 Estonia 1 Finland 2 Spain 3 Slovakian republic 

Use of loan Loan purpose:  
0 Loan consolidation 1 Real estate 2 Home improvement 3 Business 4 
Education 5 Travel 6 Vehicle 7 Other 8 Health  

Education Borrower’s education level:   
1 Primary education 2 Basic education  
3 Vocational education 4 Secondary education 5 Higher education 

Marital Status Borrower’s marital status: 
1 Married 2 Cohabitant 3 Single 4 Divorced 5 Widow 

Employment 
Status 

Borrower’s employment status: 
1 Unemployed 2 Partially employed 3 Fully employed 4 Self-employed  
5 Entrepreneur 6 Retiree 

Age Age of the borrower 

Applied amount Applied loan amount in euros 

Amount granted Granted loan amount in euros 

Total income Borrower’s total monthly oncome 

Total liabilities The day of month when application have been signed 

Refinanced 
liabilities 

The total number of liabilities after refinancing 

Loan duration Loan duration in months 

Free cash The amount remaining after compulsory expenditure 

Debt to income Ratio of borrower's monthly gross income that goes toward paying loans 

Interest Maximum interest accepted 
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Before starting to build Self-Organizing Maps with selected variables, the data was 

pre-processed once again. As mentioned before, the SOM algorithm is based on 

Euclidean distance. The scale of the variables is very important, because if variables 

have significantly high values, it might dominate the map incorrectly. Therefore, the 

variables were divided into two different groups which were included in the SOM 

separately. The first group included variables which contained information related 

to borrowers’ characteristics and the second group included financial variables.  

 

To get interpretable results, the data was pre-processed by searching if the data set 

includes outliers, because outliers may have a significant impact to the results of the 

SOM. The financial data set included a number of variables with outliers. For 

example, variables such as total income and income from a principal employer 

included these outliers. In order to deal with these outliers, we set the maximum 

value 7000 euros for income variables which include all income levels exceeding 

7000 euros and above. The same was done for total liabilities where the maximum 

value was 7000 euros and above. A borrower’s free cash had outliers as well, 

because it included some negative values and some very high values as well. These 

outliers were transformed to be in the range from 0 to 4000 euros. 

 

There are five basic steps for usage of the SOM Toolbox. The first step is to 

construct the data set and secondly normalize it. As mentioned before, 

normalization is very important for the SOM results, because the SOM is based on 

Euclidean distances. We used unit variance normalization. It means that the 

variance of each variable is normalized to one. (Github, 2019) This normalization 

method was chosen, because it has been used successfully in previous studies like 

Huysmans et. al (2006) and it works best for variables with different scales.  

 

Then the third step is to train the map. Training can be done automatically by using 

the specific MATLAB function. That function determines the map size, initializes it 

and trains the map by using batch algorithm (Github, 2019). After the map has been 

trained, it will be visualized. For visualization unified distance matrix (U-matrix), 

component planes, color coding, hit histograms and labelling by using voting method 
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were used. The fifth and the final step in the process is analyzing the results. 

(Github, 2019) 

 

The first SOM was done by using variables related to borrowers’ characteristics. 

These variables were language, country, use of loan, education level, marital status, 

employment status, gender, status of the loan and age of the borrower. The purpose 

was to find possible differences between the two female and male borrowers and 

identify if some of the characteristics had more impact to the status of the loan. By 

using all variables and genders together in the same SOM, the results were difficult 

to interpret from this gender comparison perspective. Therefore, both data sets of 

borrowers’ characteristics and financial variables were once again divided into two 

parts by filtering each gender separately. By this dividing the interpretation was 

easier, and comparison of genders’ performance was possible to make. The same 

division by gender was made for financial variables as well. 

 

Next, the results of visualizing borrowers’ characteristics and financial variables 

separately are presented. The purpose is to test if we can find differences between 

genders by dividing the data set into two parts and compare them together. The 

comparison of both genders is done in both SOMs. In the following figures we will 

see how each gender has performed and are there differences between them.  

 

 

4.4.2 Visualizing borrowers’ characteristics with SOM 

 

The first SOM was done in two parts by using variables related to borrowers’ 

characteristics. These variables were language, country, use of loan, education 

level, marital status, employment status and the age of the borrower. The data was 

divided into two parts by gender. The borrowers were clustered by using these 

variables. The aim was to focus on identifying borrowers who have repaid and who 

defaulted their loans.  

 

In figure 11 the first U-matrices (unified distance matrix) for each data set are given. 

Huysmans et al. (2006) have mentioned, the goal is to achieve classification or 
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categories, where all the observations belong to one category and are clearly 

different from observations belonging to another category. This can be done by 

projection, where observations belonging different categories will be projected to 

different neurons in the map.  

 

The U-matrix shows distances between neighboring units and it demonstrates 

visually the cluster structure of the map. The U-Matrix is one of the most commonly 

used ways to visualize distances between neighboring units. Higher values with red 

color on the U-matrix mean larger distances between these neighboring units and 

indicates cluster borders. Areas of low values indicates separate clusters. The color 

bar next to the U-matrix shows witch colors means higher values.  The size is 

automatically set by the SOM Toolbox. The size of the U-matrix of female borrowers 

is 28 x 19 and the size of U-matrix of male borrowers it is 30 x 20.  

 

Figure 11. U-matrices for female and male borrowers. 

 

In both U-matrices borders dividing the data can clearly be seen. Borders in both 

pictures are almost of same shape and with same location. As a difference, U-matrix 

of male borrowers have brighter colors and the left border in the middle of the map 

is a bit straighter compared to U-matrix of female borrowers. This brighter coloring 

indicates less similarities compared to the female’s U-matrix. 
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Vesanto and Alhoniemi (2000) have mentioned that if the SOM grid is formed of a 

huge number of neurons, clustering similar neurons into groups simplifies the 

analysis.  The optimal number of clusters is defined by the lowest K-mean. It was 

done over ten times with different combinations to find the optimal number of 

clusters. As a result, in both cases, the optimal number of clusters was five clusters 

with the smallest k-mean. The numbered cluster structures are presented later in 

figure 20 and figure 21.  

 

Then, component planes of each variable will be presented. Huysmans et al. (2006) 

have compared clusters and all component planes with each other to identify what 

kind of values belong to each cluster. In this study, each component plane is 

separated by a gender to identify possible differences between them. Cluster 

structure has been illustrated with black lines, squares, triangles and rectangles to 

identify the location and possible contents of each cluster. Here must be noted, that 

the illustration is not in exact scale with the data. The purpose is only visualizing the 

location of each cluster and simplify interpretation.  

 

Figure 12 presents the component planes of the language and country of the female 

and male borrowers. Language and country have very strong correlation, which was 

expected. It is very interesting to note how these component planes of each gender 

are clearly different and being opposites of each other. Estonian female borrowers 

are located on top of the component plane belonging to the first and second clusters. 

Estonian male borrowers are at the bottom of the men’s map. Estonian male 

borrowers belong to the second, third and fifth clusters on their map. It looks like 

only a small part of female borrowers are from Spain (red color), but bigger part of 

male borrowers is from Spain. In the female’s map, Spanish and Finnish female 

borrowers belongs to the third, fourth and fifth clusters. Instead, Spanish and Finnish 

male borrowers belong to the first cluster.  
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Figure 12. Component planes for language and country of the borrower. 

 

Next, a component plane of the loan purpose can be seen in the figure 13. Variable 

Use of loan indicates the purpose, why the borrower has applied the loan and where 

he or she is going to use it. This variable has been one of the most common default 

predictors in previous studies (Serrano-Cinca et al., 2015; Polena & Regner, 2018; 

Kangas, 2014). Again, the shapes are significantly different. Dark blue areas in the 

component planes indicates loan consolidation. In other words, borrowers have 

announced in their loan application that they are going to use the loan to reorganize 

their multiple loans into one loan. This often indicates too many loans which are 

difficult to manage. This can be one sign of payment difficulties.  
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Brighter blue areas around the dark blue areas are loans for a real estate and home 

improvement. Yellow and orange indicates loans that have been used for business 

and education. Brighter red areas mean that the borrower has announced to use 

the loan for travelling or a vehicle. Dark red color indicates other purpose than 

mentioned before or applicants have not announced the purpose of the loan at all 

in their application. 

 

What comes to the different clusters, the first female’s cluster consist of loan 

purposes such as loan consolidation, travelling, a vehicle and other purposes. The 

second cluster includes the same loan purposes, but the third cluster is mainly 

focused on loans which have been used for loan consolidation, real estate and home 

improvements. The fourth cluster include loans that have been used for business, 

education and vehicle. 

 

The main purposes of men’s loans are divided into each cluster. There are no clear 

differences within clusters that would only be focused on one or two purposes. 

Men’s loans are mostly used for loan consolidation, travelling, a vehicle and other 

purposes. 

  

Figure 13. Component planes for use of loan. 
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The component planes for the education level are presented in figure 14. Here 

again, the shape of the component planes is clearly different. There are no female 

or male borrowers who have only primary education.  

 

Female borrowers with basic education are located to the middle of the map with 

dark blue color. Clusters from one to three cut the basic education area. Female 

borrowers with higher or secondary education are located mainly to the first and 

second clusters. Secondary and higher education levels are located in the top of 

both maps with red colors. 

 

Male borrowers with basic education are mainly located in the middle of the map as 

well. Borrowers with vocational education are located to the second cluster in the 

female’s map and to the first cluster in the male’s map.  

   

Figure 14. Component planes for education. 

 

In figure 15 can be seen the marital status of female and male borrowers. Shapes 

of the component planes are different. A larger proportion of the female borrowers 

are married, or cohabitants when compared to the male borrowers. These married 

and cohabitant borrowers are indicated with blue colors.  

 

The first and third clusters of female borrowers include mostly borrowers who are 

married or cohabitants. The divorced female borrowers are mainly located to the 
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first and fifth cluster with dark red color. A proportion of female borrowers who are 

married or cohabitants is larger than a proportion of the married or cohabitant male 

borrowers. 

 

  

Figure 15. Component planes for marital status of the borrower. 

 

Employment status of both genders are presented in figure 16. Dark blue color 

means fully employed borrowers and as can be seen, most of the borrowers in both 

genders are fully employed. Retired borrowers are indicated with dark red color and 

they are located clearly on right-hand side on both component planes. Light blue to 

light green areas indicates borrowers who have been self-employed. Around retired 

borrowers there are couple of yellow, orange and bright red nodes which means 

entrepreneurs and self-employed borrowers. One interesting note, there are not any 

unemployed borrowers here in these component planes. It must point out that the 

unemployed applicants have not received funding through peer-to-peer lending.  

 

Here can be concluded that both female and male retired, entrepreneurs and self-

employed borrowers with red colors are located to the left-hand side of the 

component planes and form a fifth cluster in both maps. 
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Figure 16. Component planes for employment status of the borrower. 

 

Figure 17 presents the component planes for age of the borrowers. Shapes of the 

component planes are different again. The male borrowers have a slightly wider 

distribution of age representatives compared to the female borrowers. The aged 

female borrowers are located into two groups to the first and second cluster (red 

color) and the aged male borrowers to the third cluster in one group. The female’s 

first, second and third clusters include the youngest borrowers. The male’s third and 

fourth clusters include the youngest borrowers. Around 45-year-old borrowers are 

grouped into several groups with orange and yellow colors in both maps. 

 

  

Figure 17. Component planes for age of the borrower. 
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The data set can be visualized in the map by using the hit histogram which displays 

the number of hits in each map unit (Vesanto & Alhoniemi 2000). Color codes and 

hits for each gender are presented in figure 18. The size of the hexagons indicates 

number of fitted observations. The bigger the hexagon is, there are more fitted 

values inside the node. Also, the distance between these hexagons must be 

evaluated. The closer the neurons are to each other, the more they have influence 

on each other. 

 

The structure of the map can be seen clearly. Green colored clusters seem to have 

the most homogenous clusters. The nearest and biggest hexagons are located 

mostly to the upper left corner of each hit histograms. Those seem to have very 

homogenous hexagons with 145 and 209 observations. These largest and closest 

hexagons belong to the first cluster of each gender. Cluster structure can be 

deduced by looking at the color code and hits. 

 

 

Figure 18. Color code and hits for each gender. 

Colour code and hits Colour code and hits 
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As expected, clear borders can be seen in both hit histograms as zero-hit units. Both 

genders have very homogenous hexagons in the left upper corner. These hexagons 

belong to the first cluster. The female borrowers’ hit histogram has more hexagons 

closer to each other compared to men’s hit histogram. The distances between 

male’s hexagons are larger.  

 

One of the most interesting comparison is presented in figure 19. Here is map unit 

labels of both genders. We used the labelling and voting method to show the 

majority value of single observations in the clusters. Label “L” indicates late and “R” 

repaid status. The same borders as seen in the previous U-matrices and hit 

histograms can be seen in these maps as empty hexagons as well. When 

comparing the hit histograms and labels, the border divides the data in the middle 

by separating late and repaid loans. Mainly the late loans have been located to the 

left side and the repaid loans to the right side. In the right edge both genders have 

small areas of late loans. These small areas on the right side containing late loans 

are mostly located to the fifth cluster of each gender. 

 

Figure 19. Map unit labels for female and male borrowers. 
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We are interested in borrowers who have been late with their instalments, because 

by finding customers who have been late with their loans, we can indicate the 

characteristics of borrowers whose application should be declined. There can be 

seen those statuses are clearly grouped together. The repaid loans are located 

mostly in the right-hand side of the map. The repaid and late loans have clear 

borders between them with both genders. The late loans are mainly on the left side 

of the map. The cluster number 1 of female borrowers includes only loans with late 

status. When comparing these two map unit labels to component planes, we can 

conclude what kind of values of variables have located to the area of the late loans.  

 

First, female’s results of the first cluster with highest hits will be examined. The upper 

left corner includes female borrowers, who are Estonian residents, who can speak 

Estonia, who are around in their thirties and who are mostly married or cohabitants. 

These females have secondary or higher education and they are fully employed. 

They have used the loan for loan consolidation or other purposes. 

 

What comes to the male borrowers, in the left upper corner in the first cluster, they 

are around 38-year-old and their marital status is single or divorced. They are from 

Spain and they can speak Spanish. They have secondary education and they are 

fully employed. The loan purpose has been a vehicle. 

 

Next, we will summarize the content of each cluster separately for both genders. 

The cluster structure of the female borrowers is presented in figure 20. By 

comparing U-matrices, hit histograms, map unit labels and each component plane, 

we can make the following conclusions of the female borrowers. 
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Figure 20. Clusters for the female borrowers' characteristics. 

 

1) The first cluster of female borrowers is located to the left upper corner. It 

includes loans that have been late. It includes female borrowers who are 

residents of Estonia who have principally secondary or higher education. The 

purpose of the loan has been a loan consolidation, a vehicle and other 

reasons. Employment status is fully employed, and marital status of the 

female borrowers has been married or cohabitant. The age of the female 

borrowers is around 30. 

 

2) The second cluster is located to the right upper corner of the map. It includes 

loans that have been repaid. Most of the female borrowers in this cluster are 

from Estonia. These borrowers are all fully employed. The level of education 

of the female borrowers is mainly secondary education. The loan has been 

used mainly for a vehicle, travelling and other purposes.  Age of the female 

borrowers varies between 30 and 40 years.  

 

Clusters 
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3) The third cluster of the females is interesting. It is located in the middle of the 

map. This cluster includes mostly loans with late status, but there are also 

repaid loans. The female borrowers in this cluster are Finns and Estonians. 

These loans have been used for loan consolidation and business. These 

female borrowers are married or cohabiting and around 30-year-old. They 

have primarily basic or vocational education.  

 

4) The fourth cluster includes Finnish and Spanish women, who have secondary 

or vocational education. They have used the loan for a vehicle, travelling or 

education. These female borrowers are fully employed singles. The age is 

around 38 years. These loans have been both repaid and late on women’s 

map.  

 

5) The fifth cluster consist of the female borrowers who are entrepreneurs. The 

education level of the female borrowers in this cluster is basic or vocational. 

All nationalities are represented in this cluster. Purpose of the loans has 

mainly been business or loan consolidation. What comes to the age of the 

female borrowers, the borrowers are between 35 and 40. This cluster 

includes both repaid and late loans. 

 

 

Next, we will examine the cluster structure of male borrowers’ characteristics. Figure 

21 presents clusters for the male borrowers. Each cluster will be introduced 

separately. 
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Figure 21. Clusters for the male borrowers' characteristics. 

 

1) The first cluster of male borrowers includes most of the borrowers who are 

Spaniards and Finns. The education level is mainly basic or vocational. The 

purpose of the loan has been loan consolidation, a vehicle and other reasons. 

Employment status is fully employed, and marital status of male borrowers 

has principally been divorced or single. The age of the male borrowers is 

around 40 years. 

 

2) The second cluster includes loans that have been repaid. Most of the male 

borrowers are mainly from Spain and Finland. These borrowers are all fully 

employed and the level of education of the male borrowers is mainly 

vocational or basic education. The loan has been used mainly for a vehicle, 

travelling and other purposes.  Age of the male borrowers varies between 35 

and 45.  

 

Clusters 
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3) Third cluster of the male borrowers includes loans that have been late as 

well. These male borrowers are Estonians who are married or cohabitant. In 

this cluster the male borrowers have basic, vocational and secondary 

education and their age distribution varies a lot between 28 and 58 years. 

The loan has been used mainly for loan consolidation, a vehicle, travelling 

and other purposes. 

 

4) The male borrowers in their fourth cluster are mainly fully employed 

Estonians who have used a loan for travelling, a vehicle or other purpose. 

The age varies between 28 and 45 years. Education level of male borrowers 

have been basic and secondary education. These loans have been repaid in 

this cluster. 

 

5) The men's fifth cluster is divided into two parts, where the upper includes 

borrowers who are single or divorced retirees. These borrowers are from 

Spain or Finland and they have used the loan for a vehicle, travelling or loan 

consolidation. The lower part includes secondary and highly educated 

Estonian male entrepreneurs who have used the loan for business. These 

male borrowers are around 30-year-old. This cluster includes both repaid and 

late loans. 

 

4.4.3 Discussion 

 

In this subsection gained results from SOMs will be discussed. These SOMs 

included variables containing information about borrower’s characteristics. As 

noticed before, the female and the male borrowers have certainly different 

component planes compared to each other. When each variable was compared to 

the loan status, the results did not directly show any important variables that would 

directly indicate a loan failure. Instead, we received subtle signals that differences 

in loan purpose, education and age of the borrower had a bit more effect to the loan 

status. Based on the used data set, if the loan purpose was announced to be loan 

consolidation, it defaulted more likely. In general education level showed us that 

males with lower education defaulted their loans more likely compared to higher 
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educated male borrowers. The interesting note was made of borrowers’ ages. 

Younger females, who are between 28-38 years old, defaulted their loans more 

likely. Instead, older male borrowers performed worse. 

 

By calculating the total number of repaid labelled hexagons and dividing it with the 

total number of hexagons we got the result that 41 percent of the female and 43 

percent of male have repaid their loans on time. As a conclusion, male borrowers 

have performed better than female if we only concentrate on the borrowers’ 

characteristics. 

 

But what comes to the status of the loans, the male borrowers have performed 

slightly better compared to the female borrowers based on the borrower’s 

characteristics. It should be noted that the characteristics of the borrower are factors 

that may not be influenced by the borrowers themselves. These characters do not 

tell much about borrowers’ own actions, so therefore the financial variables such as 

income or debt to income ratio should be assessed. Not a single variable received 

much power in any cluster, rather all variables settled in clusters differently. Only 

exception was employment status. If the status was retired or entrepreneur, it had 

major influence on the third cluster. Consequently, it is not possible to determine the 

borrower’s creditworthiness by simply comparing the borrower’s personal 

characteristics. 

 

4.4.4 Visualizing borrowers’ financial variables with SOM 

 

The next SOM was done with financial variables. The purpose is to find certain levels 

of financial variables to define borrowers’ ability to pay back their loans. In the 

second SOM included variables are applied loan amount and the granted loan 

amount, loan duration, interest of the loan, total income, total liabilities, refinanced 

liabilities, free cash and debt to income ratio. 

 

At first the SOM was done as a whole without separating genders to test if it’s 

possible to see clear differences between genders directly. The U-matrix and the 

component planes showed a little reference about how the variables are located on 
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the map, but it could not be directly deduced the gender differences. Therefore, the 

data was divided again by gender. Then the results of the second SOM with financial 

variables will be presented. The comparison between the genders is done in each 

figure at the same time. 

 

In figure 22 U-matrices for female and male are presented. Here, the U-matrix of the 

female borrowers is a bit brighter. There can be seen clear borders in both U-

matrices. Higher values on the U-matrix mean larger distances between these 

neighboring units. Darker color means small distances and brighter color longer 

distances. The U-matrix shows the structure of the map, but in this case, there 

cannot conclude the exact number of clusters. The grid size of the women’s U-matrix 

is 28 x 19 and 30 x 20 for men. 

 

Figure 22. U-matrices for monetary variables. 

 

Clusters were printed out again to see exactly what kind of clusters can be found 

from both data sets and to see how they differ. As a result, the smallest k-mean was 

achieved with five clusters in both data sets. The numbered cluster structures are 

presented later in figure 33 and figure 34. Next, each component plane of each 

gender will be presented. Clusters will be visualized with squares and rectangles in 

each component plane. 

 



 
  

60 

Component planes of applied and granted loan amounts of both genders are 

presented in figure 23. The shape of all four component planes are very similar with 

respect to each other and strongly correlated. The higher amounts are located to 

the upper right corner and to the first cluster. Both gender’s representatives have 

applied higher amount than what they have received. Most of the loans are under 

4000 euros. As a small difference, female’s applied and granted loan amounts are 

compared to the loan amounts of male borrowers. 

 

Figure 23. Component planes for applied and granted loan amounts. 

 

Here in figure 24 component planes for borrowers’ total income are presented. As 

the opposite to the previous component planes, higher income levels are located to 

the left upper corner. Higher total income values belong to the second cluster. Here 

can be concluded that women’s’ income level has been lower than men’s income 

Granted loan amount Granted loan amount 
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level. In the highest values, the difference has been almost 600 euros. The highest 

values of total income are located to the second cluster.  

 

 

Figure 24. Component planes for total income. 

 

Component planes for total liabilities are presented in figure 25. Here again, higher 

values are located to the left upper corner. Higher amounts belong to the second 

cluster, as it was in the component planes of total income. It is interesting to notice 

that although the income level of women is lower, their total liabilities are higher in 

relation to men.  

 

Figure 25. Component planes for total liabilities. 

Female 

Male 

Male 

Female 
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Component planes for refinanced liabilities are presented in figure 26. The number 

of refinanced liabilities is the highest on the right side of both component planes. 

This variable belongs to the first cluster with its highest values. The shape of both 

is very similar. Most of the borrowers do not have refinanced liabilities, but when 

comparing women and men, it can be seen that women have a bit more refinanced 

liabilities than men. 

 

 

Figure 26. Component planes for refinanced liabilities. 

 

Differences in loan duration will be examined (see figure 27). Female borrowers 

have had longer loan duration compared to male borrowers. The shape of both 

component planes resembles each other, but the component plane for men’s loan 

duration has a clearer boundary in the middle of the map dividing the data. The 

majority of both genders have had loan duration over 40 months. The shortest loan 

durations are located to the left bottom corner in both component planes. The lowest 

durations belong to the third clusters with both genders. Female’s component plane 

of duration includes quite interesting shape of 30 – 35 months loan duration in the 

left side of the component plane. This area belongs to the fifth cluster. The highest 

durations are located to the fourth clusters in each data set.  
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Figure 27. Component planes for loan duration. 

 

Here in figure 28 free cash values are presented. Free cash indicates discretionary 

income after monthly liabilities. In other words, free cash is the money left after the 

compulsory expenses. The shapes of these component planes are similar. The 

lowest values of free cash are located to the first and third clusters in both data sets. 

The highest values are located in the fourth cluster on the right-hand side of the 

map. Females’ values are slightly higher compared to male. On these component 

planes the lowest values of female borrowers are lower than men. So as a 

conclusion, in average women have a bit more money left after compulsory 

expenses. 
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Figure 28. Component planes for free cash. 

 

Next, the component planes for debt to income ratios of each gender are reviewed 

in figure 29. Again, the shapes of each component plane are very similar. Here, the 

highest values are located in the middle dividing the map from upper left corner to 

the bottom right corner. These highest values belong to the fourth and fifth clusters 

of each gender. In both component planes, the lowest values are located to the left 

bottom corner by belonging to the third clusters. In the first cluster are located the 

borrowers, whose debt to income ratio is from 25 to 38. Debt to income ratio 

demonstrates balance between debt and income. The maximum acceptable debt to 

income ratio varies from lender to lender. As a general guidance, the maximum 

acceptable debt to income ratio is 43 percent to make sure that loan instalments do 

not take too big part of the monthly income. This is one way to prevent over-

indebtedness. A relatively high debt to income ratio is a signal for probability of 

default (Investopedia, 2019). The highest debt to income ratio is here from over 50 

to even 62,5. In the previous studies (Polena & Regner, 2018; Emekter et al. 2015; 

Iyer et al., 2009) the debt to income ratio has been found to be one of the variables 

that have important influence on the borrower’s failure. 
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Figure 29. Component planes for debt to income ratio. 

 

 

Here in figure 30 are presented interest of the loans. These component planes differ 

more clearly from each other than the previous ones. Higher interest rates are 

colored with red shades on both component planes. In the females’ component 

plane, these higher amounts are located on the left-hand side of the plane. On the 

men’s map the higher interest rates are located in the middle of the map. When 

analyzing the component planes for interest rates, it looks like male borrowers have 

had lower interest rate level. However, the area of the male borrowers’ higher 

interest rates (red colored area) includes more observations than women. This 

distortion in the component planes may be due to the fact that in the data used there 

are more men than women. 
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Figure 30. Component planes for interest. 

 

 

Color codes and hits of each gender are presented in figure 31. Hit histogram 

illustrates how many times each neuron was the winning neuron for the data set. As 

can be seen, here are some empty hexagons indicating borders. Also, there are 

significantly bigger hexagons very close together at the bottom of the map. These 

hexagons are colored with purple shades and have many similarities. The highest 

hits are located in several groups at the bottom with pink color. On the male’s map 

there is a very interesting group of hexagons on the bottom line. One of the most 

homogenous hexagons has even 308 hits. 
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Figure 31. Color code and hits. 

 

We used the labelling and voting method again to show the majority value of single 

observations in the clusters. Label “L” indicates late and “R” repaid status. Map unit 

labels are presented in figure 32. The same borders as in the U-matrices and hits 

can be seen in these figures as empty hexagons. Repaid loans are mostly located 

in couple of groups at the map. These previously mentioned hexagons with the 

highest hits belongs to the loans with repaid status and are located at the bottom of 

the map.  
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Figure 32. Map unit labels. 

 

By comparing these map unit labels with component planes and hits, we can 

conclude easily what kind of values have indicated repaid status for the loan. These 

loans with repaid status and with the highest hits are primarily small loans with 

relatively low interest and with short loan duration. These borrowers have relatively 

low-income level, they do not have refinanced liabilities and their free cash is low. 

Also, debt to income ratio is clearly under 37. 

 

But what comes to the loans with late status? By comparing these map unit labels 

and component planes to the highest hits, we can gather some insights about values 

of variables which have been similar among these late loans. The highest hits are 

located to the third and fourth clusters. Next, we will summarize the content of each 

cluster separately. By comparing the U-matrices, the hit histograms, the map unit 

labels and each component plane, we can make the following conclusions: 

 

 

3 
3 4 
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Figure 33. Clusters for the female borrowers' financial variables. 

 

1) The first cluster is located to the left upper corner on the map. In this cluster 

are located higher applied and granted loan amounts. Female borrowers in 

this cluster have the most of refinanced liabilities and the duration of these 

loans has been longer than on average, approximately 50 months. Total 

liabilities are lower than on average under 1600 euros. The amount of money 

remaining after compulsory expenses (free cash) is quite small in this cluster. 

Most of these loans have been late. 

 

2) The information inside the second cluster emphasizes female borrowers who 

have higher levels of total income and total liabilities. These variables are 

very highly correlated with each other. High correlation indicates that when 

the income level is high, it also easily leads to a higher debt amount, because 

the borrower’s ability to pay is better. Borrowers’ debt to income varies a lot 

between 13 and 60. Loan duration varies from 40 to 58 months. Female 

borrowers have approximately 600-800 euros free cash after compulsory 
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expenses. Principally these loans have been late, but there are some repaid 

loans in this cluster as well. 

 

3) The third cluster is located to the left bottom corner. Here all values of all 

variables are the smallest ones. There are relatively small loan amounts, low 

income levels and low amount of total liabilities. Female borrowers do not 

have refinanced liabilities in this cluster. The loans with the shortest duration 

and relatively low interest rate are located to this cluster. Furthermore, the 

debt to income ratio is low. The highest hits are located to this cluster as 

repaid loans at the bottom. Repaid loans are located to the edges of the 

cluster on the females’ map. However, most of the loans in this cluster are 

late with the high hits. 

 

4) The fourth cluster and third cluster have a clear border between each other. 

Fourth cluster includes female borrowers who have clearly higher debt to 

income ratio, but they have also the most of free cash. Here are located loans 

with the longest duration. The size of applied and granted loans is relatively 

small. Here are repaid and late loans in this cluster. Late loans are mainly 

located to the right bottom corner of the cluster. This cluster has high hits as 

well.  

 

5) The fifth cluster is only one that is clearly different from other clusters. The 

highest interest rates are located to this cluster. This cluster includes both 

late and repaid loans. The majority of these loans in this area have been late. 

Women have almost an equal number of late and repaid loans in that area, 

but most of the late loans have had the highest interest rate. 
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Figure 34. Clusters for the male borrowers' financial variables. 

 

1) The first cluster is located to the left upper corner on the map. The size of 

applied and granted loans has been the largest in this cluster.  The male 

borrowers who have the highest number of refinanced liabilities are located 

in this cluster. The duration of these loans has been roughly 50 months. The 

amount of the male borrowers’ total liabilities has mainly been under 1600 

euros. Free cash after compulsory expenses has been between 90 and 800 

euros. Debt to income has varied from 20 to 40. The most of these loans 

have been late. 

 

2) The second cluster is located to the left upper corner. The second cluster 

includes the highest levels of total income and total liabilities. Strong 

correlation between total income and total liabilities can be seen clearly. The 

amount of free cash has been mainly under 900 euros. Debt to income has 

varied a lot between 20 and 50. Loan duration divides the data and varies 

from 30 to 59 months. Both late and repaid loans are represented in this 

cluster, but a larger part of these loans have been late. 
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3) The third cluster is located to the bottom left corner. Most of the financial 

variables have the smallest values in this third cluster. Small loan amounts, 

relatively low-incomes and amounts of total liabilities are located to this 

cluster. Here are male borrowers who do not have refinanced liabilities. The 

loans with the shortest duration and low interest rate are also included to this 

cluster. Furthermore, the debt to income is the lowest. The highest hits are 

located to this cluster as repaid loans at the bottom. However, most of the 

loans in this cluster are late. 

 

4) The fourth and third clusters have unambiguous border with variables loan 

duration, free cash and debt to income. Debt to income ratio is over 30 to 63 

and it gets its highest values in the middle of the cluster. This cluster includes 

borrowers who have low income and low amount of total liabilities. The 

highest amounts of free cash after compulsory expenses are located to the 

right edge of the map. This fourth cluster include relatively high number of 

refinanced liabilities at the top right corner. Interest rates of these loans are 

relatively low. 

 

5) The fifth cluster includes both late and repaid loans. The shape of the fifth 

cluster is similar with the component plane for interest rates by including the 

highest interest rates.  The majority of these loans in this area have been 

late. The higher interest rate has therefore indicated higher risk that investors 

have tried to compensate. But how to identify those variables that indicate 

higher risk? Male borrowers have had relatively high debt to income and their 

loans have had over 40 months loan duration. Still, the size of the loan 

amounts has been quite small, roughly under 4000 euros. 

 

4.4.5 Discussion 

 

This subsection will handle results from the second part of Self-Organizing Maps 

that was done with financial variables. As a comparison of component planes there 
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were not significant differences between genders. Only variables loan duration and 

interest rate had clearer differences between genders.  

 

What comes to the values of variables, female borrowers have had longer loan 

duration, higher number of refinanced liabilities and higher amount of free cash after 

compulsory expenses. On the other hand, female borrowers have had lower 

income, lower loan amounts and lower amounts of total liabilities on average 

compared to men. When comparing loans with repaid and late status, the sorting 

loans with certain status to only one cluster was not so clear compared to the first 

SOM with borrowers’ characteristics. Instead, different values of variables were 

located more clearly to certain clusters. 

 

By calculating the total number of repaid labelled hexagons and dividing it with the 

total number of hexagons we got the result that 38 percent of the women and 30 

percent of male have repaid their loans on time. As a conclusion, female borrowers 

have performed better when financial variables have been compared.  

 

As a conclusion of the results from SOM of financial variables, there can be seen 

that those borrowers with the highest loan amounts, the highest income levels and 

higher amounts of total liabilities have more likely paid their loans back late (or failed 

to pay their loans back). Moreover, high interest rates can be considered as a default 

predictor as have been argued in previous studies. (Qiu et al., 2012; Chen et al., 

2012; Chen et al. 2018.; Emekter et al. 2015) 

 

4.4.6 Visualizing the most important differences between variables  

 

To find out clearer differences in late and repaid loans, the SOM was done once 

again by dividing the data set containing all variables into two parts by the status of 

the loan, not by the gender. The results of all variables can be seen from the U-

matrices and the component planes in Appendices 3 and 4. The distance matrices, 

the clusters, the component planes of each variable,  and map unit labels have been 

presented in Appendices 5 and 6. In the analysis the target is to concentrate only 
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on the variables that have clearer difference which can be seen most easily from 

figures. Next, the variables with the clearest difference will be presented. 

 

In figure 35 are presented the U-matrices of late and repaid loans. The shape of 

both U-matrices is almost identical. The highest distances between neurons are 

located to the middle as a border in both matrices. The size of the grid of late loans 

was 27 X 22 and for repaid loans 25 x 21. 

 

  

Figure 35. U-matrices for late and repaid loans. 

 

The component planes of the variable use of loan are presented in figure 36. As 

there can be noticed, the purpose of late loans has been more likely loan 

consolidation, travelling and a vehicle compared to the repaid loans. The purpose 

of repaid loans has been more likely education and home improvement. So, as a 

conclusion investor should avoid funding loans that have the purpose for loan 

consolidation or vehicle. 

Late Repaid 
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Figure 36. Component planes for use of loan. 

 

The component planes of employment status are presented in figure 37. Here the 

most interesting note is that if the employment status of the borrower has been 

something other than fully employed, the entrepreneurship has indicated the loan to 

be more likely late than repaid. Instead, retired borrowers have paid their loans 

preferably. 

 

Figure 37. Component planed for employment status. 

 

By comparing education levels of borrower in figure 38, it seems borrowers who 

have paid their loans on time have had more often higher and secondary educations 

(red colored nodes) than borrowers who have been late with their instalments. 

 

Late Repaid 

Late Repaid 

Use of loan Use of loan 

Employment  Employment  
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Figure 38. Component planes for education. 

 

As it was naturally expected, borrowers with higher amount of free cash after 

compulsory expenses have performed better. This comparison can be seen clearly 

from figure 39. Here small amounts of free cash have been visualized with blue color 

and higher amounts with brighter colors. 

 

 

Figure 39. Component planes for free cash. 

 

The last comparison is presented in the component planes of borrowers’ marital 

status in figure 40. From the component plane of late loans, it can be noticed there 

have been more single and divorced borrowers (red and orange colored nodes) than 

in the component plane of repaid loans. As a conclusion it can be said that borrowers 

who are married or cohabitant are more likely to pay their liabilities on time. 

 

Late Repaid 

Late Repaid 

Education  Education  

Free cash Free cash 
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Figure 40. Component planes for marital status. 

 

4.4.7 Discussion 

 

In this subsection a brief comparison of late and repaid loans was handled. The 

SOM was done for each status separately. The main focus was to find the variables 

which have clear differences between loans with different status. The loan purpose 

indicates strongly the delay of loans if the loan has been used for loan consolidation 

or a vehicle. Moreover, if the employment status has been something else than fully 

employed, entrepreneurs and self-employed borrowers defaulted more likely their 

loans. Instead, retired borrowers managed more likely to pay their loans on time. 

 

When education level of the borrowers was under consideration, borrowers who had 

higher or secondary education, were more likely on the side of repaid loans. 

Whereas borrowers had more often vocational or basic education when the loan 

has been late. In general, if borrowers had more free cash left after mandatory 

expenses, they had a higher probability to pay their liabilities on time. The marital 

status of the borrower had clearer differences as well. Borrowers who were married 

or cohabitant repaid their loans more often on time compared to single or divorced 

borrowers.  

 

 

 

Late Repaid 

Marital status Marital status 
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5 SUMMARY AND CONCLUSIONS  

 

This final chapter of the study summarizes the findings of the SOMs. Previously set 

research questions will also get their answers. Then conclusions of the study will be 

described. We evaluate reliability and limitations and bring up suggestions for further 

research. Validity and reliability of the research are considered whether the 

information collected and achieved results can be generalized. 

 

In the beginning of this study, concepts of peer-to-peer lending and information 

asymmetry as a theory behind it were introduced. The literature review was done 

for describing used methods and previously found variables to evaluate possible 

default in peer-to-peer lending. The study continued to methodology where used 

methods Principal Component Analysis and Self-Organizing Map were introduced. 

The empirical part started by presenting briefly the results of Principal Component 

analysis finding the most important variables explaining most of the variance in the 

data. Then the case of exploring the Bondora data was introduced and analyzed by 

using the SOM. The goal was to learn usage of the SOM and find out if the SOM is 

a suitable tool for investors to analyze data of potential borrowers for support lending 

decision.  

 

5.1 Summary of findings and conclusions 

 

This part presents the principal findings by answering to the research questions. As 

a reminder, the research questions and hypotheses are re-introduced and answered 

one by one. 

  

Is the Self-Organizing Map an appropriate method for exploring P2P lending data? 

 

According to the previous literature SOM has been used successfully for visualizing 

and exploring lender data (Huysmans et al. 2006; Kangas, 2014). The use of the 

SOM for exploring the data was found to be a very functional method but also easy 

to use. As mentioned before, visualizing data can help to recognize various patterns 

that cannot be identified by looking only numbers on the data. During the analyses 
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of the SOM, the results were found easier to interpret when a smaller number of 

variables were included in the SOM. Therefore 16 variables were divided into two 

parts and SOM was done for these two parts separately. This division was made by 

the scale and the context of variables. This caused smaller grid sizes to the maps 

and clearer and more interpretable figures.   

 

By creating various SOM analyses, it was found that SOM was not only very easy 

to use but also easy to understand. User does not have to have high knowledge of 

coding or various analyzing techniques when interpretation is done by looking at the 

figures. By using the SOM as a method to explore lender data, an investor is able 

to find much more powerful information about the borrower than can be done with 

traditional analyzing methods. This supports in the lending decision which would be 

very profitable.  

 

Consequently, the hypothesis “Self-Organizing Map is an appropriate method for 

exploring information of the borrowers” can be accepted. 

 

 

Is it possible to make a comparison of the performance between female and male 

borrowers by using SOM? 

 

Here the goal was to test what kind of groups can be formed by using the SOM and 

to compare differences between genders and loans with different status. Hypothesis 

related to this research question stated that SOM is an appropriate tool for 

comparing the performance between female and male borrowers. 

 

Specially, when the goal was to compare genders with each other, the comparison 

was easier to do when the SOM was done separately for each gender. The data 

was divided by genders and labelling was done by using voting method where labels 

were either late or repaid. By doing this, it was possible to achieve different clusters 

of borrowers and divide female and male borrowers into late and repaid groups. The 

number of clusters found was five. These clusters have been presented after first 

two SOMs. 
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The first SOM was done for borrowers’ characteristics and as a result, clear 

differences between component planes were found. The clusters were divided by 

the status of the loan. By comparing these late and repaid loans between female 

and male borrowers, the later performed slightly better. Still, by considering only 

borrower’s characteristics it would be inefficient to do any decision about 

creditworthiness, because those variables do not tell anything about borrowers’ 

behavior.  Therefore, financial variables should be involved to the evaluation of 

creditworthiness. 

 

The second SOM was done for financial variables merely. Here the shape of each 

component plane was similar except interest rate of the loan. The most important 

findings in this SOM were that the highest loan amounts granted, higher debt-to-

income ratio, high interest rate and relatively small amount of free cash after 

compulsory expenses are all reasonable indicators for loans’ delay. 

 

By comparing late and repaid labelled map units of each gender, different clusters 

were found with various contents. These map unit labels were calculated and 

compared to each other. Female borrowers performed better compared to men. This 

was confirmed by calculated number of each genders late and repaid loans and 

dividing them with the total number of loans of each gender. On average, 45 percent 

of female borrowers’ loans were repaid while 43 percent of loans of male borrowers 

were repaid. However, the difference is very small, and it is based on only this data 

set that has been used in this study, so any reliable conclusions cannot be made 

based on these results. After all, the SOM is suitable tool to make a comparison of 

genders to recognize what kind of differences there are in the variables, but to make 

a confident conclusion of which gender have performed better, these variables 

should be examined more detail. 

 

After all, as an answer to the hypothesis “SOM is an appropriate tool for comparing 

the performance between female and male borrowers.”, the hypothesis can be 

accepted. 
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Is it possible to find variables or combinations of variables that indicates higher 

probability of loan delay by using SOM? 

 

To explore this research question, the study was started by using Principal 

Component Analysis to find variables that had the highest explanatory power with 

the highest variance. This was the first step to find combination of variables affecting 

to the loan delays. As a result, from PCA 14 variables were found (see Appendix 2). 

These found variables and three other variables use of loan, marital status and age, 

were included to the SOM (see table 3). Variables use of loan and marital status 

were included as well, because in many of the previous studies (Polena & Regner, 

2017; Kangas, 2014; Iyer et al. 2009) those variables had important influence to 

borrowers’ failure. Moreover, age of the borrower was included because Railiene 

(2018) has found that age was relevant default predictor. 

 

Hereafter SOM was done many times with different combinations of variables to find 

out the most exploratory variables from the data. The first SOM was done with 

borrowers’ characteristics only. The gender comparison was included at the same 

time. By comparing component planes and map unit labels it was possible to get 

some signals about which factors are included in the loans that have been late or 

repaid. The clearest variables were Use of loan and employment status of both 

genders. Country or language of the borrower and marital status did not receive 

much evidence of the impact to the loan delays in this SOM. Nevertheless, by 

looking at only borrowers’ characteristics it was not possible to evaluate borrowers’ 

creditworthiness accurately. Therefore, financial variables had to be included as 

well. 

 

The second SOM included only financial variables such as loan amount, loan 

duration, interest, total liabilities, debt to income ratio etc. The comparison of 

genders was done at the same time by separating data by gender. As a result, 

borrowers who had the highest loan amounts, the highest income levels, a high 

amount of total liabilities and the highest interest rates had more likely payment 

problems. Instead, loan duration did not have significant impact for the loan delays. 
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What comes to the differences between the first two SOMs, when the SOM was 

done with borrower’s characteristics, the shapes of the component planes were 

clearly different. Only employment status being other than fully employed had clear 

belonging to one cluster. Other variables did not show a distinct belonging to a 

specific cluster. Instead when the SOM was done with financial variables, almost 

each variable had distinct major power in one of the clusters.  

 

SOM was done also by dividing the data by late and repaid loans, not by genders. 

Here the comparison of genders was harder, but the differences of variables 

between loans with different status was found easier. As a result, from the last SOM, 

there was found several variables that were clearly different and provided signals of 

loan delay such as employment, use of loan, education, free cash and marital status. 

 

In Railiene’s study (2018), age of the defaulted borrowers was 33,83 years on 

average. In this study, the average age of borrowers was 38 years. When 

component planes of age of each gender and color code and hits were compared, 

women who had payment problems were around 30-35-year old and men were 

around 40-year-old. Still, age of the borrower did not have significant impact to the 

borrowers’ failure. 

 

The most important findings from all SOMs done, were variables use of loan, 

employment status, interest, debt-to-income, and marital status of the borrower. 

These findings are in line with earlier findings in the previous literature (Iyer et al., 

2009; Qiu et al., 2012; Emekter et al. 2015; Polena & Regner, 2018; Serrano-Cinca, 

2015). Instead, in this study, loan duration did not receive evidence of important 

connection to the status of the loan. 

 

As a conclusion, an investment could be profitable to fund borrowers who are 

preferably married and fully employed or retired. These borrowers who could be 

profitable to be funded have also usually higher or secondary education, and higher 

income level, but less total liabilities. Successfully performed loans have been used 

for education and home improvement. Instead, an investor should be careful 

evaluating creditworthiness of the borrower if she or he is an entrepreneur or self-
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employed and if the use of the loan is loan consolidation or a vehicle, because these 

borrowers with these characteristics had more likely delayed with their loans.  

 

The results from the analyses of SOM and previous literature suggest that the 

hypothesis “There are important factors that affects to the borrower’s ability to pay 

their liabilities” can be accepted.  

 

5.2  Take-away message to the industry 

 

As a take-away message to the peer-to-peer lending industry, the SOM is a usable 

tool which provides possibility to visualize the borrower data. Visualizing can be 

used for supporting an investor’s lending decision and to narrow the information 

asymmetry between investor and borrower. By visualizing the data by using SOM, 

an investor is able to choose the right borrower candidates from a large group of 

borrowers who are in relation to the risk accepted.  

 

It would be a profitable tool for various peer-to-peer lending platforms to provide this 

kind of service for its users. The SOM would help investors to tailor their portfolios 

based on their own risk tolerance and personal preferences. By clustering borrowers 

into groups, an investor is able to find a group where the borrowers have certain 

qualities they appreciate. For example, if an individual investor is willing to support 

an individual borrower’s business or health promotion or if she/he is more interested 

in supporting an individual woman’s entrepreneurship, the SOM could be a helpful 

tool to find these borrowers. The appropriate allocation of an investment is possible 

to explore and tailor by using the SOM. 

 

5.3 Limitations and further research 

 

Before generalizing the results of this study, there are a few limitations that should 

be considered first. It has to be mentioned, that this study does not aim to say the 

final word how to do the lending decision or who are creditworthy and who are not? 
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The lending decision must be evaluated and considered differently in different 

circumstances. 

 

The results of the PCA should be considered particularly critically. Most of the 

results gained were barely acceptable. Another limitation to the reliability of the 

study is relatively low values gained of Cronbach Alpha from the Principal 

Component Analysis (see appendix 2). So, by doing the PCA again, the results 

might vary.  

 

Dividing the data into two parts to the data containing information related to 

borrowers’ characteristics and to the data containing financial information might not 

be the best and the most efficient division. Perhaps, the data could be divided by 

late and repaid loans and then share the data again by genders before running the 

SOM. Here the time limit became an obstacle, so this should be considered in further 

research. 

 

There are number of the further research opportunities in the field of peer-to-peer 

lending and Self-Organizing Map. As this study has mainly focused in practical 

usage of SOM, the suggestion for further research is to continue the research of the 

usage of SOM in more detail.  

 

This study did not reflect to the expected returns that investors should require or 

have returns been enough compared to the risk involved. So, this investor’s return 

point of view would be suggested for further research. Another interesting point of 

view for future research would be to use the SOM for assessing the risk assessment 

made by peer-to-peer lending platform and if it has worked well when assessing the 

creditworthiness of borrowers. 

 

It could be very profitable if the future research of the usage of SOM for exploring 

lender data could be done in cooperation with some company that offers peer-to-

peer lending platform to its customers or in cooperation with real investors. It should 

be examined how to adopt SOM practically into the investment decision into the 

peer-to-peer lending platform. 
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APPENDICES 

Appendix 1. Variables in Bondora Data (Bondora, 2019c) 

ActiveLateCategory 
When a loan is in Principal Debt then it 
will be categorized by Principal Debt 
days 

ActiveLateLastPaymentCategory 
Shows how many days has passed 
since last payment and categorised if it 
is overdue 

ActiveScheduleFirstPaymentReached 
Whether the first payment date has 
been reached according to the active 
schedule 

Age 
The age of the borrower when signing 
the loan application 

Amount 

Amount the borrower received on the 
Primary Market. This is the principal 
balance of your purchase from 
Secondary Market 

AmountOfPreviousLoansBeforeLoan Value of previous loans 

AppliedAmount 
The amount borrower applied for 
originally 

AuctionBidNumber 
Unique bid number which is 
accompanied by Auction number 

AuctionId A unique number given to all auctions 

AuctionName 
Name of the Auction, in newer loans it 
is defined by the purpose of the loan 

AuctionNumber 
Unique auction number which is 
accompanied by Bid number 

BidPrincipal 

On Primary Market BidPrincipal is the 
amount you made your bid on. On 
Secondary Market BidPrincipal is the 
purchase price 

BidsApi 
The amount of investment offers made 
via Api 

BidsManual 
The amount of investment offers made 
manually 
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BidsPortfolioManager 
The amount of investment offers made 
by Portfolio Managers 

BoughtFromResale_Date 
The time when the investment was 
purchased from the Secondary Market 

City City of the borrower 

ContractEndDate The date when the loan contract ended 

Country Residency of the borrower 

County County of the borrower 

CreditScoreEeMini 

1000 No previous payments problems 
900 Payments problems finished 24-36 
months ago 800 Payments problems 
finished 12-24 months ago 700 
Payments problems finished 6-12 
months ago 600 Payment problems 
finished < 6 months ago 500 Active 
payment problems 

CreditScoreEsEquifaxRisk 

Generic score for the loan applicants 
that do not have active past due 
operations in ASNEF; a measure of the 
probability of default one year ahead; 
the score is given on a 6-grade scale: 
AAA (“Very low”), AA (“Low”), A 
(“Average”), B (“Average High”), C 
(“High”), D (“Very High”). 

CreditScoreEsMicroL 

A score that is specifically designed for 
risk classifying subprime borrowers 
(defined by Equifax as borrowers that 
do not have access to bank loans); a 
measure of the probability of default 
one month ahead; the score is given on 
a 10-grade scale, from the best score 
to the worst: M1, M2, M3, M4, M5, M6, 
M7, M8, M9, M10. 
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CreditScoreFiAsiakasTietoRiskGrade 

Credit Scoring model for Finnish 
Asiakastieto RL1 Very low risk 01-20 
RL2 Low risk 21-40 RL3 Average risk 
41-60 RL4 Big risk 61-80 RL5 Huge 
risk 81-100 

CurrentDebtDaysPrimary 
How long the loan has been in Principal 
Debt 

CurrentDebtDaysSecondary 
How long the loan has been in Interest 
Debt 

DateOfBirth The date of the borrower's birth 

DebtOccuredOn The date when Principal Debt occurred 

DebtOccuredOnForSecondary The date when Interest Debt occurred 

DebtToIncome 
Ratio of borrower's monthly gross 
income that goes toward paying loans 

DefaultDate 
The date when loan went into defaulted 
state and collection process was 
started 

DesiredDiscountRate 
Investment being sold at a discount or 
premium 

EAD1 
Exposure at default, outstanding 
principal at default 

EAD2 
Exposure at default, loan amount less 
all payments prior to default 

Education 
1 Primary education 2 Basic education 
3 Vocational education 4 Secondary 
education 5 Higher education 

EL_V0 
Expected loss calculated by the 
specified version of Rating model 

EL_V1 
Expected loss calculated by the 
specified version of Rating model 

EL_V2 
Expected loss calculated by the 
specified version of Rating model 

EmploymentDurationCurrentEmployer 
Employment time with the current 
employer 
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EmploymentPosition 
Employment position with the current 
employer 

EmploymentStatus 
1 Unemployed 2 Partially employed 3 
Fully employed 4 Self-employed 5 
Entrepreneur 6 Retiree 

ExistingLiabilities Borrower's number of existing liabilities 

ExpectedLoss 
Expected Loss calculated by the 
current Rating model 

ExpectedReturn 
Expected Return calculated by the 
current Rating model 

FirstPaymentDate 
First payment date according to initial 
loan schedule 

FreeCash 
Discretionary income after monthly 
liabilities 

Gender 0 Male 1 Woman 2 Undefined 

GracePeriodEnd Date of the end of Grace period 

GracePeriodStart Date of the beginning of Grace period 

HomeOwnershipType 

0 Homeless 1 Owner 2 Living with 
parents 3 Tenant, pre-furnished 
property 4 Tenant, unfurnished 
property 5 Council house 6 Joint tenant 
7 Joint ownership 8 Mortgage 9 Owner 
with encumbrance 10 Other 

IncomeFromChildSupport 
Borrower's income from alimony 
payments 

IncomeFromFamilyAllowance Borrower's income from child support 

IncomeFromLeavePay Borrower's income from paternity leave 

IncomeFromPension Borrower's income from pension 

IncomeFromPrincipalEmployer Borrower's income from its employer 

IncomeFromSocialWelfare Borrower's income from social support 

IncomeOther Borrower's income from other sources 

IncomeTotal Borrower's total income 
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Interest 
Maximum interest rate accepted in the 
loan application 

InterestAndPenaltyBalance Unpaid interest and penalties 

InterestAndPenaltyDebtServicingCost 
Service cost related to the recovery of 
the debt based on the interest and 
penalties of the investment 

InterestAndPenaltyPaymentsMade 
Note owner received loan transfers 
earned interest, penalties total amount 

InterestAndPenaltyWriteOffs 
Interest that was written off on the 
investment 

InterestLateAmount Interest debt amount 

InterestRecovery 
Interest recovered due to collection 
process from in debt loans 

LanguageCode 
1 Estonian 2 English 3 Russian 4 
Finnish 5 German 6 Spanish 9 
Slovakian 

LastPaymentOn 
The date of the current last payment 
received from the borrower 

LiabilitiesTotal Total monthly liabilities 

ListedOnUTC 
Date when the loan application 
appeared on Primary Market 

LoanDate Date when the loan was issued 

LoanDuration Current loan duration in months 

LoanId 
A unique ID given to all loan 
applications 

LoanNumber 
A unique number given to all loan 
applications 

LoanStatusActiveFrom 
How long the current status has been 
active 
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LossGivenDefault 

Gives the percentage of outstanding 
exposure at the time of default that an 
investor is likely to lose if a loan 
actually defaults. This means the 
proportion of funds lost for the investor 
after all expected recovery and 
accounting for the time value of the 
money recovered. In general, LGD 
parameter is intended to be estimated 
based on the historical recoveries. 
However, in new markets where limited 
experience does not allow us more 
precise loss given default estimates, a 
LGD of 90% is assumed. 

MaritalStatus 
1 Married 2 Cohabitant 3 Single 4 
Divorced 5 Widow 

MaturityDate_Last 
Loan maturity date according to the 
current payment schedule 

MaturityDate_Original 
Loan maturity date according to the 
original loan schedule 

ModelVersion 
The version of the Rating model used 
for issuing the Bondora Rating 

MonthlyPayment 
Estimated amount the borrower has to 
pay every month 

MonthlyPaymentDay 

The day of the month the loan 
payments are scheduled for The actual 
date is adjusted for weekends and 
bank holidays (e.g. if 10th is Sunday 
then the payment will be made on the 
11th in that month) 

NewCreditCustomer 

Did the customer have prior credit 
history in Bondora 0 Customer had at 
least 3 months of credit history in 
Bondora 1 No prior credit history in 
Bondora 

NextPaymentDate 
According to schedule the next date for 
borrower to make their payment 
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NextPaymentNr 
According to schedule the number of 
the next payment 

NextPaymentSum 
According to schedule the amount of 
the next payment 

NoOfPreviousLoansBeforeLoan Number of previous loans 

NoteLoanLateChargesPaid 
The amount of late charges the note 
has received 

NoteLoanTransfersInterestAmount 
The amount of interest the note has 
received 

NoteLoanTransfersMainAmount 
The amount of principal the note has 
received 

NrOfDependants 
Number of children or other 
dependants 

NrOfScheduledPayments 
According to schedule the count of 
scheduled payments 

OccupationArea 

1 Other 2 Mining 3 Processing 4 
Energy 5 Utilities 6 Construction 7 
Retail and wholesale 8 Transport and 
warehousing 9 Hospitality and catering 
10 Info and telecom 11 Finance and 
insurance 12 Real-estate 13 Research 
14 Administrative 15 Civil service & 
military 16 Education 17 Healthcare 
and social help 18 Art and 
entertainment 19 Agriculture, forestry 
and fishing 

PenaltyLateAmount Late charges debt amount 

PlannedInterestPostDefault 
The amount of interest that was 
planned to be received after the default 
occurred 

PlannedInterestTillDate 
According to active schedule the 
amount of interest the investment 
should have received 

PlannedPrincipalPostDefault 
The amount of principal that was 
planned to be received after the default 
occurred 
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PlannedPrincipalTillDate 
According to active schedule the 
amount of principal the investment 
should have received 

PreviousEarlyRepaymentsBeforeLoan 
How much was the early repayment 
amount before the loan 

PreviousEarlyRepaymentsCountBeforeLoan 
How many times the borrower had 
repaid early 

PreviousRepaymentsBeforeLoan 
How much the borrower had repaid 
before the loan 

PrincipalBalance 
Principal that still needs to be paid by 
the borrower 

PrincipalDebtServicingCost 
Service cost related to the recovery of 
the debt based on the principal of the 
investment 

PrincipalLateAmount Principal debt amount 

PrincipalOverdueBySchedule 
According to the current schedule, 
principal that is overdue 

PrincipalPaymentsMade 
Note owner received loan transfers 
principal amount 

PrincipalRecovery 
Principal recovered due to collection 
process from in debt loans 

PrincipalWriteOffs 
Principal that was written off on the 
investment 

ProbabilityOfDefault 
Probability of Default, refers to a loan’s 
probability of default within one-year 
horizon. 

Rating 
Bondora Rating issued by the Rating 
model 

Rating_V0 
Bondora Rating issued by version 0 of 
the Rating model 

Rating_V1 
Bondora Rating issued by version 1 of 
the Rating model 
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Rating_V2 
Bondora Rating issued by version 2 of 
the Rating model 

RecoveryStage 
Current stage according to the recovery 
model 1 Collection 2 Recovery 3 Write 
Off 

RefinanceLiabilities 
The total amount of liabilities after 
refinancing 

ReScheduledOn 
The date when the new schedule was 
assigned to the borrower 

Restructured 
The original maturity date of the loan 
has been increased by more than 60 
days 

SoldInResale_Date 
The date when the investment was sold 
on Secondary market 

SoldInResale_Price 
The price of the investment that was 
sold on Secondary market 

SoldInResale_Principal 
The principal remaining of the 
investment that was sold on Secondary 
market 

StageActiveSince 
How long the current recovery stage 
has been active 

Status The current status of the loan 

UseOfLoan 

0 Loan consolidation 1 Real estate 2 
Home improvement 3 Business 4 
Education 5 Travel 6 Vehicle 7 Other 8 
Health 101 Working capital financing 
102 Purchase of machinery equipment 
103 Renovation of real estate 104 
Accounts receivable financing 105 
Acquisition of means of transport 106 
Construction finance 107 Acquisition of 
stocks 108 Acquisition of real estate 
109 Guaranteeing obligation 110 Other 
business All codes in format 1XX are 
for business loans that are not 
supported since October 2012 
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UserName 
The user name generated by the 
system for the borrower 

VerificationType 

Method used for loan application data 
verification 1 Income unverified 2 
Income unverified, cross-referenced by 
phone 3 Income verified 4 Income and 
expenses verified 

WorkExperience 
Borrower's overall work experience in 
years 

WorseLateCategory 
Displays the last longest period of days 
when the loan was in Principal Debt 
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Appendix 2. Principal Component Analysis (PCA) 

 

The Principal Component Analysis (PCA) has seven to eight stages depending on 

the purpose and goal of the research. In this case, the purpose is to reduce 

dimensionality by finding hidden structures that have something in common. The 

data set used to the PCA after the first pre-processing included 50 variables and 

27.964 observations. The basic idea is to find correlation between variables and 

strongly correlated variables can be interconnected with each other to be one factor. 

In this case, the goal is to find variables with the highest variance explaining most 

of the variance in the whole data set. The reason, why we are looking for variables 

with highest variance is that the Self-Organizing map has higher ability to construct 

clusters of similar observations. If the variance is low, SOM may give weak results. 

 

The first step is to choose variables included in the PCA. Variables should be 

continuous, preferably interval or proportional. Variables with a causal relationship 

should not be included in the same analysis. For this reason, the data with 50 

variables were divided into groups that can be considered to be related to the same 

topic but are not in a causal relationship. In the first part there were included 23 

variables containing information related to features of the borrower and loan 

application. The second part of 27 variables included information such as income, 

employment status and the borrower’s overall liabilities. First, PCA was made for 

both groups separately. 

 

In the next steps are to review conditions and choose a method for the factor 

analysis. When the purpose is to compress data, the principal component analysis 

is the right choice. Initially, there are as many factors as variables. The first factor 

explains most of the variance and the second factor explains the second most. The 

number of factors must be chosen. There are several ways to determine the optimal 

number of factors. There should be little enough to make the data more compact 

but enough to prevent the original data from being lost too much. As a selection 

criterion of the number of factors, the minimum value of eigenvalues to be retained 

was 1. With other words, in this case factors with eigenvalue higher than 1 are 
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accepted. Here, another way to define the optimal number of factors is to find the 

percentage of variance explained to be over 60 percent, because we want to find as 

much explanation as possible. With these limits of the minimum eigenvalue and the 

percentage of variance explained, the first PCA resulted eight factors and the 

second PCA produced seven factors. 

 

Then it is time to see ingredients of factors. Each variable has own loadings in a 

particular factor. This loading means correlation between a variable and a factor. 

The range can be from -1 to +1. It would be better, if each variable had a high loading 

with only one factor. To make the interpretation easier, the next step is rotation. 

There are several different rotation methods. In this case Orthogonal Varimax was 

used. As a result, Varimax gives factors that are non-correlated with each other. The 

minimum loading is 0.30 but preferably over 0.50. The variables with lowest loading 

were removed and PCA and rotation were done again to ensure more accurate 

results. Still, loadings of variables were quite low after four factors in the first PCA 

and the same issue appeared in the second PCA after five first factors. These 

factors with low loadings were removed from further analysis. 

 

Kaiser’s measure of sampling adequacy (MSA) was used for testing partial 

correlations between variables. The goal of MSA is to measure goodness of the 

factor model by determining partial correlations between variable combinations. 

Here the smaller is the better. Indicative value to be accepted for MSA is 0,60 and 

above. MSA over 0.80 would be excellent, but here the result was hardly over 0,60 

for both analysis and each variable, which means that partial correlations are high. 

In this case, variables with lowest MSA values were removed as well. Overall MSA 

was 0,6013, which was narrowly acceptable.  

 

In the next step, communalities of each variable were under the interpretation. 

Values of communalities should be as high as possible. Communalities were 

calculated from uniqueness. Communality is a characteristic of a variable and 

means portion of the variance that factors explain. The value for communality should 

be as high as possible, preferably over 0,50. As a result, each variable has 
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significant communalities over 0,50. Except gender, loan duration and refinanced 

liabilities have communality under 0,50. 

 

Then the validity and reliability must be measured. For reliability measurement, 

Cronbach Alpha was used. Cronbach alpha is one of the most common methods to 

measure reliability. There is not only one way to determine which value of Cronbach 

alpha is acceptable. Usually the lowest acceptable value of alpha is 0.60. As a result, 

from these PCAs Cronbach alpha for each variable was over 0.60 and overall 

Cronbach alpha was 0.6930. As a conclusion, these results are significant enough 

for further analysis. To ensure validity of the PCA, the PCA was done over 30 times 

with different combinations and still, these same variables were resulted with the 

highest different loadings.  

 

Finally, four factors were obtained from the PCA. These factors include 14 variables 

with highest variance. The results are shown in the table 4. The total explanatory 

power of these four key factors was 72,55 percent of the total variance in the data. 

The first factor has common fact income, including variables total income, total 

liabilities and free cash. The second factor has common fact that is background of 

the borrower. It includes variables gender, language, country, education, 

employment status and interest. The third factor represents common facts related 

to a loan application. It includes variables loan amount issued, applied amount, loan 

duration and refinanced liabilities. The fourth factor represent liabilities and includes 

total liabilities, interest, gender, refinanced liabilities and debt to income.  
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Table 4. Results of the Principal Component Analysis. 

PCA Rotated loadings 

Variable Factor 1 Factor 2 Factor 3 Factor 4 Cronbach Alpha Communality MSA 

Income total .9935    .6070 .9858 .5893 

Total liabilities .9007   .2627 .6480 .7580 .5368 

Free cash .9739    .6390 .9055 .5707 

Interest  .9309  .3063 .6980 .6021 .7623 

Gender  .3185  .4843 .6980 .4043 .6771 

Language 
 

.9309   .6980 .8831 .5835 

Education  .6497   .6467 .6497 .4769 

Country 
 

.9430   .6980 .8940 .5833 

Employment Status  .4097   .6003 .6186 .8888 

Amount granted   .8701  .6550 .8006 .5868 

Applied amount 
  

.8706  .6790 .7856 .5151 

Loan duration 
  

.6117  .6970 .3668 .6209 

Refinanced liabilities   .3051 .4910 .6980 .3674 .2211 

Debt to income    .7816 .6940 .5757 .5646 

Overall     .6930  .6013 

Eigenvalue 3.64716 2.44346 2.15194 1.18954    

Cumulative percentage 0.2101 0.4573 0.6195 0.7255    
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Appendix 3. U-matrix and component planes of loans with Late status. 
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Appendix 4. U-matrix and component planes of loans with Repaid status. 
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Appendix 5. Distance matrix, clusters, hits and labels for loans with Late 

status. 
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Appendix 6. Distance matrix, clusters, hits and labels for loans with Repaid 

status. 
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