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Tässä tutkimuksessa pyritään selvittämään ovatko kaikki vertaislainaajat 

huonoja lainaajia sekä onko olemassa yksittäisiä ominaisuuksia tai 

ominaisuuksien yhdistelmiä, joiden perusteella voidaan ennustaa yksilön tai 

ryhmän todennäköisyyttä maksuhäiriöön. Erottelevia ominaisuuksia etsitään 

self-organizing map (SOM) –menetelmän avulla. Menetelmän perusteella 

löydettyjä ominaisuuksia sekä ryhmiä arvioidaan vertaamalla kriteerien 

täyttäviä lainaajia ja lainaajaryhmiä koko aineistoon. Vertailu toteutetaan 

katsomalla kuinka suuri osa kriteerit täyttävistä lainaajista on yli 2 kuukautta 

myöhässä maksuerän eräpäivästä. Tutkimuksen aineisto on virolaisen 

vertaislainayhtiön keräämä ja se on kerätty vuosina 2011-2014. Aineistoon on 

kerätty ihmisiä, joille on myönnetty laina ja näiden tietoja. 
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The purpose of this thesis is to find out whether all the peer to peer lenders 

are unworthy of credit and also if there are single qualities or combinations of 

qualities that determine the probability of default of a person or group of 

people. Distinguishing qualities are searched with self-organizing maps 

(SOM). Qualities and groups of people found by the self-organizing map are 

then compared to the average. The comparison is carried out by looking how 

big proportion of borrowers meeting the criteria is two months or more behind 

with their payments. Research data used is collected by an Estonian peer to 

peer lending company during  the years of 2011-2014. Data consists of peer 

to peer borrowers and information gathered from them. 
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1. INTRODUCTION 

Microfinance industry and especially commercial peer to peer loans have 

been increasing popularity very rapidly for the last ten years and thus 

accumulated interest among academics (Bachmann et al. 2011; Lee and Lee, 

2012). Development of the Internet has made it possible to connect 

individuals who have excess cash to lend directly to the people that need 

loans without traditional financial intermediaries. Where peer to peer lending 

appears as appealing alternative for the borrowers it also provides appealing 

opportunity for investors who want high returns for their investments without 

participating stock markets. Peer to peer lending can also be seen as a way 

to diversify investment portfolio.  

This research is also academically interesting because peer to peer lending 

and especially peer to peer borrowers have been studied very little. 

Furthermore methodology of self-organizing map that will be used in this 

study is not implemented very often in financial applications and using self-

organizing maps to research peer to peer borrowers is a completely new 

approach in this field of study.  

A fundamental problem in peer to peer lending is the adverse selection   (Lee 

and Lee, 2012). There is not financial intermediary in the peer to peer lending 

markets and it is widely accepted that function of financial intermediary is 

exactly the mitigation of information asymmetry between borrowers and 

lenders (Leland and Pyle, 1977). Moreover lenders are usually not finance 

professionals and have difficulties to distinguish between creditworthy and 

unworthy of credit borrowers and assess risks involved. Recognizing the bad 

loans is often referred to as the “lemons problem”. It is the essential problem 

that academics, peer to peer lending platforms, individual lenders and 

borrowers are searching a solution for reducing the informational asymmetry 

between lender and borrower. It is also the problem we are addressing in this 

study.  
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Duarte, Siegel and Young (2012) have studied the role of appearance in peer 

to peer lending. Butler, Cornaggia and Gurun (2012) are interested in 

borrower decisions and find out what borrowers are searching for from online 

peer to peer lending when they are doing personal financing decisions. 

Redmond and Cunningham (2013) have researched people acting both as 

borrowers and lenders and why people are willing to be on both sides: Are 

they searching arbitrage or money launder? Puro et al. (2011) have studied 

auction strategies in Prosper.com peer to peer lending platform. Luo and Lin 

(2013) studied herding behavior in peer to peer lending auctions.  

There is a research gap regarding peer to peer lending as a potential 

investment. Existing literature deals mostly with what are the borrowers like, 

why they seek loans online and how to make use of getting credit online. 

There is very little research focusing on the investors side.   

The objective of this research is to explore peer to peer borrowers from a 

point of view of an investor: What factors or qualities make peer to peer 

borrower more likely to pay their debt on time or is there any? We are posing 

following research questions: are all peer to peer lenders bad? Are there 

characteristics in borrowers that make them more likely to good or bad? Are 

there latent combinations of characteristics or qualities that distinguish bad 

and good borrowers from each others? These are the questions we are 

asking in the empirical part of this study. 

Rest of this thesis is organized as follows. In the next section we go through 

financial framework behind this thesis. In the section 3 we introduce research 

literature regarding online peer to peer lending. In section 4 we present 

research methods and section 5 deals with research data. In sixth section we 

present results and in the last section we review the results and present 

conclusions. 
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2. THEORETICAL FRAMEWORK 

In this chapter we will go through how this study relates to financial theory 

and unfold literature review process behind this thesis. In the first subsection 

we elaborate how peer to peer lending is positioned in the field of finance and 

how this study is linked in financial theory. The following subsection deals 

with the literature review process and how it is conducted. Accurate 

description of the literature study is given for greater transparency. We want 

to disclose all information needed for replicating this study. 

 

2.1 Financial theory behind this thesis 

The focus of this study in the broader scope of economics is in the personal 

finance and especially personal savings and investments. Peer to peer 

lending is in the essence of personal finance since it relates in both personal 

credit and savings of individuals. We are more interested in the savings and 

investment side of the peer to peer lending. Peer to peer lending offers 

individuals new way of investing their savings. 
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Figure 1: Focus of the study: personal savings and investments 

Peer to peer lending is also linked to microeconomics by the theory of market 

failure. Peer to peer lending differs from regular loan markets since there is 

no financial intermediary reducing the informational asymmetry between 

private individuals. It is widely accepted that the function of the financial 

intermediary is exactly the reduction of informational asymmetry. (Leland and 

Pyle, 1977) In online peer to peer lending investors have to make lending 

decisions on their own and usually a borrower has better information of his 

financials and intentions than the lender. Informational asymmetry is the main 

problem to focus in peer to peer lending. 

Economics 

Microeconomics 

Finance 

Personal finance 

Personal credit 
Personal savings 
and investments 

Macroeconomis 
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Informational asymmetry arises from that borrowers usually know their 

collateral, moral behavior regarding obligations and industriousness better 

than lender. Furthermore entrepreneurs have inside information about their 

own projects. Lenders may possess some information about a borrower but 

always knows less of the borrower’s true characteristics than the borrower 

itself. (Leland and Pyle, 1977) 

Informational asymmetry may cause the market to perform poorly. 

Informational asymmetry causes market inefficiency meaning that good 

borrowers or projects do not get funding or they are charged too much 

interest rate. On the other hand bad borrowers or projects get funding 

although they should not or they get funding with too low interest rate 

regarding risk involved. (Leland and Pyle, 1977) 

Informational asymmetry is one of fundamental reasons why financial 

intermediaries, banks exist. Their function is to reduce the informational gap 

between borrowers and lenders. Interestingly in online peer to peer lending 

there is no ordinary financial intermediary between borrower and lender. It 

makes informational asymmetry the biggest challenge for the peer to peer 

lending. On the other hand in theory since the financial intermediary does not 

exist borrowers and lenders should benefit by splitting the bid-ask spread 

usually charged by the market maker (Livingston and Glassman, 2009). 

The purpose of this study is to search for tools to reduce the informational 

asymmetry by grouping the peer to peer borrowers. One tries to find 

characteristic groups that are good or bad lenders on average. By investing 

only loans applied by people of the good group we can reduce risk compared 

choosing loans randomly. 
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2.2 Literature review (state of the art review) 

Literature review is carried out to search for the most relevant previous 

research and to describe the stage and the development steps it has taken. 

Three well known global scientific journal article databases were searched: 

Elsevier Science Direct, Web of Science and EBSCO. The first one is a 

general scholar database and the two others provide access to multitude of 

scholar databases specialized in different fields of science. All search results 

were then combined and put into Refworks -reference tool and duplicates of 

studies removed. Practical implementation of literature search process is first 

described and the relevant results are then classified and presented to 

chronological order. 

Previously mentioned three databases were searched to find as much as 

possible of existing literature in the field of peer to peer lending. For being 

quite new phenomenon literature concerning the subject is still scarce and 

therefore the search was not limited to only the latest research. The search 

was conducted by screening for the appropriate search terms in the EBSCO 

database. After searching with several different keywords the following search 

string was obtained and used also in the other two databases: ("Peer to peer" 

OR “P2P”) AND ((“lending” OR “microfinance”) OR "online finance")). The 

search resulted in total of 432 references. After removal of duplicates the 

amount was reduced to 374 references. Following flow chart (Figure 1) 

describes the search process. 
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Figure 2 : Literature review process 
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After scanning and skimming through all 374 the articles 14 studies were 

classified as relevant ones. Furthermore 4 were obtained from the references 

of the 14 relevant articles. Total number of articles relevant articles found 

were eighteen. All the relevant articles are listed in table 1. 
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Table 1: List of relevant research articles regarding peer to peer lending 

 

Year Author(s) Article 

2014 Jones, R. Is peer-to-peer lending too good to be true? 

2013 
Chen, N., Ribeiro, B., 
Vieira, A., Chen, A. 

Clustering and visualization of bankruptcy trajectory using self-
organizing map. 

2013 Luo, B., Lin, Z. 
A decision tree model for herd behavior and empirical evidence from 
the online P2P lending market 

2013 
Redmond, U., 
Cunningham, P. 

A temporal network analysis reveals the unprofitability of arbitrage in 
The Prosper Marketplace 

2012 
Butler, A. W., 
Cornaggia, J., Gurun, 
U. G. 

Do local capital market conditions affect consumers’ borrowing 
decisions? 

2012 
Duarte, J., Siegel, S., 
Young, L. 

Trust and Credit: The Role of Appearance in Peer-to-peer Lending. 
Review of Financial Studies 

2012 Lee, E., Lee. B. Herding behavior in online P2P lending: An empirical investigation 

2012 Light, J. Is peer to peer lending worth the risk? 

2012 Livingston, L. S. Could Peer-To-Peer Loans Substitute for Payday Loans? 

2012 
Yum, H., Lee, B., 
Chae, M. 

From the wisdom of crowds to my own judgment in microfinance 
through online peer-to-peer lending platforms 

2011 

Bachmann, A., 
Becker, A., 
Buerckner, D., Hilker, 
M., Kock, F., 
Lehmann, M., 
Tiburtius, P., and 
Funk, B. 

Online Peer-to-Peer Lending - A Literature Review. 

2011 
Chen, N., Ghosh, A., 
Lamber N. S. 

Auctions for social lending: A theoretical analysis 

2011 
Livingston, L., 
Glassman, T., Wright, 
C. S. 

Using Peer-to-Peer Student Managed Fund for Community Service 

2011 Magee, J. R. 
Peer-to-Peer Lending in the United States: Surviving after Dodd-
Frank 

2011 
Puro, L., Teich, J. E., 
Wallenius, H., 
Wallenius, J. 

Bidding strategies for real-life small loan auctions 

2009 
Berger, S. C., 
Gleisner, F. 

Emergence of financial intermediaries in electronic markets: The 
Case of online P2P lending 

2009 Brennan, P. J. Peer-to-Peer Lending Lures Investors With 12% Return 

2009 
Livingston, L. S., 
Glassman, T. 

Creating a New Type of Student Managed Fund using Peer-To-Peer 
Loans 
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Search also resulted in much microfinance related articles concerning non-

profit peer and group lending or microfinance. Most of them regarded 

microfinance institutions such as Grameen Bank started by Muhammed 

Yunus which initial idea or goal was to lend money to poor people in 

Bangladesh to get out from poverty through self-employment. We are only 

interested in commercial online peer to peer lending so all the literature 

dealing with group lending, welfare related microfinance institutions or offline 

peer lending were excluded from this study. 
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3. ONLINE PEER TO PEER LENDING 

Rapid development of information technology and evolution of online 

marketplaces in recent years have reduced the need for traditional financial 

intermediaries. The first commercial online P2P lending platform started in 

2005. New trade of peer to peer lending emerged originally from groups in 

online social networks where people lend money to each other. Thus the P2P 

lending is relatively new and very interesting research field. Due to sudden 

growth of popularity peer to peer lending has also generated interest in the 

mainstream media. (Bachmann et al., 2011; Berger & Gleisner, 2009; Yum, 

Lee & Chae, 2012; Light, 2012 ) 

Online peer to peer lending can be described as a loan origination process 

between private individuals, borrower and lender, on online platform without 

financial intermediary (Bachmann et al., 2011). It is also sometimes referred 

to as social lending since its roots are in online social networks (Chen, Ghosh 

& Lambert, 2011; Bachmann et al., 2011). Online peer to peer lending is an 

emerging alternative for bank loans (Chen, Ghosh & Lambert, 2011). Loan 

origination process is carried out in the following way: borrower post his 

request for the loan amount, desired cost (interest rate) and the purpose of 

the loan. The loan request is then listed on the online P2P platform service 

where potential lenders, investors, can pick loans of their choice. Relatively 

high interest rates, small loan amounts, short loan terms, fast origination 

process and unsecured by nature are usual characteristics for peer to peer 

loan. (Livingston, 2012) 

Because there is no financial intermediary the lending decision and credit 

assessment is purely made by investors (Bachmann et al., 2011). In theory 

investors and borrowers should benefit by splitting the bid-ask spread 

traditionally taken by the intermediary. However, since investors usually are 

not financial experts the cost of informational symmetry can be greater than 

the benefit from splitting the spread. For this reason online peer to peer 
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lending platforms are seeking new ways to reduce informational asymmetry 

between lender and borrower which has traditionally been done by the bank 

(Leland and Pyle, 1977). 

Peer to peer lending is not the same thing as payday loans (pikavippi in 

Finnish). Payday loans have been seen as a predatory form of finance taking 

advance of the weakest and poorest people. Peer to peer loans are different 

from payday loans in size, term and maturity structure. The loans in peer to 

peer lending are larger, longer and paid in installments. They also cannot be 

applied for in the spur of the moment by sending SMS message. Peer to peer 

loans may however be better alternative for payday loans in some cases 

since the interest rates are not as high as in payday loans. (Livingston, 2012) 

Next we give brief review of the peer to peer lending literature. We try to 

cover existing research regarding commercial peer to peer lending 

phenomenon. We go through borrowing and lending process, list some of 

peer to peer platforms and markets with key figures. We also briefly review 

benefits and challenges linked to online peer to peer lending in the following 

sections. 

 

3.1 Borrowing process 

Most common mechanism for P2P loans is pre-set rate loan listing where 

people make an application for the amount and interest rate for the loan they 

are willing to borrow. The application is then listed for the investors on the 

platform website. 

There used be another mechanism of reverse auction that Prosper.com used 

from 2006 to 2009. In this mechanism a borrower makes their request for the 

loan amount and maximum interest rate the borrower is willing to pay. It is 

known as a reserve rate. Loan is then listed on site for investors to make bids 
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for the amount and interest rate they are willing to lend money to the 

borrower. The borrower takes up the loan from investors that are willing to 

lend money for lowest interest rate. (Chen, Ghosh & Lambert, 2011) 

Since 2010 also Prosper.com has been using the pre-set rate listings. Chen, 

Ghosh & Lambert (2011) reckon that the reason for this is user friendliness. 

Simplier loan mechanism is easier to understand and attracts wider range of 

people into peer to peer lending service they are providing. 

Besides the lending mechanisms there are also usually two types of loan 

applications. Borrowers may choose quick funding or timed funding. In quick 

funding loan is originated as soon as the application is fully funded. In timed 

funding they will get the loan after pre-specified period if their application is 

fully funded by investors.  

Why do people borrow online from their peers instead of banks? Butler, 

Cornaggia and Gurun (2012) study the borrowers decisions and find that 

borrowers are searching for lower interest rates from online peer to peer 

lending when they are doing a financing decision. Results are especially true 

for the people with low credit grades. They also conclude that people do not 

seek loans from Internet services because they are not able get loans from 

regular banks but rather because they want to get the best offer. 

 

3.2 Lending process 

Some peer to peer lending platforms allow borrowers to upload image of 

themselves. Duarte, Siegel and Young (2012) have studied the role of 

appearance in peer to peer lending. They found that posting a picture works 

for two ways. Trustworthy by the appearance are more likely to get the loan 

when they post their picture and low trustworthy looking people are more 

likely not to get a loan. High trustworthy looking people also get lower rates 
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than average. Very interesting finding was that low trustworthy looking people 

who get loans get them with lower rates than people without picture. So it 

seems that posting a picture pays off. Interestingly highly trustworthy looking 

people have better credit grades than people on average. Duarte, Siegel and 

Young (2012) raise the fundamental question: why people do not upload 

pictures of trusty-looking people when they apply for loan. They however also 

concluded that trustworthy or untrustworthy appearance does not predict 

default.  

Puro et al. (2011) have studied the auction strategies in Prosper.com peer to 

peer lending platform. They tested nine different probable bidding strategies 

provided by auction theory. They found that there are clearly no one dominant 

strategy. They identified three main strategies that bidders seem to follow: 

Evaluator, Late bidding and Multi-bidding. In evaluator strategy people make 

one bid early at significantly lower rate than current bid rate. Late bidders 

make bids just before auction ends because they do not want to reveal their 

valuation to other bidders until the last minute. Multi-bidders use both 

strategies. They bid early to give signal to other bidders and make the final 

bid in the very end. 

There are also people who act both as borrowers and lenders. Redmond and 

Cunningham (2013) have studied this phenomenon and found out why 

people are willing to be on the both sides. They see two reasons for this kind 

of action: money laundering or arbitrage. They conclude that arbitrage is the 

reason according their analysis. However they conclude that arbitrage in peer 

to peer lending is rarely possible. 

Luo and Lin (2013) have studied herding behavior in peer to peer lending 

auctions. They found that herding do exist in peer to peer lending auctions. 

Lenders that prefer public information and are not willing to pay the costs 

associated with obtaining and studying additional information are more likely 

to behave like a herd. According to their empirical analysis herding and more 
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bids reduce the lender’s benefit and in their opinion lending platforms should 

disclose not only number of bids but also number of views of the loan 

application to reduce herding. 

Livingston (2012) has studied peer to peer loans as an alternative for payday 

loans. She concludes that although peer to peer loans are a good alternative 

for payday loans in terms of lower interest rates and longer maturity the 

problem arises from the time they take to fund. Peer to peer loan take as long 

to fund as a payday loan takes to mature. 

 

3.3 Peer to peer lending platforms and markets 

The two distinctly largest peer to peer lending companies are Lending club 

and Prosper with 200,2 and 91 million euro worth new loans issued per 

month. They are also the first two companies operating in commercial peer to 

peer lending. Both Prosper and Lending club operate in the USA, in the 

largest peer to peer lending market. Second largest peer to peer lending 

market is the United Kingdom.  The largest peer to peer lending company in 

the United Kindom is Ratesetter with new loans worth 27,1 million per month. 

Peer to peer lending has spread also in the rest of Europe being still relative 

small compared to the markets of USA and UK. See table 2.  
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Table 2: Peer to peer lending companies (P2P banking, 2014) 

Company Country New loans (millions EUR) Vs. previous 
month 

Assetz Capital The UK 4,1 -40 % 

Auxmoney Germany 3,7 -16 % 

Bondora Estonia 1,7 8 % 

Communitae Spain 0,8 10 % 

Finansowo Poland 0,1 0 % 

Fixura Finland 1,7 31 % 

Folk2Folk The UK 0,5 -81 % 

FundingCircle The UK 20,9 -6 % 

FundinKnight The UK 0,4 -39 % 

FundingSecure The UK 0,2 -67 % 

Geldvoorelkaar Netherlands 1,9 -27 % 

Kokos Poland 0,3 7 % 

Lending Club USA 200,2 -3 % 

Lending Works The Uk 0,4 Not available 

MYC4 Denmark 0,3 53 % 

Pret d'Union France 6 3 % 

Prosper USA 91 24 % 

Ratesetter The UK 27,1 16 % 

Rebuilding Soc. The UK 0,4 52 % 

Saving Stream The UK 1 -29 % 

Smava Germany 0,6 -14 % 

ThinCats The UK 4,3 46 % 

Wellesley The UK 10,4 -32 % 

Zencap Germany 0,2 Not available 

Zopa The UK 25,8 -5 % 

 

Relatively new loan industry of peer to peer lending is very volatile. We can 

see from the table that the amount of new loans issued can vary even 81% 

from previous month. 
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3.4 Benefits and challenges 

There are plenty of benefits when comparing online peer to peer lending to 

lending through traditional financial institutions. Since borrowing or lending via 

online peer to peer lending platform is not dependent on time or place it is 

fast and convenient way to access finance or to invest money. In theory 

borrowers and lenders may be able to split the spread they would otherwise 

pay for in a traditional intermediated market (Livingston, 2009). 

One of the most advertised benefit of P2P lending is obviously getting loans 

at a lower rate for borrowers and on the other hand higher returns for the 

investors and new way to diversify their portfolios (Magee, 2011). Although 

there is little empirical evidence supporting previous statement, nevertheless 

P2P lending seems at least profitable for the investors. Investors lending 

money through Lending Club are getting on average an annualized net return 

of 9.6 per cent. According to Renaud Laplanche, CEO and founder of 

LendingClub, investors are not satisfied with performance of stock market or 

low interest rates provided by banks and thus they are turning to P2P sites 

(Brennan, 2009). Wall Street Journal reported that investors on trading 

platforms such as Prosper and LendingClub are getting annual returns of 

10% or higher lending money to their fellow citizens (Light, 2012). Not to paint 

too rosy picture should be stated that not everyone is ready to accept such 

large stated rates of return. Nicola Horlick, founder of Money & Co, says the 

rates stated of most companies are overly optimistic and realistic average 

returns after defaults are around four or five per cent annually (Jones, 2014).  

Another advantage having P2P lending platforms is that it will allow people to 

access finance when they are not able to get it from elsewhere. Small 

businesses and individuals, who do not have collateral, can get funding 

through P2P lending. Also some community projects can be funded at low 

interest rates through P2P lending by the community members. (Magee, 

2011) 
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There also two main challenges in online peer to peer lending. The first one is 

the regulatory issues regarding securities laws, lending laws and consumer 

protection laws. As the peer to peer lending is attracting more attention and 

more money flow in to the markets the more regulation is certainly needed. 

The second challenge is the absence of financial intermediary and 

informational asymmetry. Peer to peer lending platforms and investors are 

seeking new ways and methods to obtain as much information of the 

borrowers as possible. 
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4. RESEARCH METHODS 

Here we give brief introduction to research methods used in this study.  

Principal component analysis is used first to determine most relevant 

variables from the lender data and variables are then used as the basis on 

which self-organizing map is built. With self-organizing map were are trying to 

find qualities of the borrowers or groups of borrowers with combination of 

qualities that determine whether they are likely to be pay back their debt on 

time. The research process is described in the figure 3 below. 

 

 

Figure 3: Research process and methods. 

The variables in the lender data containing information that has already 

happened were removed in the preprocessing phase because we are 

interested in the variables that can be known before the loan has originated 

or matured and thus used to predict which loans are good and which bad. 

Data values are transformed using range transformation. Values are 

transformed into range from zero to one. Missing values are replaced with 
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averages. After preprocessing the variables with highest variance are chosen 

to be as the basis for self-organizing map analysis. Based on the results of 

the self-organizing map we then use the spreadsheet calculations to find the 

percentages of good and bad borrowers in groups formed by the self-

organizing map. 

 

4.1 Principal component analysis 

Principal component analysis is sometimes also referred to as factor analysis 

although they are not the same but very similar method. Principal component 

analysis is often used to find suitable variables while constructing composite 

variables for measuring something. It can also be used to find latent qualities 

or factors that explain the variation behind group of variables. However in this 

study we are simply using the factor analysis to screen the key variables for 

our further analysis done with self-organizing map. We define key variables to 

be variables that explain most of the variance in the whole data set. We are 

looking variables of high variance because the self-organizing map method 

works best with higher variance in the data. Self-organizing map is better able 

to form clusters of similar observations if there is more variance in the data 

since each observation alters the node it is assigned to but also the 

neighboring nodes. Low variance would give poor results. 

 

4.2 Self-organizing map 

Self-organizing map (SOM) is an automatic method for data-analysis, 

clustering and data exploration. Self-organizing map was developed by Teuvo 

Kohonen in 1982. It is sometimes referred to as Kohonen Map. Method is 

widely used in industrial applications, natural sciences, linguistics and 

business studies especially in finance. (Kohonen, 2013) 
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There has been plenty of business studies and financial applications of Self-

organizing map. SOM has been used in financial benchmarking of companies 

in paper and pulp industry (Back et al., 1997; Eklund et al., 2003), bankruptcy 

prediction (Kiviluoto 1998; du Jardin et al., 2011; Chen et al., 2013;), currency 

crisis prediction (Sarlin, 2011), analyzing economic welfare states of countries 

worldwide (Kaski et. al, 1995), customer churn analysis and segmentation 

(Kiang et al., 2006) and stock price forecasting (Hsu et al., 2009). 

SOM is a two layer artificial neural network. The two layers of self-organizing 

map are input and output layers. See figure 4. The output layer is two-

dimensional grid that consists of nodes. Each observation in the data set can 

be thought as a model where chosen variables have their own values. The 

self-organizing map is constructed in a way that each model is assigned to 

most similar node. In the grid (or map) more similar models appear on grid 

closer to each other and less similar models will be located gradually farther 

away in the grid. Also the spatial neighbor nodes of the best fitting node are 

modified according to the best fitting node for better matching. (Kohonen, 

2013) 

 

Figure 4: input (lower) and output (upper) layers of self-organizing map 
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In other words each input data (observation) will change not only the node 

that it most resembles but also the neighboring nodes. Self organizing map 

uses unsupervised learning meaning that it will itself determine the weights 

for each vector and weights are changed when new data is inputted. 

In addition to clustering and data exploration self-organizing map is an ideal 

tool for building visualization systems, as it reduces both dimensionality and 

data (Sarlin, 2011). Visual results are key strength in using self-organizing 

map in business applications as the results easy to interpret and explain 

understandably even to the audience that is not necessarily familiar with the 

research method. Visualization help seeing patterns that are not easily 

observable from the data and it is very effective way to summarize the results. 

There are different ways how different software print the resulting self-

organizing map. Others use different shades in lines to visualize the 

difference or the distance between nodes and others will use color scale 

coloring the nodes with different colors according to similarity of the 

neighboring nodes. Essentially the interpretation however is the same. See 

figure 5. 
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Figure 5: Example of self-organizing map. Similar color and close 

positioning of the nodes indicate similarity.  

In figure 5 similarly colored nodes are similar to each other. Also the position 

in the map indicates whether the nodes are similar or different. In this 

particular map there are two variables strongly dividing the data. These 

variables form the red-orange walls. The other side of the barrier these 

variables get value of zero and other side value of 1. The observations on the 

different sides of the barrier may be very similar otherwise but regarding one 

particular variable they are very different, even the opposite of each others. 
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4.3 Review of SOM software 

We review here some available software for building self-organizing maps. 

Before beginning this thesis project we looked at available software. We 

came up with following software. The following were more or less examined: 

SOM analyzer, RapidMiner 6, Viscovery SOMine 6, Neuroph, Matlab, Spice-

SOM 2.0, Neuroshell 2. Viscovery SOMine came up in some of the academic 

papers read during the literature search. Rapidminer and Neuroph were 

discovered by basis of word of mouth by other researchers. Others were 

found by searching the Internet. 

After reviewing these softwares, SOM analyzer, Viscovery SOMine 6, Matlab 

and RapidMiner 6 were taken for next step of testing. Although thorough 

testing was not conducted we came to conclusion that Viscovery SOMine 6 

would be the best software for analyzing self-organizing maps however the 

cost of the software ruled out its use.  Matlab is also pretty expensive 

software. Access for Matlab would have been available but the software 

demands too much effort from first time user to learn to use it properly. It was 

not possible with limited time available for the project. SOM Analyzer is a low 

cost option for building self-organizing maps but it only contains features 

related to self-organizing maps meaning that another data mining software 

would be needed. Also during initial testing there were some usability issues 

often associated with small software. Price ranges of SOM software are 

presented below in table three. 
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Table 3: License price range for each SOM analyzing software 

Software 
 

          Price range (USD) 

Matlab 
 

35 2000 

Rapidminer 6 Free 2999 

Somanalyzer 50 50 

Viscovery SOMine 6 1700 3400 

Neuroshell 2 870 870 

Neuroph 
 

Free 
 Spice SOM 2 Free 
  

Each of the commercial software has many different licenses for different 

users. Generally with the more expensive licenses user gets better product 

support, ability to analyze large data sets and better performance for larger 

data sets. Also support for different database systems and file formats vary 

between licenses.  

RapidMiner 6 was chosen for the project by being most convenient in terms of 

usability and cost. The free starter version of the RapidMiner 6 allows 

analyzing small data sets and starter license has no using time limit. However 

there are restrictions in the starter version. Usage of memory is restricted to 

1GB and file based data can be used only in formats of CSV and Excel. 

Database systems are not supported. These restrictions were not problem in 

this research. 
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5. DATA  

The research data has been collected by an Estonian peer to peer lending 

platform. The data consists of 4246 peer to peer loans and characteristics of 

the borrowers. Dataset has total of 69 variables and it is freely available for 

anyone. Most of the borrowers are representatives of Estonian nationals but 

there are some representatives from other nationalities such as Russian, 

Finnish, Spanish, British and German. Loan data is gathered from 1st of 

February 2011 to February 25th 2014. 

Data contains such information of borrowers as applied loan amount, interest 

rate offered, application hour and weekday, what purpose are loans applied 

for, income, different income types, monthly liabilities and income to debt 

ratios. Furthermore there is demographic information that is gone through 

later in this chapter. Data also contains variables of late payments and 

default. Further information and details of the variables in the data are 

disclosed in the appendix 1 
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We present next some of the demographics of the borrowers in the data set. 

From the figure 6 we can see that the distribution of age is skewed to the 

right. The mean of the age is 36,5 and median is 34. 

 

 

Figure 6:  Age distribution of the borrowers  
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Fifty four per cent of the borrowers in this dataset are male. Ninety per cent of 

the borrowers are representatives of residents of Estonia although should be 

noted that all residents are not representatives Estonian nationals. There are 

also 7 per cent of the people representing residents of Finland and 3% in 

Spain as can be seen from the figure 7. 

 

Figure 7: Residency of the borrower 
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In addition to representatives of three different countries of residence there 

are representatives from six different native language speakers. See figure 8. 

 

 

 

Figure 8: Spoken language of the borrower 

Eighty one per cent of the borrowers speak Estonian as their mother tongue. 

Nine per cent of the borrowers have native language of Russian, 6 % Finnish 

and 4 % of Spanish. There are also few people speaking native German or 

English, their proportion being under 1 per cent together. 
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Over half of the borrowers have secondary education and every fourth has 

Higher education. From here we can infer that peer to peer borrowers are not 

uneducated in this data set. Educational segments are presented below in 

figure 9. 

 

 

Figure 9: Education of the borrowers 

Twenty five percent of the borrowers have higher education, 52 % secondary 

education, 9 % vocational education and 14 % basic education. People with 

only primary education represent less than 1 % of the borrowers. 



31 
 

Lastly we turn our interest to home ownership status. People are categorized 

here into 9 groups. We can see from figure 10 that 64 % are home owners of 

some sort and rest are tenants in a way or another.  

Largest groups are owners with mortgage (31 %) and joint-owners (22 %). 

There are also few homeless people in the data. 

 

 

Figure 10: Home ownership status of the borrower 

Additionally nine per cent of the borrowers live with their parents and 1 % in 

council house. 
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In table 4 we present descriptive statistics about borrowers. Interest paid for a 

loan is on average 25,43 per cent and standard deviation is 5,57%. Paid 

interest range from 5 to 48,97 per cent in loans listed in the data. Average 

loan amount is 2,741 Euros and standard deviation is 2,262 Euros. Loan 

amounts range from 100 to 10,000 Euros. 

 

Table 4: Descriptive statistics of the loans 

 
Average Standard deviation Min Max 

Interest 25,43 % 5,57 % 5,00 % 48,97 % 

Funded amount (€) 2,741 2,262 100 10,000 

Duration (months) 33,43 17,55 1 60 

 

Duration of the loans are on average 33,43 months and standard deviation is 

17,55 months. Loan duration vary from one to sixty months. 
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6. RESULTS 

Here we will present the results from the factor analysis and self-organizing 

maps. Factor analysis is done to choose variables with most variance. 

Chosen variables are then inputted into self organizing map to analyze the 

data. Purpose is to find variables that clearly split the data into two or more 

segments and also to find groups that have similar characteristics. Members 

of the groups are then filtered from the data by connecting characteristics. 

Percentage of group members who are 2 months or more late with their 

payments are counted and then compared to borrowers on average.   

Variance explained by the chosen variables is presented first and then the 

result of self-organizing map with all the feature planes of the variables. Lastly 

we present the percentages of the borrowers that are 2 months or more late 

their due payment for each group and how they compare to the average. 

 

6.1 Factor analysis 

Factor analysis was conducted by using the Principal Component Analysis 

method which is commonly referred to as Factor analysis although it in fact is 

not same method as Factor analysis but both are used for the same thing and 

Principal Component Analysis has been used more. 

PCA was conducted for the data omitting some of the variables. The so called 

result variables were omitted from the analysis because they are not “before 

the fact” qualities of the borrowers and those are used later to determine if the 

borrowers are good or bad. Also all variables containing text were removed 

from the data for the factor analysis. 

In the result from the PCA we found 12 key variables that will explain total of 

82% of the whole variance in the data. Total number of variables in the data 

set is 60. 
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Table 5 shows the chosen variables, their standard deviations, proportion of 

variance and cumulative variance explained by the chosen variables. 

Table 5: Standard deviation, proportion of variance and cumulative 

variance from PCA analysis  

Variable 
Standard 
deviation 

Proportion of 
Variance 

Cumulative 
variance 

Use of loan 0.565 0.178 0.178 
Applied amount 0.500 0.139 0.316 
New offer made 0.391 0.085 0.402 
Occupation area 0.337 0.063 0.465 
Application type 0.334 0.062 0.527 
Language code 0.318 0.056 0.583 
Home ownership type 0.304 0.051 0.634 
Application weekday 0.293 0.048 0.682 
Application hour 0.281 0.044 0.726 

Age 0.247 0.034 0.760 
Marital status 0.243 0.033 0.793 

Education 0.220 0.027 0.820 

 

The using purpose of the loan clearly has biggest explanatory power of the 

total variance in the data. Use of loan explains 17,8% of the total variance in 

the data. 

There are two variables that have ordinal scale: Application hour and 

Education. Age and Applied Amount are ratio scales. All the other variables 

are nominative by nature meaning that they get few certain values and the 

magnitude of the value has no meaning. Furthermore New offer made and 

application type are binary variables. 

Use of loan tells for what purpose each loan is applied. Loans are used for 

real estate, home improvement, business, education, traveling, vehicle, 

health or other. Applied amount is the amount of money is applied. New offer 

made tells whether the loan application is approved directly or after revision. 

In the revised offer loan amount, duration or interest rate may be altered. 
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Occupation area defines the field of the profession. There are 19 classes of 

fields of profession without specific order. There are occupation field such as 

mining, energy, transport, retail, real-estate, education, healthcare, 

entertainment etc. Application is either funded directly by quick funding as 

soon as loan is fully funded or funded after specified time depending on the 

application type. Language code indicates the native language of the 

borrowers. Home ownership type classifies people according to different 

housing solutions. There are home owners, tenants, people living with their 

parents, co-owners and so on.  Application weekday states the weekday 

when application has been submitted. Application hour respectively states the 

hour of submitting application. Age tells the age of the borrower with accuracy 

of one year. Marital status indicates whether applicant is married, cohabitant, 

single, widow or divorced. Education is divided into five classes: primary 

education, basic education, vocational education, secondary education and 

higher education.  
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6.2 Self-organizing map 

Self-organizing map is run with the variables chosen with principal component 

analysis presented earlier. The map here represents those 12 variables. The 

map is interpreted in a way that nodes of similar shades of the colors are 

similar and further away in a color scale node is the more different it is from 

other nodes. Also the physical distance between nodes implies that there is 

some difference although the nodes were same color. 

The self-organizing map consists of the actual map, that will present the 

similar observations as a colored groups, and also the variable specific 

feature planes. Feature planes will show how the variables gather similar 

observations together and where they appear on the actual map.  So where 

there is the map there are also the 12 feature planes. 

Here we can see that there are at least some of the variables that strongly 

divide the data. See the red and orange colored wall from down to right in the 

middle. Also there is strong difference in left top corner where the red nodes 

form a barrier. See figure 10. 
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Figure 11: Self-organizing map of the peer to peer borrowers 

In figure 11 on the right bottom corner side of the red-orange barrier there are 

borrowers that have got funded after revision of their application. They have 

got a new offer. People funded directly without revision are on the left and top 

side of the same barrier. On the left top corner there is another barrier that 

divides the set. People with application of timed funding are in the left top side 

of that barrier and the rest of the people with quick funding are on the right 

bottom side of the barrier. 
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Next present first the two feature planes that are dividing the map most 

strongly. Here in the figure 12 we have feature plane of variable “New offer 

made” which means that the borrower’s original application is or is not 

restructured by the underwriters. In some cases the loan duration, loan 

amount and interest rate are altered. The red area on the right bottom corner 

shows the borrowers whose original loan application was restructured. Rest 

of the map are borrowers who got the loan without revision of the application. 

 

 

Figure 12: Feature plane of “New offer made” 
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The next feature plane in figure 13 distinguishes the two application types. 

Application types are Timed funding or Quick funding: loan is funded after 5 

days or loan is funded as soon as the amount is full. The blue area in the left 

top corner indicates that those borrowers used timed funding whereas the 

others have chosen quick funding. 

 

 

Figure 13: Feature plane of “Application type” 
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Next we present the figure 14, feature plane for the “Use of loan”. There is 

also strong separation on the base of the variable. In top right corner there 

are borrowers who use the loan for education or traveling. When we come out 

from the corner there are next in yellow business borrowers, home improvers, 

real estate acquirers and finally the blue are the borrowers who apply for 

loans to consolidate their previous loans.  

 

 

Figure 14: Feature plane of “Use of loan” 
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The next feature plane considers the mother languages of the borrowers. 

figure 15. Since the company is Estonian and most of the clients are also 

Estonians, all the other nationalities are grouped to groups in the right bottom 

corner. See  

 

Figure 15: Feature plane of “Language code” 
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In the next feature plane in figure 16, there is education. We can see that 

there are in the middle and top left corner higher educated people and in top 

right corner and in the bottom borrowers with lower education. 

 

 

Figure 16: Feature plane of “Education id” 
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In the figure 17 there is feature plane of Occupation area it is not itself very 

informative since there are 19 classes of occupations and the variable is 

nominal. It is still useful when comparing different groups formed by the self 

organizing map.  

 

 

Figure 17: Feature plane of “Occupation id” 
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The next feature plane shows the time when application has signed. The 

number of zero indicates that application was signed at midnight. It can be 

seen in the figure 18 that only that most of the applications were submitted at 

the daytime. 

 

 

Figure 18: Feature plane of “Application signed hour” 
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Next feature plane deals with marital status. Blue indicates married people 

and light green cohabitants and green are singles or divorced. This has also 

little meaning on its own but still meaningful when looking the groups of 

people. See figure 19. 

 

Figure 19: Feature plane of “Marital status” 
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The next feature plane, figure 20, deals with application signing weekday. 

Blue nodes imply that loans have been applied in Monday. Green in the 

middle of the week and yellow are applied before the weekend. 

 

Figure 20: Feature plane of “Application signed weekday” 
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Next feature plane shows the age of the borrowers. It is not also itself very 

informative. Blue means young borrowers from the age of 18 to 29 and green 

from 30s and above. Feature plane of age is presented in figure 21. 

 

 

Figure 21: Feature plane of age 
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Lastly there are the types of housing of the borrowers. See figure 22. 

 

 

Figure 22: Feature plane of home ownership 

Home ownership is also nominal variable so the feature plane of the housing 

type does not contain much information on its own. 

  



49 
 

6.3 Analysis of the results 

Based on the results of SOM shown before we will now look at what kind of 

groups compare with the average of the borrowers. We will determine the 

goodness or the badness of the groups by filtering the data according to the 

results of the self-organizing map. We will see if the groups have more bad 

borrowers than on average in the data. We say that if the percentage of the 

group is less than average the group is good and if the percentage of bad 

borrowers is more than average we establish that the group is bad. We also 

define bad borrowers as people who are two months or more behind their 

payments. 

There is the self-organizing map where we have outlined groups based on 

their similarity and dissimilarity. As we saw earlier from the results of the Self-

organizing map there were three variables that clearly split separated the 

data very clearly: New Offer Made, Application type and Use of Loan. We will 

first determine whether these variables have strong effect on the results. Here 

below are the SOM and the feature planes for the three variables. See figure 

23. 
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Figure 23: Self-organizing map (1) and Feature planes for New offer 

made (2) , Application type (3) and Use of loan (4) 

If we look first at the Application type it seems that people that have chosen 

timed funding instead of quick funding have slightly higher percentage of bad 

borrowers with 11,56 % compared the whole population figure of 10,97 %. 

See table 6. 

Table 6: Effect of application type on probability of default 

Application 
type 

Borrowers 
Payment 

behind 60 days 
or more 

(%) 
Payments 

on time 
(%) 

Timed funding 450 52 11,56 % 398 88,44 % 

Quick funding 2229 242 10,86 % 1987 89,14 % 

Total/Average 2679 294  10,97 %  2385 89,03 % 
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On the other hand people with quick funding have slight lower percentage 

(10,86 %) of bad borrowers among them. The difference is very small. 

Now when we next look at the people whose application is funded directly or 

after revision of the underwriters we see quite a difference. 13,15 % of the 

directly funded people are bad and only 3,84 % of the loans approved after 

revision of the application are bad. See table 7. 

Table 7: Effect of New offer made on probability of default 

New Offer 
Made 

Borrowers 
Payment 

behind 60 days 
or more 

(%) 
Payments 

on time 
(%) 

No 
 

2054 270 13,15 % 1784 86.85% 

Yes   625 24 3,84 % 601 96,16 % 

Total/Average 2679 294  10,97 %  2385 89,03 % 

 

Next taking a look at table 8 we can see that the proportion of bad borrowers 

varies between different uses for loan. People using loans for travelling seem 

to be least likely to be bad. Only 5,08 % of them are bad. People using loan 

for education or vehicles are most likely to be bad with percentages of 17,07 

and 14,58, respectively. 
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Table 8: Effect of Use of loan on probability of default 

Use of loan Borrowers 
Payment 
behind 60 

days or more 
(%) 

Payments 
on time 

(%) 

Loan 
consolidation 1242 

120 9,66 % 1122 90,34 % 

Real estate 60 7 11,67 % 53 88,33 % 
Home 
improvement 435 58 13,33 % 377 86,67 % 

Business 84 6 7,14 % 78 92,86 % 

Education 41 7 17,07 % 34 82,93 % 

Travel 
 

59 3 5,08 % 56 94,92 % 

Vehicle 
 

295 43 14,58 % 252 85,42 % 

Other 
 

392 44 11,22 % 348 88,78 % 

Health 
 

71 6 8,45 % 65 91,55 % 

Total/Average 2679 294 10,97 % 2385  89,03 % 

 

Next we present the SOM after forming up the groups. Grouping is done 

purely optically by grouping similar colored and close to each other positioned 

nodes together and after grouping the winner nodes in the each group are 

determined and their qualities observed. After the observation of the qualities 

of the winner nodes we look how many of the borrowers in each group are 

bad. There are 19 groups altogether. The groups are formed based on the 

connective factors meaning that group have some similar characteristics. 

Reason for dividing people to so many groups is that if we only had three to 

five groups of people the people in specific group are not any more that 

similar to each other. See figure 24. 
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Figure 24: Self-organizing map of peer to peer borrowers and numbered 

groups 

First group is group of married or cohabitant Estonians  who have applied 

loan to consolidate existing loans. Loans are applied on Mondays or 

Tuesdays and the loan application has been accepted without revision. This 

group own or co-own their home. Also timed funding is the application type 
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this group had chosen. There were 11 borrowers that qualified for the group 

and two out of them were 2 months or more behind their payments. So 

18,18% of this group were bad. 

Second group is very similar to first group. Only difference is that they are 

seeking loans for other things than loan consolidation. Twenty two borrowers 

belonged this group and only one of them was bad. So 4,55 per cent of this 

group were bad. 

Third group are also Estonian married or cohabitant home owners who seek 

for loan consolidation. They have chosen the quick funding application type 

and their occupation is one of the 19 occupation areas excluding the “Other” 

occupation area. Eighty one of the borrowers qualified for this group and 

fourteen of them were two months or more behind in their payments 

indicating that 17,28 per cent of the borrowers were bad. 

The fourth group consists of Estonian home owners that are seeking loans for 

education, travel or vehicle. They have chosen quick funding and their 

occupation is one of the 19 listed excluding the “Other”. As every group this 

far they also their application has been funded without revision. Total of thirty 

five of the borrowers in the data belonged to this group and only two of them 

was bad. So 5,71 per cent of this group was defined as bad. 

The fifth group is like the fourth group in sense that they are also Estonian 

home owners seeking loan for education, travel or vehicle with application 

funded without revision and funding type quick funding. Difference arises from 

that people in this group have reported their occupation to be “Other” and 

these are married or cohabitants. Only four borrowers qualified for this group 

and two of them were bad. So fifty per cent of this group was bad. Group is 

so small that inferences could not be made from here. 

The sixth group is also applying loan for education, travel or vehicular 

expenses. They have chosen quick funding and got funding without revision 
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of the application. They are married or cohabitants with basic or vocational 

education. Thirty two of the borrowers belonged to this group and eight of 

them were two months or more behind with payments. So 25% of this group 

were bad. 

The seventh group are Estonians with secondary or higher education. They 

are seeking loans for all purposes excluding loan consolidation. Their 

occupation is one of the 19 listed excluding the “Other”. Their application is 

funded without revision. 966 borrowers belonged this group and 121 of them 

were bad. So 12,53% of them were bad. 

Group number eight consists of Estonians that have used quick funding and 

got funded without revision of the application and they are seeking loan 

consolidation. Their occupation is one of the nineteen excluding the “Other”. 

491 of the borrowers belonged this group and 68 of them were behind two 

months or more with their payments. Thus 13,85 % of this group were bad. 

The ninth group are married Estonians with secondary education seeking for 

vehicular loans or loan for traveling. They have chosen quick funding and 

they work in construction or info & telecom sector. Eight borrowers qualified to 

this group and none of them were bad. So they are 100% good. 

The tenth group are once again married or cohabitant Estonians who seek 

loan for vehicle or travel. They have chosen timed funding and they have got 

funding after revision of the application. There were only two borrowers in this 

group, both of them good. 

Group eleven married Estonians with quick funding application and they have 

got funding directly without revision of the application. Three hundred and five 

of the borrowers belonged this group and 34 of them were bad. So 11,15% of 

this group were bad. Difference with general population in the data is very 

small. Probably due to general connecting characteristics of the borrowers. 
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Group twelve consists of married or cohabitant Estonians who apply loans for 

loan consolidation. Their occupation is one of the 19 excluding the “Other”. 

Their loan has been funded after revision of the original application. 151 

borrowers qualified for this group and only 2 of them were two months or 

more behind with their payments. So only 1,32% of this group were bad. 

The group thirteen include people with all languages and vocational, 

secondary or higher education. They have chosen quick funding and the 

connecting factor here in addition is the high loan amount. Loan amounts vary 

between 4500 and 10 000 euro. There were 99 people in this group and only 

three of them were bad indicating  percentage of 3,03 of bad borrowers. 

The fourteenth group are married Estonians seeking for loan consolidation. 

Their application is funded after revision. 56 of the borrowers qualified to this 

group and none of them were bad. 100 % of the people in this group are good 

borrowers. 

The Fifteenth group are Estonian home owners who seek for loan 

consolidation. Their occupation is “Other” and they have chosen  quick 

funding and got funding after revision of the application. Twenty four of the 

borrowers belong to this group and they are all good. 100 % of these 

borrowers are good borrowers. 

The sixteenth group are other nationalities than Estonians applying for loan to 

consolidate their existing loans. They are home owners and their occupation 

is “Other”. Their application is funded after revision. Only 11 borrowers belong 

this group and one of them is bad. 

The seventeenth group consists of low educated Estonians that are seeking 

loan consolidation. Their occupation is “Other” and their loan is approved 

after revision of the original application. There were only 9 borrowers and all 

of them were good. 
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The eighteenth group are young married Estonian adults with basic or 

vocational education that are seeking loan consolidation. Loans are typically 

very small. They own their own house and used the quick funding. There are 

21 people in this group. Zero of them have defaulted. 

The nineteenth group is also young married Estonian adults with basic or 

vocational adults seeking for loan consolidation with low loan amount. This 

group are home owners or homeless. Difference with group eighteen is that 

loan amounts are slightly bigger. Nineteen people qualified for this group and 

only one of them is bad.  

Here we summarize the results in the table 9. Based on these results people 

in groups one, three, five, six, seven, eight and eleven are more prone to 

default than people on average. 
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Table 9: Groups, percentages of bad borrowers and number of people 

qualified in them  

  

Percentage of bad 
borrowers 

Number of people in the group 

Group 1 18,18 % 11 

Group 2 4,55 % 22 
81 Group 3 17,28 % 

Group 4 5,71 % 35 

Group 5 50 % 4 

Group 6 25 % 32 

Group 7 12,53 % 966 

Group 8 13,85 % 491 

Group 9 0 % 8 

Group 10 0 % 2 

Group 11 11,15 % 305 

Group 12 1,32 % 151 

Group 13 3,03 % 99 

Group 14 0,00 % 56 

Group 15 0,00 % 24 

Group 16 9,09 % 11 

Group 17 0,00 % 9 

Group 18 0,00 % 21 

Group 19 5,26 % 19 

 

On the other hand groups two, four, nine, ten, twelve, thirteen, fourteen, 

fifteen, sixteen, seventeen, eighteen and nineteen seem to have people less 

likely to default than on average. 
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7. CONCLUSIONS 

In this study we use self-organizing maps to explore the data of peer to peer 

borrowers. Purpose is to find characteristics or qualities in people that make 

them more or less prone to default on their loan. We are also using self-

organizing map to form groups of people with similar characteristics. We pose 

three research questions:  

 Are all the peer to peer borrowers bad?  

 Are there characteristics in the borrowers that make them more likely 

to be good or bad?  

 Are there latent combinations of characteristics or qualities that 

distinguish bad and good borrowers from each others? 

We found that obviously not all the peer to peer lenders are bad. Only 10,97 

per cent of all the borrowers were two months or more behind their payments. 

We also found that people funded with revised application are very likely not 

to be bad. Only 3,84 % of the people funded with revised application were 

bad. Another thing our results suggest is that people using loans for travel, 

business and health are less likely to default. People using loans to education 

or vehicle are most likely to default on their loans. There are also 

combinations of characteristics among borrowers that make group more or 

less likely to default. 

By taking into account the small sizes of the groups established earlier we 

conclude that groups three, seven, eight and eleven should be avoided when 

considering investment in peer to peer loans. On the other hand groups 

twelve, thirteen and fourteen seem very good investments. Other groups are 

so small that conclusions are not meaningful. 
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7.1 Limitations and further research 

There are few limitations in this study that should be considered before 

generalizing these results. All of the following limitations concern amount of 

data. The data used in this study had only 2679 borrowers that had been 

issued two months before date of the collection of the data. With larger data 

set the results of the self-organizing map would be more reliable. Also smaller 

data leaves more room for interpretation and thus reduces the accuracy of 

the results. 

Since the data is quite small the grouping of the people could have been 

done emphasizing that each group should have enough observations to get 

stronger and more meaningful results. On the other hand smaller number of 

groups reduce the similarity of the group. More difference among the group 

causes convergence towards average number and interesting but not  

necessarily generalizable results could have got lost. 

To tackle the grouping problem less variables could have been used to get 

stronger partition to the map. Smaller number of variables make observation 

more likely to be categorized in one specific group instead of being in the 

verge of belonging three different groups. On the other hand this approach 

also leads to failure in finding possibly the most interesting groups. 

It should also be noted that most of the loans in the data were not matured 

when data was collected. That implies that if at the time data was collected 

only 10,97% were two months or more behind their payments the real 

percentage of defaulted loans is very likely to be higher than that when all the 

loans have matured. 

 

 

http://m.ilmainensanakirja.fi/sanakirja_englanti-suomi/generalizable
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For further research it would be interesting to see the if the best and the worst 

performing groups hold with larger set of data. Also it would be interesting to 

study how portfolio of peer to peer loans chosen based on these results 

would perform in a sense of annualized return. Comparison of peer to peer 

lending returns to the performance of stock markets would be intriguing. 
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APPENDICES 

Appendix 1. Legends for the data set       

Variable     Description       
loan_id An unique number given to all loan applications 
LoanDate Date of the loan 

   

TwoMonthsFromFirstPayment 

Have 2 months passed from the date of first scheduled 
payment. A loan can default only after this period 
passed. 
0 No 

    1 Yes 
    ApplicationSignedHour Hour of signing the loan application 

 ApplicationSignedWeekday Weekday of signing the loan application 
 

language_code 

1 Estonian 
   2 English 

    3 Russian 
    4 Finnish 
    5 German 
    6 Spanish 
    7 Slovakian 

   Age Age of the borrower (years) 
  

Gender 
0 Male 

    1 Female 
    

Country 

Residency of the borrower 
  1 Estonian 

   2 Finnish 
    3 Spanish 
    

credit_score 

1000 No previous payment problems 
 900 Payment problems finished 24-36 months ago 

800 Payment problems finished 12-24 months ago 
700 Payment problems finished 6-12 months ago 
600 Payments problems finished < 6 months ago 
500 Active payment problems 

  TotalNumDebts Total number of debts ( only available in Estonia) 

TotalMaxDebtMonths 
NumDebtsFinance 

The longest period when loans were in debt (only 
available in Estonia) 
Number of overdue financial agreements (all loans, 
credit cards,  
invoices etc.) (only available in Estonia) 
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Variable     Description       

MaxDebtMonthsFinance 
The longest period when financial agreements were overdue 
(all loans, credit cards, invoices etc.) (only available in 
Estonia) 

NumDebtsTelCo 
Number of overdue telecommunication agreements (only 
available in Estonia) 

MaxDebtMonthsTelCo 
The longest period when telecommunication agreements 
were overdue (only available in Estonia) 

NumDebtsOther 
Number of overdue other agreements (only available in 
Estonia) 

MaxDebtMonthsOther 
The longest period when other agreements were overdue 
(only available in Estonia) 

AppliedAmount Amount applied 
   FundedAmount Amount the borrower received 

 Interest Final interest rate 
   LoanDuration Duration of the loan 

  County County of the borrower 
  City City of the borrower 
  UseOfLoan 0 Loan consolidation 
  

  
 

1 Real Estate 
   

  
 

2 Home improvement 
  

  
 

3 Business 
   

  
 

4 Education 
   

  
 

5 Travel 
    

  
 

6 Vehicle 
    

  
 

7 Other 
    

  
 

8 Health 
    ApplicationType 1 Timed funding (loan will be paid out after 5 days) 

  
 

2 Quick funding (loan will be paid out as soon as the amount 
is full) 

education_id 1 Primary education 
   

  
 

2 Basic education 
   

  
 

3 Vocational education 
  

  
 

4 Secondary education 
  

  
 

5 Higher education 
   marital_status_id 1 Married 

    
   

2 Cohabitant 
   

   
3 Single 

    

 

4 Divorced 
5 Widow       
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Variable     Description     

nr_of_dependants 
 

Number of children or other dependants 
employment_status_id 1 Unemployed 

  
   

2 Partially employed 
 

   
3 Fully employed 

  
   

4 Self-employed 
  

   
5 Entrepreneur 

  

   
6 Retiree 

   Employment_Duration_Current_Employer_
m 

Employment time with the current 
employer (months) 

work_experience 
 

Work experience in total (months) 
Occupation area 

 
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 

home_ownership_type 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   
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Variable     Description     

income_from_principal_employer 
 

Salary 
IncomeFromPension Pension 

  IncomeFromFamilyAllowance 
  

Family allowance 
 IncomeFromSocialWelfare 

  
Social welfare 

  IncomeFromLeavePay 
  

Leave pay 
  IncomeFromChildSupport 

  
Child support 

  Income_other 
  

Other income 
   Income_total Total income 

TotalMonthlyLiabilities 
 

Total monthly liabilities 
DebtToIncome 

 
Debt to income ratio % 

   NewLoanMonthlyPayment 
  

New loan monthly payment 
   AppliedAmountToIncome 

  
Applied amount to income % 

  FreeCash 
  

Free cash monthly liabilities 
   LiabilitiesToIncome 

  
Liabilities to income % 

   NewPaymentsToIncome 
  

New payments to income % 
  

NoOfPreviousApplications 
  

Number of previous 
applications 

 
AmountOfPreviousApplications 

  

Amount of previous 
applications 

 
NoOfPreviousLoans 

  

Number of previous 
loans 

 
AmountOfPreviousLoans 

  

Value of previous 
loans 

  NoOfInvestments 
  

Number of investments 
 

AmountOfInvestments 
  

Amount of 
investments 

  NoOfBids 
  

Number of bids 
  AmountOfBids 

  
Amount of bids 

  PreviousRepayments 
  

Previous repayments 
 

PreviousLateFeesPaid 
  

Previous late fees 
paid 

  
PreviousEarlyRepayments 

  

Previous early 
repayments 

 NewOfferMade 
  

0 No 
 

   
1 Yes 

HasExtendedSchedule 0 No 
  

   
1 Yes 

   InDebt1Day 
  

0 No 
 

   
1 Yes 
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Variable     Description     

InDebt14Day 
 

0 No 

 
1 Yes 

  InDebt30Day 
  

0 No 
 

   
1 Yes  

  InDebt60Day 
  

0 No 
  

   
1 Yes 

  

DefaultedOnDay 
  

The number of 
days it took to 
go default 

   
AD 

Actual default, missing three 
consequitive payments 

EAD1 
 

Exposure at default, principal 
balance at default 

EAD2 
 

Exposure at default, loan 
amount less all payments 
prior to default 

   

Recovery 
  

Recovery after default 
including interest and 
penalty payments 

   

    
  

 


