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Research regarding crowdlending has previously focused on analysing the industry’s 

regulation and risks. From an investor’s point of view there is no academical research that 

provides information about the investment process or portfolio building in a crowdlending 

context. In addition, crowdlending platforms might not have the quantitative knowledge to 

consult their clients on portfolio management. Similar studies to this have been written about 

the public markets, which act as a benchmark for this research as well. This study looks to 

fill a gap in crowdlending by providing information on the number of assets investors should 

hold in their crowdlending portfolio.  

Main objective of this research is to find a minimum sized portfolio that investor should hold 

to achieve a diversified portfolio. To this objective a simulation model was created using the 

discrete-event simulation method. Simulations have been used widely in finance, but 

discrete-event simulation has been more popular in other industries like manufacturing. This 

complex system of crowdlending portfolio that changes constantly created a unique 

opportunity to implement a discrete-event simulation. The model in this study simulated 

portfolios of different sizes from 2 loans up to 150 over a five-year-period using a dataset 

consisting of loans disbursed from a Finnish crowdlending platform.  

Simulation output consists of total returns of portfolios, which were analyzed using statistical 

metrics that include mean, median, standard deviation, absolute median deviation, skewness, 

and kurtosis. In addition, Sharpe ratio was used as performance metric to represent the 

relationship risk and return. Skewness and kurtosis suggest that to achieve a diversified 

portfolio investor should have at least 30 to 40 loans in their portfolio. Standard deviation 

and absolute median deviation on the other hand show that diversified portfolios are 

achieved when a portfolio size of 60 is acquired. Research found that with range of 30 to 60 

loans crowdlending investor is able to achieve most of the achievable diversification 

benefits. Although, results found that if investor selects a portfolio with mentioned minimum 

sizes, there is still much untapped potential left out by not increasing the portfolio size 

further. Findings are similar with research about bonds but are the first results from the 

crowdlending industry, which contribute to the gap that has been left in academical literature. 
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Joukkolainosta tehdyt tutkimukset ovat yleisesti keskittyneet tutkimaan alan riskejä ja 

sääntelyä. Sijoittajan näkökulmasta ei ole kirjoitettu tutkimuksia joukkolainojen 

kontekstissa, jotka käsittelisivät portfolion rakentamista tai tukisivat sijoitusprosessissa. 

Lisäksi joukkolaina-alustoilla ei välttämättä ole antaa kvantitatiivista tietoa asiakkaalle 

liittyen lainojen määrään portfoliossa. Portfolion kokoon liittyviä tutkimuksia on tehty 

julkisilta markkinoilta, mitkä toimivat vertailukohtana tälle työlle. Tämä tutkimus pyrkii 

täyttämään aukkoa akateemisessa kirjallisuudessa joukkolainoihin liittyen tutkimalla 

lainojen määrän vaikutusta portfoliossa. 

Työn päätavoitteena on löytää minimi portfolion koko, jolla sijoittaja pystyy saavuttamaan 

hajautetun portfolio hajautushyödyt. Tavoitteen saavuttamiseksi mallinnusta varten 

rakennettiin simulaatio malli käyttäen diskreettiä tapahtumapohjaista simulaatiota. 

Simulaatioita on käytetty usein rahoitukseen liittyvissä tutkimuksissa, mutta tämän tyylistä 

simulaatiota on käytetty usein esimerkiksi teollisuuden sovelluksissa. Joukkolainojen 

moniosainen järjestelmä loi uniikin tilaisuuden käyttää tätä simulaatiotapaa ongelman 

ratkaisemisessa. Luotu malli simuloi eri kokoisia lainaportfolioita 2 lainasta 150 lainaan asti 

viiden vuoden ajan käyttäen dataa, joka on kerätty suomalaisen joukkolaina-alustan 

välittämistä lainoista noin viimeisen neljän vuoden ajalta. 

Simulaation tuloksena saatiin portfolioiden kokonaistuotot, joita analysoitiin tilastollisilla 

mittareilla kuten keskiarvolla, mediaanilla keskihajonnalla, absoluuttisella mediaani 

hajonnalla, vinoumalla ja kurtoosilla. Lisäksi Sharpen lukua käytettiin kuvaamaan 

portfolioiden riskin ja tuoton välistä suhdetta. Vinous ja kurtoosi osoittavat, että minimi koko 

portfoliolle saavutetaan noin 30–40 lainalla. Keskihajonta ja absoluuttinen mediaani 

jakauma puolestaan saavuttavat minimiportfolion vasta 60 lainalla. Tutkimus osoittaa, että 

sijottaja saavuttaa hajautushyödyt suurimmaksi osaksi pitämällä vähintään 30–60 lainaa 

portfoliossa. Toisaalta tulokset osoittavat, että sijoittajan tyytyessä mainitun kokoisiin 

minimiportfoliohin jää huomattavia hajautushyötyjä tuottojen sekä riskien puolesta 

saavuttamatta. Tulokset ovat osittain linjassa julkisten markkinoiden tutkimusten kanssa ja 

antavat merkittävää informaatiota sijoittajille ja akateemiselle kirjallisuudelle.  
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1. Introduction 

Crowdlending as an industry is still very much in a growing stage and many researchers have 

recognized that more studies should be conducted so researchers and consumers could be 

more knowledgeable about the industry (Ziegler and Shneor, 2020; Kirby and Worner, 

2014). For investors, there are only marginal information sources about the subject and many 

of them are offered by an independent counterparty or crowdlending service provider. With 

these in mind this study’s objective is to provide information on the investment process in 

the context of crowdlending. This is done by simulating returns utilizing discrete-event 

simulation that can produce simulations of dynamic complex systems like a crowdlending 

portfolio.  

1.1 Background and motivations  

Crowdlending is referred to when large group of individuals or companies offer credit 

financing to one or multiple projects. This method characteristic to the 21st century, has been 

growing at significant pace globally as well as domestically in Finland in recent years. 

Globally, market size of alternative financing for businesses was 82 billion dollars in 2018 

(Ziegler et al., 2020). In Europe the total alternative finance markets grew to 18 billion 

dollars in 2018, which meant an increase of 52% from 2017. According to the Bank of 

Finland the total crowdfunding market grew from 246,7 million euros in 2016 to 329,9 

million euros in 2019 (Suomen Pankki, 2021). Of the total amount 124,1 million in 2019 

consisted of loan-based crowdfunding. In this context, loan-based crowdfunding refers to 

debt that is held by corporations and not by consumers like in peer-to-peer lending or 

consumer credit. Growth of the crowdlending industry has been driven largely by increasing 

bank regulation after the financial crisis, which has decreased the ability of firms to receive 

credit financing (European Central Bank (ECB), 2021). Modern bank regulation in EU relies 

largely on Basel 3 framework that aims to increase the minimum capital requirements of 

banks and decrease the overall risks of bank assets (Bank for International Settlements (BIS), 

2017). These changes in the financing landscapes have driven especially the SMEs to seek 

financing from alternative sources.  
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From an investors point of view, the current environment where bond yields are low 

crowdlending offers interesting and attractive options for individual and institutional 

investors alike. In the past, direct investments with debt to non-public corporations where 

realistically available to only institutional investors through large private debt funds. This 

has changed with the introduction of modern platforms that connect private borrowers and 

lenders. In addition, investors can gain exposure to private debt assets with investments as 

low as one euro. Combination of simple platforms in combination with data management 

and technological advances in transferring funds have been essential part in the fast growth 

of the industry.  

With the growth of the recent FinTech industry, academic literature has been developing a 

growing interest in understanding the crowdlending scene. Although, many studies have 

been written about different aspects of crowdlending, there are still many areas that are not 

completely understood. Additionally, the number of studies does not reflect the popularity 

of the industry. Crowdlending can be roughly divided into two areas: business and consumer 

crowdlending, the former meaning investors financing SMEs or corporations and the latter 

is defined by investors lending to individuals. Zigler and Shneor (2020) suggest that more 

studies should be conducted about the whole industry. Furthermore, they have noticed that 

business crowdlending has received less attention compared to consumer crowdlending and 

propose that more research should be conducted on this area.  

Overall lack of academical research and reports have created a situation where investors, be 

it private or institutional, have only limited amount of knowledge and tools they can apply 

to their crowdlending investment process and decision making. Crowdlending assets have 

many differences to stocks and bonds in terms of risk, maturity, and returns, which makes 

portfolio building even more important to achieve the optimal results. One of the most 

fundamental questions when building a portfolio is how many assets should be added to the 

portfolio. This question is derived from the problem or even more so from the benefits of 

diversification. Like with any investment, investor should brace to possibly lose the whole 

sum of money that was invested. If investor only holds one asset, the likelihood of losing the 

total sum is relatively large. But when number of assets are increased in the portfolio the 

likelihood of losing everything is lower as the risk has been diversified between the assets. 

Diversification has been studied quite extensively in the past by the likes of Markowitz 

(1952), Evans and Archer (1968) and Dbouk and Kryzanowski (2009) and commonly the 
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objective in these studies has been to find out the number of assets that provides a diversified 

portfolio. Similar studies have yet to reach crowdlending and is one of the main motivations 

behind this research.  

In addition to the overall lack of studies and knowledge of the investment process, there was 

interest from the platform that provided the data to gain better understanding of their product. 

With more knowledge on how many loans should initially be added to the portfolio provides 

the platform with better tools and quantitative knowledge to consult their clients. By 

providing the best possible information to their clients, they can possibly have positive 

effects in the long term as more clients have their portfolios optimized for risk and return. 

Optimal returns can create positive feedback from current clients which in return can yield 

more clients in the future.  

1.2 Objectives  

This study focuses on diversification benefits of business crowdlending portfolios consisted 

of Finnish SMEs. Main objective is to find a point where adding loans to an existing loan 

portfolio does not significantly increase the benefits of diversification. This information 

should tell how fast the benefits of diversification diminish.  

Additionally to the main objective, this study targets to provide more information of 

investing into business- and crowdlending. This is achieved through results that hopefully 

provide insights investors on how different strategy can affect the returns of the portfolio as 

well as by providing information on the industry through reports and academical literature. 

On the other hand, for the companies providing these securities this study hopes to provide 

more insight on how their products behaves, which could help them in improving 

communication of their product to (potential) customers. In addition, chapter 2 provides 

information on different types of platform types and how crowdlending is positioned within 

the investment asset spectrum. 

With these objectives in mind, main- and sub-research questions were defined. Main 

question remains as the main theme throughout this study, while sub-research question 

provides support for the main question.   

Main research question is derived from the objectives of the study as well as from previous 

studies concerning studies of diversification. Minimum sizes for portfolios are important to 
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find, as adding more assets to a portfolio can increase costs in terms of money and time. On 

the other hand, having too small portfolio in terms of diversification can create negative 

results to the investors as risks are not as reduced as they could be with increasing portfolio 

size.  

Main research question:  

What is the minimum number of assets investor should have to achieve a diversified 

portfolio? 

Sub-research question:  

Do higher risk portfolios generate higher returns?  

The sub-research question is closely related to the main research question. In financial theory 

risk and return are closely tied together. In addition, with diversification investor should be 

able to lower their risk level, which should in theory generate lower returns as well. Main 

research-question is looking to find the optimal portfolio size, but it does not take necessarily 

take relative performance into consideration. Therefore sub-research question tries to find 

differences in performance of changing levels of diversification. Hopefully the answers to 

sub-research question provides insights and support to the minimum portfolio size in terms 

of relative performance.  

In addition to research questions, hypothesizes are established that reflect the assumptions 

prior to analyzing the results of this study. Studies by Markowitz (1952), Evans and Archer 

(1968), Reilly and Joehnk (1976), McEnally and Boardman (1979), and Dbouk and 

Kryzanowski (2009) have shown that diversification by addition of assets in a portfolio 

lowers the risk profile of a portfolio. Reflecting on these results that were conducted in the 

stock and bond markets it is assumed that crowdlending assets behave similarly or closely 

to bond and stock markets in terms of diversification. Hence, hypothesis 1 is defined as:  

Increasing the number of assets decreases the risk of a crowdlending loan portfolio. 

Crowdlending differs by nature from stock markets. In theory, stock or equity holders have 

infinite return potential as there are no maximum profits set for them. On the other hand, 

credit assets have a maximum profit that is defined by the interest rate. Although some credit 

assets have floating interest rates, most of crowdlending products comprise of fixed interest 

rates. Not taking extra fees like late-payment fees or early-repayment fees into consideration, 
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investor is aware of future cash flows of the asset. Hence, by not diversifying one’s 

investments in crowdlending investor might only hold unnecessarily risky portfolio without 

having any larger upside to their investment. Hence, hypothesis 2 in this study is defined as:  

Portfolios with smaller portfolio sizes do not yield constantly higher returns compared to 

portfolios with larger number of assets.  

These hypothesizes are discussed and reflected on in chapter six when results are analyzed. 

Hypothesis one is tied closely to main research question because if hypothesis one is rejected 

by results, investor would have no need to diversify at all. Second hypothesis is tied to the 

sub-research question. Due to reasons given in previous paragraph smaller portfolios should 

not be able to generate constantly higher returns.  

1.3 Framework & Limitations 

This study revolves around marketplace lending securities. Like previously mentioned, the 

objective is to measure diminishing returns of diversification and how an investor should 

diversify into to crowdlending business loans. This part of the study defines the framework 

and limitations for the study.  

What comes to debt, there are different entities that can borrow money. Generally, those are 

either corporations or individuals. Lending-based crowdfunding, sometimes called as peer-

to-peer lending (P2P), is where investors finance individual borrowers needs like financing 

a car, home improvement or maybe a wedding (Shneor,  Zhao and Flåten, 2019). Borrower 

could be either an individual or an enterprise. Especially after the financial crisis, P2P 

lending extended to financing enterprises as well. In articles and academic literature, P2P 

lending is usually an umbrella term for all kind of debt financing that is performed by a large 

group of individuals. However, lending to individual or an enterprise is vastly different even 

in terms of scale and risks so putting them into the same category is somewhat incorrect. 

Credit process differs largely between individuals and corporations, and it is important to 

realize which of these assets an investor chooses. This study focuses only on business 

crowdlending, or peer-to-peer business lending.  
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The framework of this study is shown in Figure 1. Orange color represents the main areas of 

focus in this study. Figure 1 presents the main classification within crowdfunding and 

different types of crowdlending. As presented in figure 1, debt crowdfunding can be 

separated into two categories. In some literature, real-estate or property crowdlending has 

been separated to their own category as well, but in this framework it is included to peer-to-

peer consumer lending or – business lending depending on the debt holder. Within the 

dataset of this study there are some loans that have been used for real-estate development, 

therefore it makes sense to include them peer-to-peer business lending category. On the other 

hand there were not enough of real-estate instances so that it could have been separated to 

its own category. Figure 1 also includes the private side of the market, which can be 

separated into private equity and private debt. This study will not take private equity in 

consideration but will extend loosely to the private debt side. Study revolves loosely to 

private debt platforms as their business models are similar with peer-to-peer business lending 

intermediaries. Debt side of private markets will be discussed more specifically in chapter 2 

and provide examples on developments of the private debt industry. 

Dataset that is used in this study consists of loans that were disbursed from a business 

crowdlending platform. Platform in question provides loans that are financed entirely by the 

borrowers. In addition, the nature and objectives of the debt cannot be distinguished in terms 

of what the debt is used for. Due to this characteristic of the dataset, some debt types are 

outside of the boundaries of this study. These include debt securities like balance sheet 

lending and direct receivables lending are not under focus. Although, some loans in the 

Private markets

Private debt

Private debt 
funds

Private debt 
platforms

Private equity

Crowdfunding

Debt 
crowdfunding 

Peer-to-peer 
consumer 

lending

Peer-to-peer 
business 
lending

Equity 
crowdfunding

Rewards-based 
crowdfunding

Donation-based 
crowdfunding

Figure 1. Framework of the themes in the study  
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dataset could have been imbursed to finance receivables, the exact number cannot be 

defined. In line with previous definitions, peer-to-peer consumer lending will also be left out 

of consideration as the dataset does not consist of any peer-to-peer consumer loans.  

This study is also limited by previous studies in the field of business crowdlending. Although 

support will be received from similar studies conducted in the field of bonds and stock 

market, the results of this study cannot be directly compared to anything in the field of P2P 

business lending.  

Data originates from a single platform, which creates a unique setting for a study as there 

can be dissimilarities between different platforms for example in how interest rates are 

calculated and paid to investors. Modeling investments in this environment requires a custom 

model as there was no existing model created about crowdlending portfolios. To get all 

aspects of the crowdlending portfolios into the model expert knowledge about the subject is 

also required. For these reasons, discrete-event simulation is used to create a simulation that 

functions as close to the real-life equivalent of investing to crowdlending loans in the dataset 

and hence is the method used in this study as well. Discrete-event simulation lets the user to 

create a program that can be tailored to the needs of this study. In addition, following aspects 

were considered when deciding the methodology for this study. 

• Crowdlending portfolios are dynamic and evolve over time at discrete time frames. 

• Crowdlending portfolio is complex system that has many entities or loans that each 

have their own attributes.  

• Data provided does not exhibit normal distribution in any variables, which requires 

methods introduced with discrete-event simulation to create samples for the model 

As discrete-event simulation is best used to model complex systems it was a natural choice 

to use in this study. Of other simulation options, Monte-Carlo simulation does not take aspect 

of time into consideration as well as discrete-event simulation and continuous-event 

simulation could have not been used due to the discrete nature of the dataset used in this 

study. Choice of discrete-event simulation does create limitations and to keep the main 

research objectives in focus, discrete-event simulation does cut some corners in some 

features to keep the code and the model simpler. Limitations and specifics of discrete-event 

simulation will be discussed in detail in section 5.2.1. 
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1.4 Structure of the study 

First chapter has presented the main topics and research problems. Background and 

motivations to conduct this study were also discussed. In addition, it introduced the themes 

of this study. Second chapter expands on the main themes of private debt and crowdlending. 

It defines the differences between crowdfunding assets, and it discusses crowdlending 

markets and the differences between platforms. Additionally, previous studies conducted of 

crowdlending are discussed and the gaps that have been left in to the academical literature. 

Third chapter discusses diversification in the context of debt securities and how it has been 

measured in past studies. Moreover, third chapter presents how diversification can be 

measured. In fourth chapter discussion revolves around risks of crowdlending and how they 

can be measured, while keeping emphasis on how risks are measured in this study. In the 

fifth chapter the data of this study is introduced with how it was manipulated to fit the 

simulation. Fifth chapter also presents the methodology and its limitations including how 

the simulation was created. Finally in chapter six results of the study are presented and 

analyzed in detail. In the last chapter results and the study’s objectives and results will be 

discussed with its shortcomings.   
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2. Crowdlending  

This chapter provides definitions for the themes in this study. Crowdlending can easily be 

misunderstood with other types of crowdlending methods. Hence, the first section of this 

chapter focuses on distinguishing crowdlending from the umbrella term crowdfunding. 

When correct definition for crowdlending has been stated, it can be compared to other assets. 

Second section continues to define crowdlending by comparing its characteristics to other 

assets like stock, bonds, and real estate. Third chapter expands on the crowdlending markets 

by analyzing the development of the markets and how crowdlending has achieved the 

position it has today. With the growth of the industry, crowdlending has multiple platforms 

providing investment services. It is important from the investors perspective to understand 

the differences each platform has and what they can expect from various platforms. Goal of 

section four is to provide more information from this point of view. Finally in section five 

the scarce number of studies conducted on crowdlending are discussed with the analysis of 

the gaps that have been left in the academical literature. 

2.1 Crowdfunding versus Crowdlending 

Crowdfunding can have different meanings for different people. For some, it might remind 

them of an innovation they got excited of and financed through Kickstarter and for others it 

might bring back memories of money they lost when they invested in shares of an early start-

up. Crowdfunding has many definitions and in fact it can be separated into different 

subtypes, which could be noticed already from the framework of this study in figure 1. 

European commission defines main types of crowdfunding as: peer-to-peer lending, equity 

crowdfunding, rewards-based crowdfunding, donation-based crowdfunding, profit-sharing, 

debt-securities crowdfunding and hybrid models that combine different types of 

crowdfunding (European Commission, 2017). In academics, Mollick (2014) divided 

crowdfunding into four types: crowdlending, equity, reward, and donation crowdfunding. In 

crowdlending investors offer a loan to the borrower, and they expect some rate of return 

from their investments, usually in form of interest payments. In equity crowdfunding, the 

investors get equity or stock of the firm that they invest in. Reward-based is one of the more 

familiar types of crowdfunding. In this type, the funders get some type of reward or 
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compensation which is non-monetary. Being credited in the movie, getting inside look at 

production facilities or maybe getting the early prototype of the product are good examples 

of this category. The fourth subset of donation crowdfunding, funders become 

philanthropists and expect no favors or return for their investment. Similar categories for 

crowdfunding have been used in reports by Belleflamme, Lambert and Schwienbacher 

(2014) and Ziegler, Shneor, Wenzlaff et al. (2019). Like mentioned in previous chapter, this 

study focuses on crowdlending and more specifically lending for SMEs which are by 

European commission’s definition closest to debt-securities crowdfunding.    

All in all, crowdfunding is an umbrella term that defines various ways to finance projects. 

Some projects might offer actual returns to investors, and some can offer other ways of 

compensation. Hence, every subtype of crowdfunding cannot be considered investments as 

they do not offer monetary returns for the financier. Therefore these categories cannot be 

defined as an asset class either. Although, crowdlending does fit the category of an 

investment as it has the same characteristics as traditional loan or bond, even though the loan 

amounts and amount of investors differ from them. 

2.2 Asset classes; Crowdlending, Private debt & Alternative investments  

Choosing how investments are allocated between different asset classes is one of the most 

important and oldest questions in investing. This is true for professionals and consumers 

alike. There are different definitions for what an asset class is, mostly depending on how 

broadly or narrowly one likes to define it. According to Lumholdt (2018), generally assets 

within an asset class have similar reactions to same factors and they share the same risk and 

return profile. Simply put, assets in same asset class have high correlation in returns and 

lower correlation with assets in other classes. Robert Greer (1997) defines an asset class as 

a set of assets that share fundamental economic similarities which are distinctly different 

from other assets not part of the set. For example, traditional classes like equity, bonds and 

cash have not retained strong correlation between them. Although, the correlation has varied 

over the years and at times bonds and stocks have behaved similarly (Li et al., 2020).  

Alternative investments are generally referred to when a security or an asset does not belong 

either to the class of stocks or bonds by commercial enterprises (Aktia, 2021; CFA Institute, 

2021; Blackrock, 2021). According to Anson (2002), alternative investment classes expand 

the traditional set of classes rather than being a totally separate class. This is true to some 
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extent, as some alternative investments are the same type of assets (equity or debt) but might 

just be exchanged over the counter and not in a public exchange, which brings additional 

risks compared to traditional asset classes. For instance, in crowdlending and private debt, 

both industries and services they offer are related to credit securities, but the packaging is 

different from bonds that are traded publicly every day. Peng and Wang (2020) defined 

traditional investments as assets that can be sold or bought easily at the market and their 

value is known publicly at any given moment. They define traditional investments as public 

equity and public fixed-income securities, and alternative investments include all other 

investment options. Popular alternative investments include hedge funds, private equity, 

private debt, crowdfunding, art, forest, and other commodities. Real estate is usually 

considered as its own asset class and not part of alternative investments due to its unique 

characteristics, but it can be defined as its own asset class.  

Private debt markets have consisted of large funds that directly lend to companies in need of 

credit. These services are usually created for middle market companies and the use cases and 

solutions vary from Mezzanine and direct lending to distressed debt and leveraged buyouts 

(Preqin, 2020). When Mezzanine financing or LBOs are in play, private debt solutions can 

be thought as equity securities as the debt has an option to be changed to shares of equity. 

Middle market does not have a clear definition, but M&A professionals consider it to include 

companies that have a market value ranging from few million dollars up to hundreds of 

millions (Roberts, 2009). From an individual investor’s point of view, private debt funds are 

hard to reach as they are usually offered to either institutions or very wealthy individuals.  

With the combination of digitalization and incremental increases in bank regulation, a new 

lucrative market has opened to the private debt sector. In the report of Arbour Partners from 

2017, they present a new way of offering credit to SMEs: Direct Lending 2.0. This term 

refers to marketplace lenders (or MPLs) that can provide hundreds of loans per year rather 

than 10-20 that traditional private debt funds offer. These marketplaces connect the lenders, 

or investors, that offer credit to the borrowers in need of cash, and they have deployed 

modern tools like big data and analytics to achieve this. With lower transaction costs and 

effortless transportation of data that are a product of web 2.0, MPLs can efficiently produce 

financing for SMEs (Bottiglia and Pichler, 2016). Private debt 2.0 platforms have gotten 

more and more attention in recent years and their business models are getting closer to 

business crowdlending platforms. Borrowers appear to be the same, but the difference 
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between the two types of lenders comes from the investors side. Where in private debt 

investors consist of institutions that invest in millions or billions, in crowdlending anyone 

can invest in SMEs as minimum investments start from as low as one euro. With the help of 

data and analytics, the MPLs are looking to take over some of the market that banks, and 

private debt funds are yet to touch and that is also attracting institutional investors like 

pension funds who are already familiar with the traditional lending of private debt. 

Institutions already represent large portion of the financiers of corporate and consumer credit 

(Newsome, 2017; Arbour Partners, 2017). In the UK institution financed 26% of corporate 

and 32% of private loans, while in the US same figure were 73% and 53% respectively in 

2015 (Zhang et al., 2016). Following the 2015 survey by Zhang et al. (2016) and by 

recreating the same survey in 2017 (Zhang et al., 2018) they found that proportion of 

institutional investments to consumer loans had grown to 39% in consumer lending and 40% 

in P2P corporate lending in the UK. Although direct lending 2.0 (or private debt 2.0) is yet 

to reach academical literature, there are multiple institutions, funds and association that have 

released studies reporting its developments that show the interest large investors have 

towards business crowdlending platforms (Holtland and van Heck, 2019; Arbour Partners, 

2017). Combined with the increasing number of investments that have been completed to 

crowdlending platforms by institutions in Europe and Finland, the gap between private debt 

platforms and crowdlending platforms is looking to shrink as the major difference, the 

investors, are mixing (European Commission, 2020; Fellow Finance, 2019).  

To summarize, crowdlending has developed and sparked interest in recent years and is even 

part of institutional portfolios. It is best to be thought as another type of alternative 

investment class that is not directly tied to traditional assets like stock market and bonds. 

Private debt sector has started to evolve to a more efficient marketplace lending called direct 

lending 2.0, where they can serve more lenders and attract more borrowers at the same time. 

Hence, some private debt middlemen are starting to move closer to crowdlending platforms.  

2.3 Development of crowdlending markets 

One of the first crowdfunding projects is considered to be the funding campaign of the Statue 

of Liberty in the 1880’s (BBC, 2013), where over 100 000 people came together to complete 

the funding of the iconic statue in the Manhattan (Srivastav, 2014). Yet it took well over a 

century until crowdfunding became a household name. Crowdfunding platforms only started 
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to take off in 2006 in the UK, from where it spread to the US and China. Since then, China 

has embraced the power of crowdlending for better or worse (Kirby and Worner, 2014; 

Xiaxiao and Lu, 2013).  

Kirby and Worner (2014) give two main reasons for the rise of crowdfunding platforms in 

the 21st century. First reason is the development of Web 2.0 that refers to the advances and 

change in technology that allows internet users to engage and participate in projects and 

content creation. Essentially, Web 2.0 captures all the main drivers of how modern 

digitalization has changed the way people and corporations consume and create services 

(O'Reilly, 2005). This development has created the technological means for people to meet 

and interact through platforms that compete of consumers’ attention. All crowdfunding 

platforms, including lending, have leveraged this evolution in their favor. The second reason 

was the financial crisis of 2008, which created a void especially on the debt side of capital 

structure. Due to the number of bank failures, more regulation was introduced to the financial 

sector in the form of Basel III framework that aimed to strengthen European banks by 

introducing new capital, leverage, and liquidity requirements (BIS, 2017). Simultaneous 

deleveraging of banks and increased regulation especially affected SMEs after the financial 

crisis, as they are very reliant on bank-credit for their financing needs. ECB (2020) reported 

that between 2009 and 2012 the second most common obstacle for SMEs to conduct business 

(after finding customers) was access to finance. Although access to finance has since 

somewhat recovered it is still among the top difficulties of European SMEs. In addition, 

studies have shown that smaller and younger enterprises in Europe suffered more from the 

credit rationing that occurred during the financial crisis (Iyer et al., 2014). Credit rationing 

occurs when banks are not able to supply the full amount of credit to borrowers or if 

borrowers are not able to get credit at any interest rate, which is usually a product of banks 

lowering their risk profile due to their liquidity problems (Jaffee and Russell, 1976; Stiglitz 

and Weiss, 1981). In principle, bank would rather decrease lending than increase interest 

rates, which should compensate for the additional risk. Shortcomings in financing and 

advances in technology have in combination paved a way for crowdlending platforms to 

offers credit for SMEs without using traditional financial intermediaries.  

Crowdlending has gained popularity at separate pace in different countries but in the overall 

global market is has been growing at a great pace. According to an extensive report by 

Ziegler et al. (2020), from the total market transaction of 304.5 billion dollars in the world 
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(in 2018), 64% was generated from P2P consumer lending while P2P business lending 

contribution was 16.5% at 50 billion dollars, latter being the focus in this study. By total 

market size, China is the world’s number one when it comes to all alternative financing 

solutions with 215.38 billion dollars in transaction volume in 2018. Second and third were 

the United States and United Kingdom with 61 and 10.4 billion in transaction volumes 

respectively. Although, by per capita basis smaller European countries like Latvia, Estonia 

and the Netherlands have achieved top 5 positions after the US and UK. China’s 

development makes a large impact in total market size when comparing different years 

together. From 2017 to 2018 the total transaction value of global P2P business lending fell 

47%, yet with China excluded the growth was over 32%. This can be explained by increased 

regulation in the Chinese P2P markets, mostly due to multiple frauds, pyramid schemes and 

political reasons, that has decreased the number of platforms from 2680 in 2016 down to 

only 343 in 2019 (Gao et al., 2020; Lee, 2020). By excluding the outlier of China, business 

financing held a compound annual growth rate (CAGR) of 36,7% from 2015 to 2018.  

2.4 Different types of lending platforms 

Within the platform business lending playing field there are different types of platforms. 

Differences between the business models and operations form according to regulation and 

principles the platform follows, as well as how the platform wants to identify itself (Kirby 

and Worner, 2014). This chapter takes a closer look at how different platforms are set up 

and how they affect the investors decision to invest in the loans in the platform.  

Kirby and Worner (2014) identify 3 different business models for crowdlending operations. 

First is the Client segregated account model where lenders are matched with individual 

borrower(s) through the platform and the contracts are made between the two with minimal 

participation by the platform. Investors bid in auctions for the loans and some platforms 

might offer automated bidding options. Contracts and clients’ accounts are not in the 

platforms balance sheet, which decreases the risk of losing an investment in the case of 

platform’s failure. In the Notary model, instead of the intermediary issuing the loan (which 

is collected from multiple lenders), a bank originates the loan to the borrower, collects the 

payments and forwards them to the platform, that again distributes it to the investor. In this 

case, the bank approves the loan and after disbursement, sells it to the platform in exchange 

for a principal payment agreed by the platform and the bank (U.S. Government 
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Accountability Office, 2011). This model is mostly unique to the United States. The third 

model is called “Guaranteed” return model in which lenders invest at a fixed rate of return, 

which is guaranteed by the platform acting as an intermediary. In this model the platform 

conducts the credit process and collects the borrowers itself.  

How platforms connect borrowers with lenders depends on the platform and their business 

model (Bachmann et al., 2011). Platforms also differ in terms of how the interest rate of the 

borrower is set. Platforms like prosper.com use an auction to determine the interest rate for 

the loans. With their service, borrowers set a maximum interest rate they are willing to 

accept, and lenders bid on the loans by setting their own minimum interest rate they are 

willing to invest with. (Galloway, 2009). If there is more demand for a loan than needed to 

fund it the services chooses the bids with lowest interest rates. After lowest (interest rate) 

bids have been chosen, the final interest rate for a loan is determined by the interest rate that 

the highest bidder had determined as their minimum interest rate. 

Bachmann et al. (2011) list platforms like smava.de that calculates interest rates for the loans 

using the borrowers' financial and geographical characteristics and investors can choose the 

amount they invest at the given interest rate. Bidding process for the loan ends after the total 

amount for the loan has been gathered since further bids would not make a difference on the 

resulting interest rate. After the loan has been funded, the loan is given to the borrower who 

starts the repaying it according to the terms given in the loan-request. In a book written by 

Dorfleitner et al. (2017) they note that in Germany nowadays almost all crowdlending 

platforms decide the interest rates and investors cannot bid for minimum interest rates. This 

seems to be the case in Finnish platforms as well.  

Online lending platforms generate revenue in different ways but mostly by service fees, 

which they collect from both borrowers and lenders (Klafft, 2008). From borrowers the 

intermediating platforms usually collect a fee of a certain percentage of the loan amount in 

addition with late and failed payment fees. Lenders on the other hand usually pay a service 

fee based on the sum they have invested to individual loans (Bachmann et al., 2011). 
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2.5 Studies conducted on crowdlending  

As mentioned, there is a clear lack of studies and studies written about this subject, but some 

can be found regarding different aspects of crowdlending. This section focuses on those 

studies. 

Large part of the studies conducted of crowdlending platforms have highlighted regulation 

of the industry or analyzed differences between the platforms. Ribeiro-Navarrete et al. 

(2021) studied 59 different crowdlending platforms and tried to identify which factors 

determine the market leaders of the industry. They conclude that image, size, and market 

position play large role in terms of how platform can attract borrowers and lenders. They 

find that metrics like number of investors and lending per investor can change significantly 

on a yearly basis, which can create quick changes in market leadership. In addition, their 

results indicate that crowdlending platforms need to improve communication and 

information shared to their customers. If a platform wishes to survive in a fierce competition 

of platforms, transparency should be a top priority.  

Pignon’s (2017) research highlighted the regulatory situation in Switzerland and how it 

compares to the environment in the US and other European regulatory frameworks. Pignon 

criticizes the Swiss Governments approach of rehauling the crowdlending regulation in 

2015. He suggests more regulation should be applied to protect the financiers and that low 

regulatory environment keeps more and more professional investors out of the crowdlending 

industry. Another research related to regulation is a recent master’s thesis by Fivelsdal and 

Søraas (2021) who studied the differences of credit quality and risk premiums between 

Norway and Sweden. They conclude that Swedish crowdlending platforms have provided 

loans with better credit quality as well as higher risk premiums and they argue that the 

regulatory environment is the main reason for the differences between the neighboring 

countries. They argue that investing limit of 1 million NOK per year to crowdlending keeps 

professional investors away from crowdlending, which leaves the investors to consist of 

mainly retail investors that are not capable of correctly pricing the risk. Although Finland 

does not have similar limits to Norway, if mispricing would be present, the investment 

process in crowdlending should get even more attention. 

Study conducted by Adhami, Gianfrate and Johan (2019) focused on studying the risks and 

returns in European crowdlending platforms. Their motivations were derived from the fast 
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growth of the industry, which might have created pricing mismatches in terms of risk and 

return of crowdlending products. Similarly to this study, their dataset consisted exclusively 

of loans that were issued to companies and not individuals. Using deal-per-deal information 

of 68 platforms and 4130 individual loans, they find that risks and return are on average 

inversely connected. They imply that some of this effect might be caused by bounded 

rationality, which might be caused by information asymmetry between the lenders, 

borrowers, and the platforms. Although, some of this might be caused by lenders non-profit 

intentions of financing SMEs and not only earning a profit. Adhami et al. trace largest risks 

to the credit process conducted by the platform and regulation but suggest that more studies 

should be done regarding pricing the risk in the platforms.   

Crowdlending risks and regulation were studied extensively by Ahern in 2018. He focuses 

on the environment in the EU and his main concern is that without a proper EU framework 

for crowdlending the platform operators can avoid some regulatory functions like MiFID. In 

addition Ahern states that many platforms don’t qualify as credit institutions and are hence 

left under the given Member States regulation which might or might not cover crowdlending. 

What comes to regulation, he suggests that EU should provide a proper framework to avoid, 

what he calls a regulatory arbitrage. Ahern lists risks of investing into crowdlending 

products, which are in line with the risks listed in this study in sections 4.1 – 4.4. These 

include credit risk, due diligence risk and risks related to the platform providing the loans. 

Ahern discusses that it is common for the investors to not be able to get detailed information 

on the provided loans like financial statements or details on the credit process conducted by 

the platform. This creates information asymmetry and Ahern suggests that in practice the 

best practice for crowdlending investors to manage their risks is to diversify their portfolios.  

Research by Mach, Carter, and Slattery (2014) studied data provided by the platform 

Lending club in the United States. Their focus was on finding out how likely SME loans are 

funded through the platform and what was the interest rates SMEs received compared to 

traditional financing channels. Using a logistic regression, they found that on average SMEs 

pays around 2 times higher interest on credit by opting for crowdlending instead of 

traditional financing. SMEs were also about 40 percent more likely to be funded compared 

to consumer borrowers. Although their data is relatively old compared to the fast growth of 

the industry, their estimations of the interest rate might not be far from the current 

environment.  
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Sustainability, which one of the most important themes in the world and finance, was studied 

in the context of crowdfunding by Böckel, Hörisch and Tenner in 2021. They carried out an 

extensive literature review of crowdfunding, which included some studies of crowdlending 

as well. They conclude that sustainability has not been a part of many studies and suggest 

that environmental and social themes should get significantly more attention in the context 

of crowdfunding. Although their study did involve all aspects of crowdfunding, 

sustainability is a theme that will be ever so important in the future of crowdlending as well. 

Trend in the presented papers is that usually they study the differences between regulatory 

environments or overall state of the crowdlending markets. Risks of crowdlending are stated 

in many studies including this thesis but a clear gap is found between the knowledge of 

industry and actual investments. There does not seem to be any research conducted on the 

actual investment process which puts investors into a tough position. In crowdlending 

context, there does not seem to be studies answering questions like:  

1. Which kind of loans should an investor pick? 

2. How large should a crowdlending portfolio be? 

3. How should crowdlending investor diversify their portfolios? 

4. Should an investor diversify between different platforms? 

Hence, this study is looking to contribute to the academical literature by filling some of the 

gaps of information left on the crowdlending investment process. As crowdlending grows 

larger every year it is important that investors are more knowledgeable about this subject.  
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3. Diversification  

Diversification is an essential part of any investor’s portfolio management. Many studies 

conducted of diversification are related to securities traded in the public markets and hence 

are not directly proportional to the crowdlending aspect as the markets have large differences 

in liquidity and efficiency. The studies presented in this chapter create a framework of how 

diversification has been studied in the past and how the results derived from market security 

studies can be applied to crowdlending products. 

It is important to note that even though diversification reduces the overall risk of an 

investment it does not reduce risk to zero, as diversifying only reduces the unsystematic risk 

of the portfolio and securities will always bear some amount of systematic risk. Risks of any 

investment can be divided to two categories, systematic and unsystematic risk. Systematic 

risk is also referred to as market risk because it is related to changing prices in the markets 

where given securities are traded. Hence, it is something that an investor cannot influence 

and why it’s also sometimes called un-diversifiable risk. Essentially, it affects many assets. 

On the other hand, unsystematic risk or idiosyncratic risk only affects a single or a small set 

of assets. This means that some events have a larger effect on one asset than the other. For 

example, some companies are more vulnerable to political decisions than others. 

Unsystematic risks stem from the dissimilarities between companies and assets, as certain 

events can have different implications to businesses in different industries (Brealey, Myers 

and Allen, 2011). On the contrary to systematic risk, unsystematic risk can be almost fully 

removed by holding well-diversified portfolio and hence it can also be called diversifiable 

risk (Ross, Westerfield and Jaffe, 2013). Systematic, non-systematic risks and effects of 

diversification are described in figure 2. It represents how total variance of a portfolio, which 

is presented by the blue line, can be lowered by adding more securities in to the portfolio.  

Variance is usually used as a measure of risk for its easy interpretation. Figure 2 presents 

how marginal benefits will start to descent at a certain point and with a very large portfolio 

additional assets have only marginal effect on the variance of the portfolio. It also depicts 

how the non-diversifiable risk, systematic risk, remains constant at all levels of the portfolio 
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size and even though variance gets close to removing all unsystematic risk, it never goes 

below the level of systematic risk.  

In terms of debt assets, non-systematic risk could be thought as the probability of default on 

a single loan. Systematic risk in the context could relate to the economic situation where the 

companies are located or other events like Covid-19 pandemic, which affected a wide range 

of enterprises. Risks related to the platform where the crowdlending loans are invested to are 

also related to non-systematic risk. Although, if loans in a portfolio were gathered from 

multiple platforms the platform risk would be diversified.  

This chapter takes a closer look at the diversification and how it has been studied in the past. 

First section discusses different methods that have been used to study the effects of 

diversification and the results they generated. Second chapter takes a closer look at how 

diversification benefits have been studied in the context of credit investments.  

3.1 Diversification studies 

Modern studies regarding diversification are built on the research of Harry Markowitz 

Portfolio Selection from 1952. In the study, Markowitz introduced of mean-variance 

analysis, which created the foundation for future studies on diversification of financial 

assets. He presented that from two portfolios with otherwise identical characteristics, risk-

averse investors prefer the one with lover variance. Prior to his research, diversification 

Figure 2. Relationship of risk and number of securities in a portfolio 
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studies were not interested in how returns were formed, whether values of assets in a 

portfolio had significant variation or not. In addition he introduced the concept of covariance 

of assets (or portfolios) and argued that investors should avoid investing in securities with 

high covariances, in other words, securities which prices changes are closely correlated. 

Markowitz’ study from 1959 elaborates his concepts from 1952 and he presents ways to 

diversify an individual investors portfolio according to the needs of the investor. Although 

Markowitz encourages to diversify, he warns of over-diversification which might lead to 

increasing costs due to higher transaction costs. These costs come from continuous portfolio 

rebalancing that keeps the portfolio efficient. In the context of professional or institutional 

investors, over-diversification cost increase might be resulted due to larger staff demand.  

Evans and Archer studied naïve diversification (equal weighting in portfolio for each 

security) levels in their research from 1968. They analyzed 470 different securities of 

S&P500 from a ten-year period of 1958-1967 and concluded that there is no economic 

justification to diversify equity portfolios beyond 10 stocks and that with 8 stocks one can 

achieve the effects of holding a total market portfolio. Fisher and Lorie (1970) achieved 

similar results by studying naïve diversification with stocks from the US markets in 1926-

1965, and as per their results 80% of diversification benefits can be achieved with only 8 

stocks and 90% with 16 stocks. Klemkosky and Martin (1975) expanded naïve 

diversification by studying the relationship of number of stocks and market risk. They 

created portfolios of high- and low beta stocks and their results suggest that portfolios 

consisting of high beta (higher market covariance) stocks require larger number of stocks to 

reach the corresponding risk level of low beta portfolios. They found that portfolio of 25 

high beta stocks cannot match the risk levels of only 5 low beta stocks on a period of 120 

months. Their research suggest that investor should make decisions on which securities to 

hold in their portfolio, rather than throw a dart as many times as wanted. This is especially 

beneficial if an investor has a limited number of securities to choose from. Classic studies of 

diversification were conducted from 1950s to 1970s and the samples used in the studies can 

go all the way back to 1920s. There has been evidence that volatility in the market and 

individual stocks have increased since. Campbell et al. (2001) show in their study that to 

achieve the same diversification benefits of 5 stocks in the period of 1963-1973, about 30-

35 stocks was needed in 1986-1997.  
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To summarize, in the stock market diversified portfolio can be achieved with as low as 8 to 

10 stocks, but more recent studies suggest that 20-35 might be needed. Although it’s hard to 

compare equity portfolios to debt portfolios directly, they can act as reference point on how 

diversification works and how many assets might be needed to debt portfolios and 

crowdlending portfolios. 

3.2 Diversification studies in the context of credit securities 

Large proportion of studies regarding diversification focus on equity and more so to public 

equity markets. Even though public securities are the most popular asset class it is ever so 

important to study other assets and how they diversification can be carried out within other 

asset classes. There is clearly lack of studies conducted on diversification of credits assets, 

particularly on achieving a minimum level of diversification.  

Reilly and Joehnk (1976) studied the relationship of market-determined risk measures and 

bonds according to bond risk categories. Their initial hypothesis was formed around capital 

asset pricing model, as in bonds risk measure should be its relative covariance with the total 

market portfolio. They compared diversified portfolios holding bonds with corresponding 

ratings and conclude that risk measures derived by market, which in this case included 

various indices like Moody’s Average Corporate Bond Yield Series and S&P500, did not 

relate to the risk categories. Reilly and Joehnk imply that this happens due to bond ratings 

being based on probabilities of default. Since bonds with Baa rating or higher essentially 

never default, the systematic risk (market risk) generally remains the same with all bonds 

with ratings between Aaa and Baa. Hence, they imply that Baa-rated bonds might be more 

attractive in terms of risk-return-ratio compared to higher category bonds since they seem to 

have the same risk levels with higher yields. In addition, even though the total risk is higher 

with lower category bonds, it can be decreased with diversification. Studies by Soldofsky 

and Miller (1969) and Soldofsky and Jennings (1973) arrived at somewhat similar 

conclusions. They reported that systematic risk seems to decrease more significantly with 

lower quality bonds compared to highest graded bonds, while the total risk is still higher 

with lower quality debt. According to these studies, diversification has different levels of 

effect depending on ratings of corporate bonds. These findings add that capital asset pricing 

models linearity might not be suitable for bonds that depend more on corporation’s ability 
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to pay their debt, rather than the corporation’s covariance with the market that is measured 

with beta. Hence, relationship of debt return might not be as linear as in stocks. 

McEnally and Boardman (1979) criticize the results mentioned in previous paragraphs due 

to lack of quality data from the bond markets. This is a genuine concern, as models and 

predictions derived from them can only be as good as the input data. In their own study they 

used more recent data from 1970s, which according to them should be more accurate than 

the data used by Soldofski and Jennings (1973) for example. McEnally and Boardman 

studied the diminishing returns of diversification, and their objective was to find how many 

bonds are needed to eliminate non-systematic risk. Their data consisted of 515 bonds that 

had time-to-maturity of more than 42 months and are rated Baa or higher by Moody’s. Like 

in the previously mentioned studies, they used monthly data to calculate variances of 

portfolios with different number of bonds. In addition, they calculated variances for each 

group of bond ratings within their set of data. Results of the study suggest similar results as 

corresponding studies of the stocks, as a selection of eight to 16 bonds eliminate most of the 

non-systematic risk. Furthermore, the level of available risk reduction of high-grade 

portfolios is much lower compared to portfolios consisting of bonds with lower ratings. In 

fact, Aaa rated portfolios only need four bonds to achieve almost full diversification benefits, 

while Baa rated portfolios need more than 10. McEnally and Boardman remind that their 

study does not directly address the diversifications effects against default risk and suggest 

that such study would need a much longer period of data than 3,5 years used by them. 

In addition to McEnally and Boardman, there seems to be only one significant study about 

bond diversification, which is one by Dbouk and Kryzanowski (2009), henceforth D&K. 

Objectives of their study were similar with McEnally and Boardman, but they wanted to re-

examine diversification benefits with modern data and using measuring techniques that are 

associated with modern diversification studies. These include statistical methods like 

moments of higher order and alternative risk measures like Sharpe and Sortino ratio. Their 

dataset consisted of over 39 000 bonds and their monthly prices from 1985 to 1997. Similar 

goals with McEnally and Boardman, D&K they created multiple portfolios with changing 

portfolio sizes (PS). They divided bonds to differing investment opportunity (IO) sets 

depending on issuer’s industry and credit rating. To find the minimum PS, D&K used likes 

of Mean Derived Deviation, left tail weights, Sortino-ratio, kurtosis, and skewness. Results 

of these metrics indicate that with most IOs, diminishing marginal benefits of diversification 
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are reached with PS of 25-40. Although, the differences between the metrics can be 

substantial. They do not find any significant trends between different risk categories and 

note that results vary depending on which metric is used. This information urges in using 

multiple metrics in this study as well. One trend that can be noted is that IO with longer 

maturity (maturities > 10 years) seem to require slightly larger PS to achieve the same results 

as IOs with shorter maturities (maturities < 10 years). Although marginal they find minimum 

portfolio sizes to be found from PS of 25-40, they conclude that by not extending the 

portfolio size further, investors would leave significant amount of diversification benefits 

unrealized.  
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4. Risks of credit securities and crowdlending 

Investor that is holding crowdlending or any other credit security is exposed to multiple 

risks. Like mentioned previously, risk of any investment portfolio can be divided to two 

categories, systematic and unsystematic risk. This chapter take a closer looks at more 

concrete sources of risks and how they are related to investing in crowdlending products. In 

this context, when crowdlending securities might not have a liquid aftermarket, or one at all, 

systematic risk is not related to market prices but to other events or decisions that affect the 

whole industry of crowdlending (Shneor, Zhao and Flåten, 2019). These include inflation 

risk, interest rate risk, industry risk and political risk. Usually, crowdlending loans are shorter 

which makes some risks less prevalent as changes in interest rates and inflation do not 

usually take place shorter time frames. On the other hand, bonds have better secondary 

markets that provide good liquidity and P2P business loans on the other hand can be hard to 

liquidate. One of the major concerns to crowdlending investor is whether a loan is in arrears 

or in default which increases credit- and liquidity risk (Cumming and Hornuf, 2018). From 

an investor’s point of view, the fundamental problem of investing to crowdlending through 

a platform is information asymmetry as it relates to minimizing the potential default amounts 

and the interest paid to the borrower (Bachmann et al., 2011). 

This chapter discusses the main risks related to credit assets. These include the like of credit, 

liquidity-, inflation-, and interest rate risk. Each risk will be assessed and discussed how they 

can be managed while investing in credit assets. In addition to credit specific risks, this 

chapter will discuss how they work specifically in crowdlending products and which risks 

should have the most attention while investing in these assets. In addition, other risks will 

be discussed in a combined chapter. Discussion will be driven by academical studies and 

books.  

4.1 Credit Risk 

Essential part of providing credit to a company or and individual is to assess their credit 

worthiness. In its simplest form, the decision to give credit is a yes or no question, whether 

to grant the loan or not. Although, in practice it involves different methods and techniques 

to evaluate how likely the lent money will be paid back or how likely is it for the borrower 
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to default (Brown and Moles, 2014). Thus, credit risk can be defined as risk of financial loss 

due to the counterparty’s inability to meet its’ financial obligations. Credit risk is often 

referred to as default risk, performance risk or counterparty risk, which all fundamentally 

refer to the same idea that the counterparty is not able to perform as promised (Koulafetis, 

2017; Brown and Moles, 2014; Brealey, Myers and Allen, 2011). Mathematically, Brown 

and Moles express credit risk as shown in equation 1. In the equation, exposure refers to 

total amount of money that the counterpart might fail to deliver. Probability of Default is 

likelihood that the default will happen, and it can also be called the default probability (DP). 

Recovery rate is the amount that can be retrieved from the borrower in the case of a default. 

Both DP and Recovery Rate are numbers between 0 and 1. Although recovery rate can in 

some cases rise over 1 if borrower pays extra fees for late payment or through collections.  

𝐶𝑟𝑒𝑑𝑖𝑡 𝑅𝑖𝑠𝑘 = 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 × 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝐷𝑒𝑓𝑎𝑢𝑙𝑡 × (1 − 𝑅𝑒𝑐𝑜𝑣𝑒𝑟𝑦 𝑅𝑎𝑡𝑒)           (1) 

Expression of Credit Risk (Brown and Moles, 2014) 

Exposure might develop over time and exposure at disbursement date can change compared 

to time of default. For instance, many loans offered in the dataset of this study are amortized 

loans, so the principal left to deliver decreases monthly. For this reason, exposure at default 

(EAD) is an industry standard measure to describe total value that is exposed at default. 

Recovery rate depends largely on the collaterals of the loan. Formula for calculating 

recovery rate is found from appendix 1, which also uses EAD. SME loans can have various 

collaterals like physical assets in form of real estate or machines or alternatively guarantees 

from the entrepreneur of the firm borrowing. Size of the collateral is related to total amount 

of the loan. In the case of default collaterals can be liquidated by the lenders, or in this case 

usually the platform, and used to repay the remaining principal. Although, there is a risk that 

given collateral is not as valuable as originally though or the guarantor is insolvent. This is 

a relevant risk for crowdlending investors as they must trust the platform to create valuations 

and confirmations of the collateral’s worthiness. 

To measure EAD, one must know when a loan has defaulted. Basel Committee (BIS, 2006) 

defined a loan to be at default when either or both of the following events have taken place:  

• “The obligor is past due more than 90 days on any material obligation to the 

borrower. Overdrafts will be considered as being past due once the customer has 
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breached an advised limit or been advised of a limit smaller than current out 

standings.” 

• “The borrower considers that the obligor is unlikely to pay its credit obligation to the 

borrower in full, without recourse by the bank to actions such as realizing security 

(if any)” 

Dataset in this study uses the same method for classifying defaulted loans. It is important to 

note that by this definition loans can come out of default and do not necessary indicate a 

credit loss. Something to remember when estimating recovery rate, as some loans do indeed 

pay the loan back in full even after receiving a default status.  

Corporations are complex structures and evaluating a company’s creditworthiness should 

not be limited to financial statements of the borrower. Fight (2004) offers a framework for 

credit analysis process that includes factors that should be included in the evaluation process. 

These include evaluation of the industry, environment, quality of management, competitive 

position, historical financial analysis, risk mitigation, purpose of the loan and how it will be 

repaid. Basically the principal for credit manager of lending corporation (platform) is to 

control the level of risk and identify high-risk areas (Brown and Moles, 2014). Organizations 

that offer credit should set the maximum exposure it is willing to take and follow their credit 

risk policy. This maintains credit risk at justifiable level (Koulafetis, 2017).  

At the bottom credit risk management is the assessment of the borrower credit worthiness. 

For the companies offering credit, the evaluation process’ can be extremely broad depending 

on the borrower and at times very complex models are applied to calculate the decision to 

lend money. Brown and Moles (2014) separate three different methodologies for credit 

assessment: judgement, deterministic models based on historical experience and statistical 

model, which can be either static or dynamic. Credit risk modeling and default prediction 

has been a popular research topic for the last five decades and issues like the sub-prime crisis 

in 2007 have reignited the conversation of how accurate the models are. Especially the credit 

ratings of popular rating agencies Standard & Poor’s, Moody’s and Fitches have been on the 

spotlight (Jones and Hensher, 2008). Ratings of the “Big three” are considered to be a 

comprehensive evaluation of the borrower’s ability to meet their financial obligations and 

they are recognized as nationally recognized statistical rating organizations, or NRSROs, by 

the US. Securities and Exchange Commission (SEC) (2016). Although, some studies have 

come to conclusion that traditional credit ratings are poor at predicting actual raw default 
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probability and that it’s difficult to combine all information in one number or rating (Hilscher 

and Wilson, 2017). The Big three are global players and they are focused on governments, 

large public and private companies, which totally leaves out SMEs. Yoshino and 

Taghizadeh-Hesary (2015) give some examples on how analyzing SMEs differs from 

understanding the risk profile of a large corporation. Analyzing large companies is relatively 

easy since they produce data in quarterly reports and through other auditing processes. But 

SMEs are not required to provide data on the same scale so information included in SME 

credit ratings is scarcer and lenders must rely more on soft information. In addition, SMEs 

are rated usually by smaller local agencies especially in smaller markets. This does not lower 

the credibility of the ratings, on the contrary it might make them more accurate as smaller 

agencies have more information of domestic practices.  

According to a report by Page (2016), due to the lack of market prices and public data, credit 

analysts must implement more qualitative methods to properly assess risk levels of an SME. 

These include discussions with the counterparty’s management and their bank. Like 

discussed in previous chapters, banks have been increasingly persistent to fund SMEs and 

high-risk loans, which might have led to a situation where new financial intermediaries, like 

crowdlending platforms, have developed better credit risk models that are geared towards 

the loans that banks have rejected (Cumming and Hornuf, 2018). Altman and Sabato (2007) 

underline this and suggest that banks should use separate models when evaluating SMEs 

compared to larger corporations.  

In Finland, there are few commercial providers of credit ratings for corporations, including 

SMEs. These include companies like Asiakastieto and Bisnode (Asiakastieto Oy, 2021; 

Bisnode Finland, 2021). They both offer lenders with reports that include credit ratings and 

other measures that have been created using their own data analysis methods. The offered 

risk categories are presented in appendix 2. The ratings of Asiakastieto and Bisnode reflect 

to some extent the same risk categories the Big three offer. These can be used as a reference 

point for risks of loans in different categories included in this study. This is important as 

credit rating is next to the interest rate the only variable that reflects the riskiness of the 

borrower. Although, in the context SMEs risk categories do not tell the full story. Using data 

from USA and Germany, Grunert and Norden (2012) found that management skills and 

character increases chances of the borrower to land better terms for a loan. This might skew 

the relationship of risk and return from an investors point of view as borrowers might gain 
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lower interest rate compared to other firms with same risk level by using the management 

soft skills to their advantage.  

All in all, credit risk is the most important risk from an investors point of view. In 

crowdlending, there is information asymmetry between the lender and borrowers, which 

raises the importance of the platform issuing the loans. To make an investment decision, 

investor needs to trust the credit process of the platform. There are no studies on how 

accurately third-party ratings forecast defaults and company performance, but assuming 

these third parties use standard metrics in evaluation, they should indicate how well a 

company does financially. Although, it is important to bear in mind that SME ratings can be 

affected by soft information and smaller companies are harder to evaluate which can create 

misclassification in credit ratings and in credit risk management processes.  

4.2 Liquidity Risk 

Liquidity risk refers to how easily an asset can be sold at its fair value. It is usually measured 

by the size of the bid-ask spread. Wider spreads indicate a larger liquidity risk (Fabozzi, 

2007). Liquidity risk is extremely prevalent in crowdlending products. Low liquidity is 

usually a result of inactive or nonexistent secondary markets for crowdlending assets. Some 

marketplaces offer secondary markets where users can buy and sell their credit assets, and 

some do not. Although, for an investor who plans to hold assets until the maturity liquidity 

is less important, but in crowdlending investors might not have the option to hold till 

maturity or not. Hence, essentially all crowdlending investors are affected by liquidity risk. 

Even if the platform offers a marketplace for the assets, the number of buyers is limited to 

the users on the platform.  

To minimize liquidity risk, investor might want to choose a platform that offers a 

marketplace to buy and sell their assets. However, loans provided through a crowdlending 

marketplace are relatively shorter in maturity. Consequently, investors that have a longer 

time frame in investing do not need to be too worried as most of the loans in their portfolios 

have maximum time-to-maturity of few years.  

There are some aspects in crowdlending that bring additional liquidity to the investor. Large 

portion of the disbursed loans in this study’s dataset are amortized loans. Being amortized, 

the total capital invested reduces with every payment which increases liquidity. For example, 
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a totally amortized loan that has time-to-maturity of 2 years has returned 50% of the total 

invested capital to the investor after one year.    

4.3 Inflation and interest rate risk 

Inflation risk, which can also be called purchasing-power risk, emerges from rising inflation 

that lowers the real returns investors receives from interest of a loan. That is, the return that 

was expected is worth less than when the loan was originally disbursed. If inflation were to 

be higher than the given interest rate, total value of the investment would decline in real 

terms (Fabozzi, 2007). 

Crowdlending loans use almost exclusively fixed rates to determine the interest rate, which 

makes them more vulnerable to inflation risk compared to floating-rate assets on a single 

loan level. As interest rates should reflect the level of inflation, rising inflation should 

introduce higher interest rates. Hence, on a portfolio level crowdlending investor should in 

theory be protected from inflation, as new loans are added to the portfolio continuously 

through automation (that many platforms provide) and their fixed interest rates should be in 

line with the level of inflation at the time. Although, if crowdlending investor does not add 

more loans with the incoming cashflow, the effect of inflation can be higher as older loans 

lose value and the cash that is not used to acquire new assets. It is important to note that there 

are no studies conducted on the correlation of inflation and crowdlending interest rates.  

Inflation and interest rates are tied together. Interest rate risk is prevalent when investing into 

bonds as bond prices are heavily impacted by changes in interest rates. As there are no 

market prices for crowdlending loans, change in interest rates does not directly affect the 

investment. But interest rates can change and affect the investment case of loans from 

previous period as investors are locked into the loans. Due to the low liquidity nature of 

crowdlending loans, investor will not be able to react to a change in interest rates by selling 

older loans and adding new ones with potentially better return profile.  

4.4 Other risks 

In addition business crowdlending investors are vulnerable to various other risks. These will 

be discussed in this section.  
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Fabozzi (2007) defines risks that bond investors are vulnerable to of which many apply to 

crowdlending investors as well. Call risk arises from the loan contracts, which can have 

clauses that allow the debtor to pay a part or the full loan back before the maturity date. 

Although the clause might include that the debtor must pay extra interest for early 

repayment, this creates potential problems for the investor. Firstly, this reduces future returns 

from the loan, especially if the loan was amortized as the relative return to the amount of 

money invested grows over time. In addition, this makes the investor vulnerable 

reinvestment risk. This relates to the risk of not finding loans or other assets that have the 

same risk-return profile. In addition, if interest rates have decreased in the period, investor 

is might have to settle for lower coupon rates. The effect of call risk is hard to determine and 

finding out if early repayment was worth it from investors point of view depends on each 

case.  

Unique for crowdlending assets, platform risk is defined as well. Like it was discussed in 

section 2.4, the whole market of business crowdlending is relatively young and there is a 

wide range of platforms and providers to choose from. Many platforms create their own rules 

and there might not be national standards for fees, processes, or overall functions that cover 

all platforms. Hence, it is important for the investor to understand the terms and risks each 

platform holds. For a young industry, there is relatively small amount of knowledge on how 

stable margins are and how profitable crowdlending business models are over long-term. 

This can cause quick and significant changes for example in terms and fees of a given 

platform. In addition, relatively young companies that are usually looking for growth tend 

produce negative cash flow during their first years in business, which creates a higher risk 

for bankruptcies as well.  

Political risk is critical for a new and relatively unknown industry. Political decision might 

oppose new restrictions and limitations for the platform, which can negatively affect return 

for investors. For example, consumer P2P loans were given a maximum yearly interest rate 

of 10% in 2020 by Finnish Ministry of Justice due to the Covid-19 pandemic (Kilpailu- ja 

kuluttajavirasto, 2020; Oikeusministeriö, 2020). Although business P2P remained 

unaffected, similar events or increasing regulation is not unheard of.  

 

 



 32 

4.5 Risk measures 

This chapter discusses different types of risk measurement. Theoretical backgrounds for all 

methods are discussed, followed by how they can be implemented to manage risk.  

 

4.5.1 Variance and standard deviation 

In statistical testing and research one of the most important things is to understand how 

observations are spread out and how far away they are from each other. Variance plays an 

important role in this. Sample variance, which refers to the given sample of a population, 

calculates each observations distance to the sample mean and uses them to calculate the total 

variance of the sample. More specifically, average squared differences to the mean are 

summed up. Formula for calculating variance s2 is found in equation 2,  

𝑠2 =  
1

𝑛−1
∑(Χ𝑖 − Χ̅)

2                                                              (2) 

Where 𝑛 is the number of observations, Χ𝑖  is the value of ith observation and Χ̅ is the mean 

of observations (Wilcox, 2009). Essentially, variance describes how far away observations 

are from the arithmetic mean. Although the calculation of variance is relatively simple, the 

value of the variance itself is hard to interpret as it is exponential. Therefore, standard 

deviation is usually more common metric of choice when comparing deviations of 

observations as it presents the variability of data as absolute measures compared to the power 

of two in variance. This is true for this study as well and standard deviation will be used 

instead of variance. The lower the value of standard deviation is, the closer to each other the 

observations are. Higher values indicate lower concentration of observed values. Standard 

deviation 𝜎 is calculated as the square root of variance s2, which is shown in equation 3.  

𝜎 = √𝑠2 = √
1

𝑛−1
∑ (Χ𝑖 − Χ̅)2
𝑛
𝑖=1                                               (3) 

Standard deviation is calculated from the mean, which makes it vulnerable when outliers are 

found from the underlying data. In these situations, absolute median deviation can be more 

suitable to measure the variability of the data. Absolute median deviation is presented in 

equation 4. 
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𝐷(�̃�0,5) =  
1

𝑛
 ∑ |𝑥𝑖 − 𝑥0.5|

𝑛
𝑖=1                                                  (4) 

Where 𝑥0,5 is the median of observations. This measure is less suspectable for outliers as 

median is more robust at handling extreme values (Heumann, Schomaker and Shalabh, 

2016). 

 

4.5.2 Higher order moments 

To analyze distributions in more detail, more functions of the examined distribution are 

needed. Variance, which is the second central moment of a distribution, only presents how 

far away the observations are form each other. Usage and interest to higher moments 

increased in the 2000s when it was understood that standard deviation is uncapable of 

capturing risks in total (Kim and White, 2004). Although higher order moments are used in 

stock market price modeling, they can be applied here with the same principles as the 

underlying target is the same, which is to get a deeper understanding of the risk involved. In 

this study third and fourth moments, skewness and kurtosis, are used to understand the form 

of the distribution in more detail. They describe the shape of the distribution, but they also 

be used to test distribution’s normality.  

Skewness  

There are few different methods for calculating sample skewness. Joanes and Gill (1988) 

compare three different methods in their research. They tested these methods by running 

simulations for normal and non-normal distributions and testing the results with a focus on 

bias and mean-squared error. Although the results vary between sample sizes and degrees of 

freedom, they conclude that with larger sample sizes (n>100) there are only marginal 

differences with different formulas. From the three different sample skewness methods 

Joanes and Gill proposed, this study uses the one shown in equation five. 

𝑆𝑎𝑚𝑝𝑙𝑒 𝑆𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =  
√{𝑛(𝑛−1)}

𝑛−2
𝑔1                                                   (5) 

Where 𝑔1 = 𝑚3/𝑚2
3/2

 and where 𝑚2 and 𝑚3 are calculated in equation six by 

𝑚𝑟 =
1

𝑛
∑(𝑥𝑖 − �̅�)

𝑟                                                                            (6) 
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In both equations n refers to the sample size, xi to the ith observation, r to the power of which 

the difference of 𝑥𝑖 − �̅� is raised, and �̅� to the sample mean. This method is used in some of 

the more used statistical packages like SAS, SPSS, and Microsoft Excel. 

Skewness tells if a distribution’s left or right tail is longer than the other. If most of the data 

is on the left side of the peak of the distribution and the right tail is longer, the distribution 

is skewed right or positively skewed. On the other hand, left skewed or negatively skewed 

distribution has a longer left tail and the peak is on the right side of the distribution. Normally 

distributed data has skewness of 0, which would make a distribution perfectly symmetrical. 

Bulmer (1979) set boundaries for skewness.  

He suggests that if: 

 Skewness < -1 or skewness > 1, the distribution is highly skewed. 

 -1 > Skewness > -0.5 or 0.5 < Skewness < 1, the distribution is moderately skewed 

 -0,5 < skewness < 0.5, the distribution is approximately symmetric 

Studies of Harvey & Siddique (2000) and Premaratne & Tay (2002) suggest that investors 

prefer positively skewed portfolios over other skewness measures. This is because an 

investor would rather have values center above the median returns than under it. 

Kurtosis 

Kurtosis is the fourth moment of a distribution, and it describes the width of the tails of a 

distribution. It has also been said that kurtosis measures the peakedness of a distribution, but 

Westfall (2014) has argued that kurtosis does not in fact tell anything about the peak or the 

center of a distribution, but about its tail-heaviness. Westfall makes a strong case for kurtosis, 

and there has been some confusion before on what kurtosis really measures (Ruppert, 1987). 

This study uses kurtosis to measure the tail-heaviness of given data, like Westfall has 

suggested.  

Similarly to skewness, Joanes and Gill (1988) tested three different ways of measuring 

kurtosis. Although the results do not vary significantly, one of the proposed methods has 

lowest bias with all sample sizes while the mean-squared error remains at the same level as 

other methods. This method calculates kurtosis k in equation seven as 

𝑘 =
𝑛−1

(𝑛−2)(𝑛−3)
{(𝑛 + 1)𝑔2 + 6}                                                    (7) 
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In equation 7 g2 represents the excess kurtosis and is calculated in equation eight by 

𝑔2 = 𝑚4/𝑚2
2-3                                                                              (8) 

That takes advantage of equation six to calculate 𝑚4 and 𝑚2. Kurtosis coefficient has in its 

simplest form been measured as g2, but likewise with skewness formula (equation 5), this 

method presented in equation seven uses a correction to try remove bias. Although, Joanes 

and Gill remind that after samples sizes rise, differences between the methods decrease. 

Hence, spending more time on this does will not make a significant difference to the results.   

Perfect normal distribution has excess kurtosis value of 0 (k = 0). If k > 0 it indicates a 

leptokurtic distribution that has longer tails and k < 0 indicates a platykurtic distribution that 

has shorter tails than the traditional bell curve. Kurtosis can be affected by outliers and like 

mentioned by DeCarlo (1997), kurtosis can even be used to find outliers. However, kurtosis 

measures the tail-heaviness of a distribution (how probable extreme values are) so taking 

possible outliers into consideration is part of the equation.  

In investment decisions, kurtosis can be used as a measure of risk. Higher kurtosis value 

indicates higher concentration of values in the tails of the distribution, which indicates that 

there are likely to be more extreme values compared to a lower kurtosis distribution, 

therefore risk-averse investors seek low kurtosis distributions. High kurtosis values indicate 

that observations are likely to spread around to band that is not as easily predictable. 

4.5.3 Risk adjusted performance measures 

Sharpe ratio is one of the most traditional performance metrics in analyzing investment’s 

performance. Sharpe introduced this metric in his study from 1966 where he referred to it as 

reward-to-variability ratio, which captures the essence of the metric. It describes how large 

returns were achieved at the corresponding risk level. It is widely used for its simplicity to 

capture risk-adjusted returns. Sharpe ratio is defined in equation nine as 

𝑆𝑝 =
𝑅𝑝−𝑅𝑓

𝜎(𝑅𝑝)
                                                                   (9) 

Where 𝑅𝑝 is the average annual rate of return for asset p, 𝑅𝑓 is the risk-free return and 𝜎(𝑅𝑝) 

is defined as the standard deviation of asset p. Risk-free return is chosen so that it correctly 
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reflects an alternative to asset p. Although, in the current interest rate environment where 

risk free rates like Euribor are negative, 𝑅𝑓 will be se to 0.  

Although it can be used for assessing performance of investor’s total portfolio, it is more 

meaningful when used in comparing two different portfolios or strategies. Sharpe can be 

manipulated quite easily by using methods that do not increase standard deviation while still 

carrying extensive risk. These methods like options trading are not available for peer-to-peer 

loans, but it’s good to keep in mind that standard deviation can easily be exploited. Sharpe 

(1994) himself has noted that the ratio does not take higher moments into consideration, 

which can skew Sharpe ratio and give false implications. This underlines the usage of 

skewness and kurtosis in this study for a better overall analysis. In addition, with Sharpe 

ratio relying on normally distributed standard deviation, nonnormal distribution of returns 

can generate false conclusions of risk-adjusted returns that has been noted by Mahdavi 

(2004) and Sharma (2003). Although, studies conducted by Eling & Schuhmacher (2007) 

and Fung & Hsieh (1999) regarding returns of hedge funds, even when returns are not 

normally distributed Sharpe ratio and standard deviation provide similar ranking between 

hedge funds compared to other risk-adjusted metrics. These findings suggest that even if 

return distributions are not normally distributed, Sharpe-ratio gives a great estimate of given 

performance. 

As this study aims to be representation of the actual portfolios, it has many shortcomings 

that should be taken into consideration (discussed in subsection 5.2.1) and especially the 

returns depicted should not be used as a benchmark for real-world returns. Due to this, 

Sharpe ratio values should not be used as a comparison to other portfolios or studies. Sharpe 

ratio is used within this study to compare portfolios within the same simulation. It is only 

used to try and detect the size of the minimum portfolio and compare portfolios of different 

sizes within this simulation and should not be compared with other asset classes. 
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5. Data and methodology  

In statistic and modeling, the model can only be as good as the data itself. Hence, data 

preparation and manipulation are one of the most important parts in modeling and statistics. 

This chapter demonstrates the simulation model and the overall methodology for this study. 

Section 5.1 presents the data and how it was prepared for this study. Methodology of this 

study is discussed in detail in section 5.2 and the implementation in 5.3. These chapters 

include prior research applying the discrete-event simulation and how it is built for the needs 

of this research. Most importantly the restrictions, limitations, and shortcoming of this 

simulation in this study are defined and discussed. Final section of 5.4 includes analyzing 

the underlying variables and conducting initial statistical analysis of the results, which will 

be utilized in tandem with the analysis in chapter 6.  

5.1 Data and Preparation 

This study uses data that was obtained from a Finnish crowdlending provider. The data has 

been collected from a period of 4 years and 4 months between years 2016 and 2020. It 

includes information of all loans that were disbursed from the platform to Finnish SMEs. 

Information consists of loan maturity, interest rate, risk category, loan type, status and 

possible collaterals and their estimated values. Especially the first five variables are used in 

the simulation of this research. Main data file has each loan, or observation, as their own row 

with all variables in the adjacent column. In addition, this dataset includes monthly data of 

each individual loans’ payments, which gives a better understanding of the progress of each 

loan.  

Data was provided in an Excel file where some data cleaning was performed by removing 

some unused columns and making minor adjustments to the dataset. In R, formats of 

variables were changed to match their correct forms as some numbers were formatted as 

strings of text. These were transformed to numbers format to create proper calculations. To 

efficiently generate random variables and new loans to the simulation, maturities were 

divided in clear categories with incremental increases of 6 months between the values. For 

example: if a loan had a maturity of 13 months the maturity received a value of 12 and a 

maturity of 20 was transformed to 24.   
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After data had been cleaned out, process continued to understand the data. This included 

calculating summary statistics of important values to this study. In the process it was noticed 

that of all the risk categories (AAA-C) C-rated borrowers were few and far between. Only 

less than 10 loans were found with C-rating, which lead to removing them all from the 

dataset, as such a small number of loans cannot be used to generate random loans from that 

category. Additionally, dataset included three different loan types: Bullet, Amortized and 

Balloon and due to the small number of Balloon loans they were classified as Bullet loans.  

Due to the confidential nature of the dataset, summary statistics are not showed in this data. 

Although, distribution fitting is utilized to understand the form of the underlying data. For 

distribution fitting R package fitdistrplus was utilized. For this part the underlying data was 

normalized to fit between 0 and 1 so that the data works correctly with distribution fitting 

functions provided by the R package. Results for distribution fitting are given in appendix 3 

that has distributions of interest rates, maturities and risk categories fitted for distributions 

(also presented in appendix in mentioned order). As risk category is a categorical variable 

the figures different compared to maturities and interest rate. Risk categories have also been 

recoded to numbers 1-5.  

Distributions that were tested in this phase include normal, Weibull, beta, gamma, 

lognormal, logistic, and uniform distribution. In addition, Poisson and negative binominal 

distributions were tested against the discrete distribution of risk categories. Using the 

maximum likelihood method provided in the fitdist function following distributions were 

found to be the closest fits for the underlying data: interest rates and gamma distribution, 

maturities and normal distribution, risk categories and normal distribution. Analyzing 

appendix 3, it can be quickly noticed that even though these were the best possible fits, the 

distributions are far from correctly fitting the best possible theoretical distribution. For 

example, maturities have large gaps in observations in the center part of dataset were there 

should be more observations if the data was normally distributed. Results of distribution 

fitting further underline the usage of inverse-transform method for sample generation as 

none of the variables are truly normally distributed, which could have enabled using mean 

and variance for creating a new sample for the simulation. This method will be discussed in 

subsection 5.2.2. 
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5.2 Methodology 

Crowdlending loans are unique to many other credit assets traded on public exchanges in a 

way that there is no real time data for the price of an individual loans. In fact, calculating a 

value for an individual loan, let alone a total portfolio of crowdlending loans is difficult due 

to the unique nature of each loan. Intuitive way of calculating a value for a loan would be to 

sum up discounted future cash flows. But this method does not take the risk of the company 

into consideration. In addition, the crowdlending platform that provided the data did not have 

an existing system or a model that can be used to calculate probable returns on different 

portfolios, other than simply adding up future loan payments. Simulation is a flexible method 

for this case.  

Discrete-event simulation (DES) has been studied and applied widely in different fields of 

research. Baker, Jayaraman and Ashley (2012) applied DES to optimize inventory control 

for ATMs. Their research indicated that the errors of previous model and underlying data 

were not normally distributed and that the used ATM inventory time series held some 

seasonal differences. Hence, they stated that prior approach of using simple moving averages 

for forecasting was not adequate. They opted to algorithmic approach of using DES to 

optimize target inventory levels for financial institution’s ATMs. In the end, their simulation 

algorithm found optimal and more efficient ways to control inventories.  

Discrete-event simulation studies are more commonly found in industries like manufacturing 

and production where there are clear steps in a process being modelled which can be 

translated to a DES-model. In these cases, they are applied to optimize processes and outputs 

under consideration usually because some factory systems can be hard to model analytically 

(Buzacott and Yao, 1986). Likewise, Magableh, Rossetti and Mason (2005) note that DES 

is a suitable method for modelling more complex systems. Investments into crowdlending 

are rather complex as there are many different scenarios and outcomes to loans.  

In books, DES is commonly introduced with an example from a queuing system model (Law, 

2015; Banks et al., 2010). This context suits discrete-event simulation well and is very 

similar in functions with this study even in a completely different context. In the queuing 

simulation there are customers arriving to the shop or server. Customers are then serviced, 

handled and then they leave the shop or server. Each customer has their own service time 

and possible other attributes that require special attention. In comparison, in this study each 
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customer represents a loan and portfolio size the amount customers that can be handled at 

any point. In addition, this research does not try to measure the average queue times of 

customers but the performance of overall customer service and how they are handled.  

Banks et al. (2010) list multiple situations when simulation is the appropriate tool for a study 

or an experiment. Most significant reasons that also influenced the choice of applying 

simulation as a methodology in this study are: 

1. Simulation enables the study of how different inputs affect outputs of the system and 

which variables are the most important to the output. 

2. Simulation enables the study of interactions of variables within a complex system 

One of the key reasons to use simulation is that using the data and other tools available, 

diversification metrics could not have been studied in any other way as there are not any 

available portfolios that could be studied, nor was there data of monthly market prices. Goal 

of a simulation is to imitate how a real-world process or how a system operates over time, 

and it does it by answering to a series of “what-if” questions. Answers to these questions are 

obtained by collecting data from different points of simulation. Simulation enables modeling 

of loans and the probable results of investing to them. In addition, simulation gives the choice 

to observe the behavior of a system with different scenarios, which in this case refers to 

simulating the evolution of different portfolio sizes. It also helps to understand how 

crowdlending assets act and it can give an idea on how investments in them progress and 

grow over time.  

Finding the differences between varying levels of PS, simulation was found to be the correct 

way to find the results. Simulation was chosen because there are no market prices due to the 

nature of crowdlending loans and there was no system in place that collects information on 

real-world portfolios. There are numerous simulations that can be used depending on the 

requirements of the research and most of all what kind of problem and dataset is in question. 

Nance (1993) divides computer simulations into three categories which constitute of Monte-

Carlo, continuous- and discrete-event simulation. Monte-Carlo simulation (MC) is arguably 

one of the most famous and at the same time most used simulation methods. It relies on 

running a problem N times with varying input parameters and it outputs a distribution of 

values, which then again can be analyzed in terms of probabilities and the shape of the 
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distribution. Similarly, Fishman (2001) defines different system models as shown in figure 

3, which follows a similar structure as Nance’s (1993).  

All stochastic models rely on random number generation that is used to create input 

parameters for the simulation. MC is considered a static simulation as it simulates a system’s 

output at a particular point in time, while DES is dynamic as it represents evolution and 

development of the system over time. DES was found to be a good solution for this study as 

it lets the user to create and emulate a non-existent system. Decision to use either continuous 

or discrete-event simulation is not related to the method but to the nature of variables. In 

continuous simulation, the function of variables is continuous, as in differential equations, 

but in DES variables only change in specific points of time. In the case of this research, 

status of loans only changes in monthly steps.  

To analyze and understand DES, some terms need to be defined. Banks et al. (2010) define 

the following components of a system. System represents the whole problem or system that 

is under examination. In this study it is the loan portfolio. System has entities which are an 

object of interest in the system and those entities have attributes that are properties of an 

entity. In addition, there are activities that represent periods of specified length. They can be 

thought as actions performed by entities. Events are instantaneous occurrences that change 

the state of the system in some way. State refers to the collection of variables that is needed 

to describe the overall state of the system. Table 1 summarizes these terms and provides 

examples from simulation used in this study. The simulation functions are presented in 

Figure 3. System model taxonomy. Reproduced from Fishman G. (2001) 
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section 5.3 where the actual model is discussed in detail. This includes when and where these 

terms are used. 

Building the actual simulation includes number of trials and errors and most of time in the 

model building process is spent on model validation. This was true in this study as well and 

multiple tweaks and bug fixes were required to reach a usable and reliable model. This study 

follower closely to the process described by Banks et al. (2010), which is shown in figure 4. 

Of the steps that are presented in figure 4, 1 to 4 were completed before the actual creation 

of the simulation. Steps one and two were discussed in chapter 1 and step four was discussed 

in section 5.1. Model conceptualization started quite early in the process, and it created a 

basis for the actual model and code. It involved in listing all different characteristics of the 

system and loans. As Banks et al. mention, it is quite important to have the model users in 

the conceptualization phase. Planning process for this project also involved two experts of 

the matter from the company providing the SME-loans. Step 5, model translation, refers to 

the action of transforming the model into a computational format, which in this case means 

writing the code of the simulation. In this study, the model was built with R in RStudio, 

which is among the most popular programming languages in data science and analytics. 

Simulation consists of multiple nested loops that run each level of PS N times for t months. 

Verification of the model ensures that the model reflects the actual system and that the 

values, parameters, and assumptions in the model work as intended. It is important to include 

ways to monitor the simulation in some way to ensure correct performance of the model. 

Components Definitions 

System Loan portfolio 

Entity Loans 

Attribute Total principal left, monthly interest rate or loan maturity 

Activity Paying back debt or making interest payments 

Event Loan is removed / added from / to portfolio. Loan defaults. 

State 
Amount of loans in portfolio. Portfolio value. Amount of loans in 

default. Monthly interest payments. 

 

Table 1. Components of Discrete-event simulation 
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This phase also includes debugging and main purpose of this step is to ensure the code is 

smooth, and it can be used without errors or bugs.  

Step 7 (model validation) is one of the most essential parts of statistical and machine learning 

model. Simulation models are not any different. If the model is not validated the results 

cannot be used in decision-making or in scientific studies. Banks et al. (2010) describe 

simulation validation as an iterative process, where the most usable benchmark is the real-

world counterpart of the system. In this study there was no system in place, so validation 

partly relies on expert knowledge of the actual system and understanding the historical data 

that is used as input variables. In addition, the model is ran using the actual historical data 

compared to the generated sample. These two results are compared with student’s two 

sample t-test that checks if the distributions have the same mean. Two-sample t-test tests for 

performance of the simulation compared to the original data and if the results can be 

repeated. Banks et al. emphasize the importance of working with end-users and decision-

makers to ensure the models validity. Their goals for model validation step are: 

Figure 4. Discrete-event simulation model building framework. Reproduced from Banks et al. (2011) 
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1. “Produce a model that represents true system behavior closely enough for the model to be 

used as a substitute for the actual system for the purpose of experimenting with the system, 

analyzing system behavior, and predicting system performance” 

2.”Increase the credibility of the model to an acceptable level, so that the model will be used 

by managers and decision makers” 

Even if the process presented in figure 4 is somewhat linear, Banks et al. stress the iterative 

nature of simulation modeling, especially in verification and validation steps. Building, 

verification, and validation are strongly connected. Relationship of these steps is depicted in 

the figure 5. Verification-validation process can be repeated tens or hundreds of times until 

the model achieves the two goals that were defined above and its rarely a strictly linear 

process.  

Simulation models can require different methods to validate the model. First step in the 

actual validation process is to achieve face validity. This is achieved by constructing a model 

that appears rational to model users and people who are knowledgeable about the subject. 

Having professionals in the process of modeling also increases the credibility among the 

end-users of the model. Sensitivity analysis is also an appropriate tool to check a model’s 

face validity. It is conducted by changing parameters in the simulation and checking if the 

simulation results are as expected. In this simulation, sensitivity analysis verification was 

Figure 5. Model validation and verification process. Reproduced from Banks et al. (2011) 
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done by increasing/lowering the default rate, which should put more loans in default, which 

in succession decreases the overall value of a portfolio over time.  

Goal of step 8 (Experimental design) is to estimate how changes in inputs affect the outputs 

of the simulation or experiment. Kelton and Barton (2004) discuss experimental design’s 

importance in simulation and how a model developer should use it to their advantage. 

Conducting experiments of the simulation provides more knowledge to the model developer 

and helps to create an optimized simulation. Some questions that the developer might ask in 

this step include:  

 What model configurations should be run?  

 How long should the runs be?  

 How many runs should you make? 

 What’s the most efficient way to make the runs?  

Depending on the goals of the project, some of these questions are more relevant than others. 

In this study there was only one configuration for the simulation that was continuously 

improved, which removes the problem of which simulation configuration to run. Although, 

like Kelton and Barton note, if developer’s goal includes finding input variables that 

minimize or maximize some output variables, question of model configuration is relevant 

again. Simulation run length can be chosen naturally depending on the target of the 

simulation. For this simulation PS choice was a result of natural and logical consideration. 

Run length choice, among other assumptions and restrictions, is discussed in more detail in 

subsection 5.2.1. All in all, experiment designing requires the developer to analyze the 

model’s inputs and decide length and amounts of runs that will be made.  

Production runs and analysis in step 9 include measuring the performance of the system and 

output variables that were specified in previous steps. In this study the output variables’, of 

which the final portfolio value is the most important, distributions are analyzed by classical 

statistical values like mean, median and standard distribution. Furthermore, advanced 

distribution measures like kurtosis, skewness and quantiles are used in analysis as well. 

These measures with their pros and cons were discussed in section 4.4. In addition to 

portfolio value, simulation collects monthly data of cash available, number of loans, closed 

loans, number of loans at default, total monthly interest, and the total monthly principal. Like 
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mentioned previously in this chapter, collecting information on multiple variables ensures 

that the system works as intended. This helps in model verification and validation.  

To generate random variables for simulation inputs, parameters and their input distributions 

were transformed into cumulative density functions (CDF) that can be used to create random 

variables that reflect the original data. These random variables were generated using the 

inverse CDF-method that will be discussed in subsection 5.2.2. Some parameters are static, 

that is they do not need to be generated on the go in the simulation. These includes variables 

like monthly default probability that was calculated using the original data. 

Output analysis is the examination of data that is generated by the simulation. In simulations, 

analysis can include predicting the performance of a system or comparing it to alternative 

designs and/or input parameters.  

5.2.1 Simulation, assumptions & restrictions  

Goal of this chapter is to discuss how this simulation was created and what was taken into 

consideration when writing the simulation script. This chapter discusses all aspects of 

crowdlending investing that should be taken into consideration, that might have not been 

included in this simulation, when investing into these loans and how they can affect the 

development and returns of the investments.  

Main goal of this study is to study how diversification affects investments in crowdlending 

loans. Hence, the simulation that is used to study the effects does not present an exact copy 

of investing into these securities. Simulation was created to try and mimic how investments 

work and shape it to vaguely present how crowdlending portfolios might evolve depending 

on the level of diversification. The simulation model that is targets to create a robust heuristic 

solution to the problem and it make many assumptions that can create large differences to 

the same investments in real life. In the end, the goal is to study effects of diversification, 

ceteris paribus, in other words, all other things being equal. This study does not try to study 

the returns of crowdlending loans in sense, but how they can be evolve differently using 

various levels of portfolio size. For that reason, returns that are discussed in this study should 

not be compared to different asset classes like bonds or stocks.  

In addition to returns, one of the most important and crucial parameters in credit investing, 

default rate, is not studied in this research. In fact, it is assumed to stay constant over time, 
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which cannot be assumed in real life. Default rate is calculated using historical data, which 

is closest to the truth, but it can fluctuate or plateau over the years. Moreover, default rate 

can be affected by other factors that the creditor or in this case, the crowdlending platform, 

has a choice in. As the borrowers in this platform go through a credit process before they are 

eligible for a loan, the choices made by the risk management team can influence the default 

rate by choosing which projects have a reasonable risk and return for their customers 

(investors). Risk management department have their own goals which drive them to keep a 

certain level of default rates in the loans that were disbursed, but over time the goals of the 

department can change, and new policies could be added where they are incentivized to take 

more or less risk, depending on the needs of the company. This can influence the default 

rate, positively or negatively, as the overall spectrum of accepted loans narrows or widens. 

It has been discussed that SMEs and their creditworthiness can be hard to evaluate due to 

the lack of information available, which is the risk management department needs skilled 

people to conduct extensive analysis of the borrower. Since crowdlending risk department 

does lot of human labor, which is not simple to replace, there is a risk of key personnel 

leaving the company that can reduce the level of risk analysis that in turn can increase the 

default rate.  

Sometimes borrowers do not pay their installments on time and the payments can be late by 

a few days up to months. This study does not try to model the payment behavior of the 

borrowers as it does not change the big picture of diversification. In fact, the simulation does 

not take late payments into consideration at all. Borrowers either pay on time or they are at 

default. Compared to real life situation, payments of loans that come late have a negative 

effect on returns as cash is not reinvested and compounded as fast as it could. Late payments 

have even more significant effect when loan is amortized, as single payment also includes 

principal payments, or when the last payment of a bullet loan is in question.  

Like in academic studies generally, this study does not take the effects of capital gain tax in 

consideration. Largest reason for it is that in Finland capital gain tax depends on persons 

amount of capital income. Similarly, if a company invests in crowdlending securities, it is 

impossible to determine the overall tax the company will end up paying. But it is important 

to note that in real world, interest rate income is taxed for every payment the investor 

receives, which will reduce the compounding effect over time as 30%-34% of individual’s 

monthly interest is taken by capital gains tax in Finland (Finnish Tax Administration, 2018). 
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In addition to taxes, expenses reduce the effect of compounding significantly. Expenses are 

not included in this simulation, as they do not affect results of diversification significantly. 

In crowdlending services, most platforms have transaction fees, which are paid whenever an 

investor invests into a loan and its usually in measured in percentages. Transaction fees 

usually range between 0-3% in the crowdlending industry. Some services can have a fixed 

minimum amount for transaction fee, but fixed fee amounts are measured in maximum of 

few cents. Platforms can have annual account fees or service fees with annualized percentage 

amounts. These usually range between 0-1% and are usually paid when principal and interest 

payments are paid to investor’s account. If taxes and fees were to be deducted, the 

compounding effect and overall profits would reduce significantly. 

Simulation is set with intelligent initialization to reduce initialization bias, meaning that the 

start state is initialized in a way that it is simpler to create. Initialization bias makes all 

portfolios equal at t = 0, where t = month (Banks et al., 2011). This means that all portfolios 

start the simulation with the given PS value (2, 5, 10, 20…150). It can take years to achieve 

a portfolio of 150 loans for example, but 2 loans can be essentially in an instant. This is 

important to note that due to the limited amount of loans on the platform, one cannot instantly 

create a large portfolio, at least when secondary markets are not available.  

5.2.2 Random variable generation 

Random numbers are generated to generate a new sample of loans that are used in the 

simulation. There are different methods for generating random numbers and samples. 

Method of use depends largely on what type of data the user has. Whether data is discrete or 

continuous makes a large difference. Usually, random variables with a specific probability 

distribution are generated with statistical methods by using mean and standard deviation for 

example. But if there is a specific distribution were input values want to be generated other 

methods need to be used. This is the case in this study were specific distribution of risk 

categories, interest rates, and maturities are used as inputs to the model.  

If the shape of the distribution does not match a known distribution like Weibull or Uniform 

distribution, an empirical distribution can be generated of the underlying data. Inverse-

Transform Technique lets the user to generate a random sample from the given empirical 

cumulative distribution function (Empirical CDF). Empirical CDF is created by first forming 

the probability density function (PDF). Probability density function includes all frequencies 
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of unique observations in the given set of data. PDF is demonstrated in figure 6, where x-

axis demonstrates the different classes of the underlying distribution and y-axis tells their 

corresponding frequency in the dataset. This data is for demonstration purposes only and 

does not reflect on any underlying data used in this study. Maximum value for relative 

frequency is 1, which would occur if the give distribution would consist of only one class of 

observations.  

After PDF has been solved, the empirical CDF is created by creating a cumulative density 

function by summing up the probabilities given in PDF. This is done by performing a 

cumulative sum of the PDF. Table 2 show the evolution of PDF to CDF by using the values 

of demonstration in figure 6. 

When the CDF is created, new sample can be generated using the Inverse-Transform 

method. Essentially, this is done by generating random numbers with a random number 

generator. In this case, it was done by function that R provides called runif. Runif uses seeds, 

Figure 6. Probability distribution function 

CLASS 1 2 3 4 5 6 

PDF 0.31 0.25 0.21 0.15 0.7 0.01 

CDF 0.31 0.56 0.77 0.92 0.99 1.00 

 

Table 2. PDF and CDF values 
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like almost all other random number generators, to produce pseudo-random numbers. After 

getting a random number ri, it is matched against the intervals of the empirical CDF. Its 

name, Inverse-Transform technique is received from using the inverse CDF to generate the 

new variable. If probability r is received by the function F(X), the generated new sample is 

received from its inverse function F-1. For discrete distributions variable generation is 

relatively easy table look-up procedure. Mathematically, in this example the generation 

function for a new class with a random number ri is given by: 

𝑋 =

{
 
 

 
 
 1,                 𝑟𝐼 ≤ 0.31
 2, 0.31 <   𝑟𝐼 ≤ 0.56
 3, 0.56 <   𝑟𝐼 ≤ 0.77
 4, 0.77 <   𝑟𝐼 ≤ 0.92
 5, 0.92 <   𝑟𝐼 ≤ 0.99
 6, 0.99 <   𝑟𝐼 ≤ 1.00

                                             (10) 

For example, random number ri = 0.89 would generate X=4 and random number ri = 0.28 

would generate X=1. This method is visualized in figure 7, where x-axis represents the 

sample classes that are generated from the function and y-axis the value of CDF. By shooting 

random values between 0 and 1 horizontally from the y-axis generated values will be 

received from the bar that is hit by the random number. Figure 7 presents this by using values 

used in previous paragraph: ri = 0.89 and ri = 0.28. This process is repeated as many times 

Figure 7. Inverse-transform method 
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as wanted to generate a sample of random observations replicate the distribution of the 

original data. This helps to generate results with different outputs. Inverse-transform method 

is used to generate loans for the simulation portfolios, but it is also used to generate credit 

losses. In this case only two categories would exist on the CDF chart.  

Simple look-up from a table is not a method available for computers. In code, computer will 

check each category given in equation 10 and check which category random number X 

matches. This process is simple, but when inverse CDF process is run millions of times it 

can slow the overall execution time of the simulation. This can be avoided by letting the 

computer to start checking from the class that is the median or mode of the distribution 

(McLeish, 2005).  

5.3 Discrete-event simulation model 

After the data had been cleaned to appropriate format the model was built using multiple 

nested loops and random number generation (RNG) that was discussed in previous chapter. 

For the random generation to work, the probability density functions, and corresponding 

cumulative density functions had to be created for the generated parameters that are used in 

to generate the parameters of the random loans. To generate these loans prior to the 

simulation model, a function called loan_generator was created that generates the loan with 

four parameters: risk category, maturity, loan type and interest rate.  

Firstly in the function, the risk category was generated from the sample data, and this starts 

by generating a random number between 0 and 1. Than this number is compared against the 

distribution of risk categories like shown in previous chapter, where the generated value of 

x would represent a given risk category, similarly as presented in the previous chapter. Risk 

category is generated first as it is the best metric at dividing the sample data according to the 

risk level of the loan compared to maturity and interest rate as it has should be measure of 

operative and financial risk of the company. After receiving the risk category, the function 

proceeds to filter the data so that the following generated parameters for the loan correspond 

to the proper risk category. For example, if AAA was the generated risk category, the filtered 

data would consist only of loans that hold a rating of AAA. With this filtered dataset, the 

function resumes to generate the maturity of the loan with the inverse-transform method. 

Maturity is generated first as interest rate is restricted to some extent by maturity. For 

example, there were no loans in the dataset that had maturity of less than 6 months that would 
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have had yearly interest rate of less than 12%. Loan type was, which is the fourth and last 

parameter of the generated loan, is also affected by maturity as bullet loans have a maximum 

maturity of 24 months. Third parameter is the loan type, of which there are 2 options, either 

amortized or bullet. Again with the inverse-transform method either type is generated 

according to the filtered dataset, with the only exception being that loans with maturity of 

over 24 months cannot be classified as bullet, as the platform does not offer longer maturity 

bullet loans. For the last parameter interest rate, is generated in similar fashion with inverse-

transform method using the filtered dataset. In the end the function outputs a list of four 

parameters.  

With the ability to generate random loans that reflect the original dataset the simulation 

model can be built. Discrete-event simulation model is built with multiple nested loops. Each 

portfolio has two different tables keeping up with the simulation. First follows each loan in 

the portfolio with loan status, risk category, maturity, remaining maturity, interest, total 

principal and remaining principal. Second table holds the total statistic of the portfolio with: 

total value, cash, number of loans, number of active loans, number of closed loans, total 

monthly interest, and credit losses. Prior to starting the simulation, each portfolio is reset to 

have the same starting parameters, of which all are zero other than available cash.  

Simulation is executed with ascending portfolio sizes, firstly running simulation with PS of 

2 and increasing the amount as all 500 iterations of simulation are completed for each level 

of PS. At t=0, loans are generated to the portfolio in accordance with the PS. This is done by 

naïve distribution by dividing the total cash available with PS of which quotient is used to 

invest into each loan. Simulation is done for a five-year period which adds up to 60 months. 

At each step, or month, interest rates and principal payment are calculated for each loan and 

consequently subtracted from the loan portfolio statistics mentioned in the previous 

paragraph. Similarly, if a loan is paid back in full it is removed from the portfolio. If there is 

extra cash available and there are less loans in the portfolio than the given PS, cash is used 

to add more loans to the portfolio. Using the credit loss measures from the data each loan 

has a test at every month for default probability. This is executed using again the inverse-

transform method by using the monthly default probability derived from yearly default 

probability as the inverse CDF function input and x having two options: loan defaults, loan 

does not default. If a default happens, there is a certain amount of time that the loan stays 

inactive in the portfolio until it is counted as credit loss, which is done to replicate the credit 
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loss process where default does not indicate a direct credit loss. In addition, even if credit 

the borrower is insolvent the collection process can take months or even years. Although, 

details of this process are not involved in this simulation and numbers that are used are rough 

estimates derived from the underlying dataset.  

In terms of results, most important values that are gathered in the simulation are the overall 

values, as in the returns of portfolios. Returns are gathered along the simulation, but the final 

values at the five-year mark that has been defined is the most significant for this study. 

Returns are used to measure the overall performances of different PS sizes and they also act 

simultaneously as a measure of risk. Returns are analyzed using the metrics mentioned in 

chapter four, which includes statistical analysis and risk-adjusted returns.  

5.4 Model validation and tests for normality 

To ensure that the simulation model and generated sample function relatively closely to the 

actual data, validation metrics need to be applied to measure the accuracy and precision of 

the model. For validation, model was ran using the original dataset consisting of loans and 

picking loans in random and naïve fashion.  

Statistical testing is utilized to measure the accuracy of the model. Results of the simulation 

that were obtained by using the generated loans created with inverse-transform method are 

compared to results obtained by using original dataset as input data. Student’s two sample t-

test compares two samples of data and compares if the means of the two datasets are similar. 

Like it has been noted by Hopkins, Glass, and Hopkins (1987) together with Overall, Atlas 

and Gibson (1995) the results of the test can be distorted when the samples compared do not 

hold equal variances. Other tests like Wilcoxon-Mann-Whitney test that should be more 

robust with dissimilar variances have been suggested as alternatives. Regardless, prior to 

testing the model validity with statistical test it is important to understand if results are 

normally distributed or not. This section focuses only on statistical testing and further 

figurative analysis of the distributions are done in chapter 6.  

In addition to model validation, whether results of the simulation are normally distributed or 

not is important for the metrics like Sharpe ratio which is used in analyzing the results. If 

data is not normally distributed it makes further analysis harder and methods to produce 

further analysis of the observations are limited. In case of Sharpe ratio, it uses standard 
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deviation of returns as a measure of risk. If a distribution where the standard deviation is 

derived from is not normally distributed, the potency of using Sharpe ratio (and standard 

deviation for that matter) as a measure of risk is questionable as the distribution can create 

risk from other sources like higher order moments.  

There are many ways to test if a distribution is normally distributed. Razali & Yap (2011) 

and Mendes & Pala (2003) find that Shapiro-Wilk is the most powerful when testing for 

normality of a dataset. Razali and Yap also find that Anderson-Darling test seems to perform 

similarly to the Shapiro-Wilk test. Therefore, Shapiro-Wilk and Anderson-Darling will be 

used to test the results for normality. Hypothesis for Shapiro-Wilk test are: 

H0: Data is normally distributed 

H1: Data is not normally distributed 

And for Anderson-Darling: 

H0: Data is normally distributed 

H1: Data is not normally distributed 

Significance level of 0.05 was used in these tests, hence  = 0.05. If p-value from a test does 

not exceed the value of , null hypothesis of H0 will be rejected and alternative hypothesis 

H1 will remain in power. Results from these tests are given in table 3. 

Both tests hold PS of 80 and 140 normally distributed, while Anderson-Darling additionally 

states PS of 150 to also as normally distributed. This creates some problems for model 

validation as well as results analysis in chapter 6. For example, like it was discussed in 

section 4.5.3, Sharpe ratio assumes that underlying distributions are normally distributed. 

Non-normal distributions are taken into consideration in the analysis. 

For validation this study uses hypothesis testing to validate the model by comparing the 

simulation result distribution with original data. The statistical test that is utilized for this 

occasion is the student’s two-sample t-test, which compares the distance of the means of the 

two distributions. Two-sample t-test is parametric, as in it relies on normally distributed 

distribution and that the two compared distributions hold similar shape and variance. Even 

though results might not be normally distributed or hold similar variances, t-test is still 

relatively robust test in these environments, which has been shown by Skovlund & Fenstad 
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(2001), Bridge & Sawilowsky (1999) and MacDonald (1999). Although, as majority of 

results are not normally distributed, they should be critically examined.  

Validation was conducted at four different PS levels to check if model accuracy changes 

between PS values. For validation only four levels were chosen as simulation run time is 

long. Results of two-sample t-test are given in table 4, which consists of test statistics at 

given PS. Statistics include t-statistic, degrees of freedom and p-value. In addition 

confidence intervals for the estimated mean are given with the standard errors.   

Across all PS under examination, p-values are under 0,05 that indicates that none of the 

compared distributions have similar means. Lower boundaries of confidence intervals seem 

to get even further from the mean with higher PS, while the higher boundary changes even 

more and hence narrow the confidence intervals. In addition, standard error decreases with 

narrower confidence intervals. This might indicate that portfolios with higher number of 

assets are easier to forecast then the ones with lower PS.  

 
SHAPIRO-WILK ANDERSON-DARLING 

PS Statistic p-value Statistic p-value 

2 0,90081 0,00000 10,57492 0,00000 

5 0,92859 0,00000 7,83634 0,00000 

10 0,92182 0,00000 7,78144 0,00000 

20 0,94513 0,00000 5,93093 0,00000 

30 0,97752 0,00000 2,94888 0,00000 

40 0,97678 0,00000 2,68128 0,00000 

50 0,97386 0,00000 2,21470 0,00001 

60 0,97459 0,00000 1,94661 0,00006 

70 0,98501 0,00005 1,42969 0,00107 

80 0,99557 0,16852 0,46195 0,25734 

90 0,97797 0,00000 2,23220 0,00001 

100 0,98262 0,00001 1,64163 0,00032 

110 0,98634 0,00012 1,66968 0,00027 

120 0,98885 0,00074 0,76807 0,04565 

130 0,98964 0,00134 0,89769 0,02184 

140 0,99821 0,88853 0,23659 0,78621 

150 0,99288 0,01783 0,74729 0,05137 

 

Table 3.Results of Shapiro-Wilk and Anderson-Darling tests 
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Simulation with generated sample seems to constantly give higher returns than the original 

data. This difference is likely result of the loan generation process. Loan generation part is 

conducted using the inverse-transform method which generates a sample closely to the 

original dataset. Although, for the model’s simplicity, the dataset was transformed to a 

simpler form for sample generation like discussed in section 5.1, which has had an effect 

compared to the original dataset.  

New loan sample generation tweaks the results somewhat compared to the original dataset 

and statistically the results are not derived from the same population (as p-values are under 

0,05). But even with new sample generation the simulation results come close to the actual 

data and hence performs close to what was expected. In addition, the goal of this study was 

not to model returns as closely as possible, but to have a model that resembles the real world 

close enough that the effects of diversification could be studied.   

  

  PS t-statistic Degrees of freedom p-value 95% confidence intervals Standard error 

10 -2,1371 998 0,03283 -5651,99 -240,91 1378,73 

50 -6,3299 998 0,009036 -3697,36 -527,83 807,74 

100 -14,594 998 < 0,0001 -7547,46 -5045,71 636,93 

150 -16,584 998 < 0,0001 -7314,62 -5131,91 556,15 

 

Table 4. Results of two-sample t-test 
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6. Empiric Results 

This chapter presents and discusses the results of the DES. Firstly, the overall results of the 

simulation are discussed to get a grasp on how different PS managed to generate returns on 

their relative risk level. By understanding the overall results, the following chapters will dive 

deeper into the results and analyze the underlying distributions to understands the risks of 

different PS levels. From there, analysis dives deeper into the distributions, higher moments, 

and other performance metrics.  

6.1 The Big Picture 

Firstly, results of simulation will be compared between portfolio sizes by assessing all 

iterations of the simulation. This will give a base line that further results can be compared 

to. To iterate, the results are analyzed through the final portfolio value after 5 years or 60 

months but like it was discussed in section 5.2.1, values of portfolios do not reflect real world 

scenarios as taxes and commissions among many other variables are not taken into 

consideration.  

Results of simulation are found in figure 8. Y-axis measures the final portfolio returns and 

each x-axis step indicates the PS level. Figure 8 shows the results in a boxplot that represents 

the distribution of values. Boxplot enables a simple comparison of different distributions as 

it fits to a relatively small space. Boxplot square’s upper side depicts the 3rd quartile (75%-

quantile) and the lower side the 1st quartile (25%-quantile) of the distribution.  They 

represent the middle number between the median and the maximum and the median and the 

minimum value correspondingly. The line inside the box indicates the median, or the middle 

value, of the whole distribution. Lines that point vertically outside of the box indicate the 1st 

and 4th quartiles the dataset. Points above or under the vertical lines represent outliers. As 

outliers influence the mean, median is used for more reliable analysis of distributions. 

Outliers will be discussed in the section 6.2. 
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By first glance, the results reflect expectations and hypothesis 1 that the lower PS levels will 

create larger disparities to the final portfolio values that would indicates a higher risk profile 

as well since higher variance lowers the ability to forecast future outcomes. Results seem to 

also support hypothesis 2 that lower levels of diversification do not necessarily yield higher 

returns for the portfolio. Mean and median of all observations (115313.2 and 118376.8), 

henceforth referred to as global mean and global median, are shown with red and blue lines 

correspondingly. Comparing to global median, first four levels of PS (2-20) have around 

75% of the total returns (or 75% of the simulations) under the global median. Whereas last 

five levels of PS (110-150) have about 75% of their observations above the global median. 

With a PS of 60 over 50% observations are above the global median. This would indicate 

that portfolios with lower PS are less likely to gain returns above the global median of all 

observations. Table 5 presents the statistics of maximum, median, mean, minimum and the 

quartiles of 100, 75, 25 and 0 of returns on all levels of PS. PS levels are indicated on the 

vertical axis. Maximum and minimum indicate absolute highest/lowest values of a dataset 

that includes outliers. 100th and 0th quantile indicate the highest and lowest boundary within 

statistically significant distribution. In other words, observations above and under those 

levels are classified as outliers.  

Figure 8. Distribution of results by portfolio size  
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100th quantile values indicates that PS of 10, 30 and 40 have highest maximum returns of all 

PS in their observation. Although higher PSs of 80, 120 and 130 are not far below and in 

fact all PS levels have their 100th quantile values within 20 000. There does not seem to be 

a clear trend that lower levels of PS would have highest absolute values, as values are quite 

scattered between the PS. Moving right in the table 5, all metrics under the other than the 

100th quantile tell a different story. Lower PS portfolios seem to constantly have lower 

returns in statistics of 75th quantile, median, mean, 25th quantile and 0th quantile. Like the 

observation that was made previously in this paragraph about figure 8, around 75 percent of 

returns of PS 2, 5, 10, and 20 are under the global median of 118376,8. While the portfolio 

of highest PS (150) has 75% of their values above the global median, which can be read 

from 25th Q-column. Viewing the median column in table 5, median returns initially increase 

strongly but at PS of 30 the growth rate decreases and after PS of 80 median returns withhold 

only marginal increases at each incremental PS increase. Global median return is reached 

with a PS of 60. These observations indicate that by median, lower PS levels produce lower 

returns compared to portfolios with higher number of assets. In addition, by median marginal 

benefits of increasing PS start to slow down significantly by the PS of 40. Mean differs from 

0 MAXIMUM 100TH Q 75TH Q MEDIAN MEAN 25TH Q 0TH Q MINIMUM OUTLIERS 

2 237 904 138 414 88 363 69 630 74 596 54 687 5 856 -12 598 22 

5 235 209 151 405 103 136 84 777 89 132 70 584 27 944 744 22 

10 238 861 157 052 114 029 96 132 101 402 83 334 40 493 40 493 14 

20 215 532 152 687 118 926 107 213 109 228 96 007 62 536 53 405 21 

30 190 658 158 077 125 534 113 196 115 099 102 730 73 676 39 438 16 

40 182 591 157 739 126 470 115 586 117 024 105 510 77 407 61 291 13 

50 204 150 152 995 126 978 116 423 117 851 108 077 83 658 72 224 10 

60 186 075 149 855 127 023 118 450 119 523 110 628 86 828 86 828 13 

70 178 602 151 987 128 760 119 964 121 034 111 893 87 925 83 602 11 

80 162 751 156 591 131 248 122 528 122 779 114 301 91 441 88 031 5 

90 167 890 152 089 130 942 122 033 123 618 115 755 94 911 94 911 15 

100 172 779 153 831 130 904 122 585 123 689 115 463 92 912 92 912 7 

110 168 129 150 541 130 532 123 921 124 384 117 036 98 314 93 728 15 

120 184 464 154 840 131 645 124 184 124 574 116 126 93 770 81 417 4 

130 172 222 155 663 132 620 125 084 125 347 117 197 99 292 93 414 6 

140 157 321 153 932 132 759 125 223 125 477 118 079 98 478 89 869 5 

150 157 307 152 191 131 962 125 058 125 567 118 419 98 947 98 947 4 
 

Table 5. Result statistics by portfolio size 



 60 

median by some margin at PS of 2, 5 and 10 but the difference narrows down with 

incremental increases and at maximum PS of 150 there is only a marginal difference left.  

Minimums increase quickly until the PS of 60, depending on how closely one likes to 

interpret, and continues to slowly increase until the highest PS of 150. Similarly, the whole 

1st quartile (or 25th quantile) increases with higher PS levels and absolute increases slow 

down with rising PS. Maximum values have the same trend as minimums, but significant 

trend stops already at PS of 10, from whereafter maximums stabilize at slightly lower levels 

at above 250 000. In the same way as the 1st quartile, the spread between values in the 4th 

quartile narrows while its absolute values increase. Although this trend slows down after PS 

of 40. 

Table 5 has few major takeaways. Firstly, not counting exceptions like PS of 70-90, medians 

increase significantly until the PS of 40-60, from where it slowly increases all the way up to 

PS of 150. Mean follows roughly the same trend. Although 100th and 0th quantiles have large 

differences between PS levels, they only represent one value and hence cannot be used to 

make major conclusions. Further analysis of the distributions is needed.  

Although quartiles and boxplots give some indication of how the results are distributed, they 

do not tell the full story. The only provide information from point of the distribution and do 

not necessarily tell anything of the shape of the distribution. For example, even though 

normally distributed observations have a particularly shaped boxplot, similar boxplot might 

not be distributed in the same fashion. It is important to also assess distributions of 

observations by plotting the distribution curve. Figure 9 presents the distributions of results 

in density plots for every level of PS. X-axis represents values of observations, the returns 

of portfolios. Although y-axis indicates PS levels, each PS level can be thought to have their 

own y-axis that shoes the density of observations that indicates the height of the distribution.  

Largest takeaway from figure 9 is that the more loans are added into a portfolio the more do 

the results start to resemble a normally distributed bell curve. Up until PS of 100, 

distributions seem to hold some difference to a normal distributions like higher peaks, longer 

tails or asymmetrical shapes. Similarly to figure 8, distributions can also be seen to narrow 

down with higher PS levels and extreme value become less common. This is in line with the 

tests conducted in section 5.4 where distributions at PS of 80 and 140 were classified as 
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normally distributed by Shapiro-Wilk and Anderson-Darling tests, while the latter test also 

classified PS of 150 to be normally distributed. Judging by figure 9, distribution at PS of 80 

seems to have a non-normally distributed peak. All in all, looking at table 5, figure 8, and 

figure 9 distributions seem to shrink with higher PS and with all statistical measures also 

increasing across the board. 

6.2 Detecting and treating outliers.  

Outliers are extreme values that differ significantly from other observations. Another reason 

why boxplot was used is that it is efficient in finding outliers, of which there seem to be quite 

a few of in the final observations. PS of 2 and 5 both had 22 outliers which is indicated in 

table 5. On the other hand, the number of outliers seem to decrease with higher PS and three 

of the highest PS had four, five and six outliers correspondingly. There can be different 

reasons why outliers are present in the outcomes. Most likely, portfolios that are above 

distribution maximum (most of the outliers are higher than lower of the distribution) have 

received loans that are unlikely to happen often. For example, these portfolios could have 

multiple high yield loans that perform well. Without late payments and costs to the investor, 

portfolios that have high allocations to single loans and that succeed to have multiple high 

Figure 9. Probability distributions by portfolio size 
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yield loans in a row, will compound the capital quickly which can lead to extreme values 

after only a few years.  

Outliers can be treated and detected in various ways. Barbato et al. (2011) analyze multiple 

methods in their study. One of the most simple and robust ways is the interquartile range 

method, or IQR method. In the IQR method, all observations above and under the whiskers 

of the boxplot are removed from the dataset. Whiskers were not present in figure 8, but they 

represent the values were 1st and 4th quartiles end. Using the IQR method, all values above 

the upper whisker of  

𝑄3 + 1.5 × 𝐼𝑄𝑅                                                      (11) 

And any value under the lower whisker of  

𝑄1 − 1.5 × 𝐼𝑄𝑅                                                      (12) 

Where IQR is Q3 – Q1, are removed from the dataset. Barbato et al. mention that IQR method 

is quite crude and that it does not take sample sizes into consideration. However, it is used 

in this study for its quick implementation to see how the results would change if outliers 

were to be removed. Replication of the results in figure 8 is shown in figure 10 but this time 

without outliers. Without outliers the trend that was described in section 6.1.1 in figure 8 is 

more recognizable. Adjusting the data creates a couple of new outliers, but there are 

significantly less of them than before. In total, 201 observations were removed as outliers 

from the total of 8500 observations. According to Barbato et al. using the IQR method to 

Figure 10. Results by portfolio size with 4IQR method 
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normally distributed datasets, on average 0.7% of the data is removed as outliers. For this 

dataset 2,36% = 201/8500 were removed, which is significantly higher than the suggested 

level. This technique removes even the mildest of outliers, but acceptance level could be 

increased to remove only the most extreme outliers. This 7IQR method (instead of the 

previous 4IQR) is likely to remove around 0.02% of the data, which corresponds to a range 

of 9,4 standard deviations compared to the 5,4 standard deviations of 4IQR. Utilizing this 

wider acceptance range, only 18 outliers were removed from the total amount, which 

corresponds to 0.21%. Figure 11 presents the dataset after 7IQR method. By removing only 

the 18 most extreme outliers, there are clear changes compared to figure 10. Values of over 

200000 are almost totally removed. The deleted observations are mostly found in the lower 

PS categories, where there were significant extreme outliers. More specifically, 15 of the 18 

outliers were found in the first four PS levels.  

As there are many outliers, leaving the milder outliers and only removing the most extreme 

ones, is a better choice than removing a significant number of observations. If significant 

number of outliers are removed, it can make the analysis vulnerable to inconsistencies and 

some underlying trends can be left unnoticed. Henceforth, in further numerical analysis 

original observations will be analyzed together with the non-outlier data that is represented 

by the 7IQR dataset that has removed only the most extreme observations. This will give 

insight on how outliers affect the metrics used in this study. 

Figure 11. Results by portfolio size with 7IQR method 
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6.3 Statistical measures 

Most important analysis of results will be done using different statistical methods, which 

includes standard deviation, skewness, kurtosis, and Sharpe ratio. These measures should be 

able to give an estimation of the minimum portfolio size.  

Minimum portfolio size can be classified in different ways. This study follows D&K (2009) 

to some extent and uses the idea of small marginal benefit (SMB) to determine the portfolio 

size. By this D&K refer to Campbell et al. (2001) who argues that most common metric in 

measuring diversification benefits is to measure the speed at which the value of 

diversification metric changes. As increasing portfolio size creates more costs to the 

investor, there is a point where diversification benefits of adding more loans to the portfolio 

will not exceed the costs of the transaction. In other words, rational investor will not add 

loans to their portfolio if marginal benefits are lower of the cost of buying the loan. 

Transaction costs vary from investor to investor and from platform to platform, so it is hard 

to determine the absolute value for the cost of adding a loan. What is more, the increase in 

diversification benefits is more abstract and absolute values can be hard to estimate.  

For finding the minimum portfolio size of bonds, D&K used a reduction of 1% in the given 

metrics incremental steps. When moving to the next higher PS level does not improve the 

metric (increased or decreased depending on the metric) by more than 1%, the minimum 

portfolio size is found. Same method will be used in this study to estimate the minimum 

portfolio size. Like D&K mention, the SMB has the downside of settling down for a too 

small portfolio and hence leaving further diversification benefits to be gained.   

6.3.1 Standard deviation 

Starting from the standard metrics, standard deviation tells how far away from each other 

the results are. Figure 12 that presents standard deviation of results by portfolio size, shows 

a significant trend in standard deviation as a function of portfolio size. With a few 

exceptions, the next higher PS value will yield a lower standard deviation compared to the 

previous one. Highest standard deviation is found with a PS of 2 at 31938. From there, 

standard deviation decreases significantly until PS of 80. After reaching 80 loans, the 

incremental decreases in standard deviation are between 1%-5%, although the last step from 
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140 to 150 decreases standard deviation by 8,2%. Largest incremental decreases are found 

when PS of 20 and 50 are reached, which record -22% and -12,2% reductions in standard 

deviation respectively. Comparing standard deviation at PS of 2 to standard deviation at PS 

of 150, the overall reduction in standard deviation is 67,8% or 21658,9. If results at both PS 

level were normally distributed, 99,9% of observations at PS of 150 would fit inside of 1 

standard deviation of PS 2. This comparison shows how much broader the scale of returns 

is for lower PS levels. Close to identical observations can be made starting from PS of 80, 

where the reduction in standard deviation is already 60,1%. All changes in standard deviation 

with incremental, total, and absolute totals are shown in appendix 4.  

Standard deviation and with it, risk and uncertainty are higher the lower number of loans 

there are in a portfolio. Risk-averse investor will choose a portfolio of lower standard 

deviation, all else being equal. Hence, PS of 150 would be the choice of most investors.  

Using the 1% improvement rule of D&K, the minimum portfolio size is found at 60 as 

moving to a portfolio of 70 increases the standard deviation. This would be somewhat 

misleading, as PS of 70 includes few outliers in both tails of distribution that seem to increase 

standard deviation. Although, if the likely effect of outliers at PS of 70 is not taken into 

consideration, after PS of 60 the slope seems to get more gradual. After 60 and 70, next 

interval that has improvement of less than 1% is PS of 110, of which after the standard 

Figure 12. Standard deviation by portfolio size 
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deviation increases again slightly. This increase, in the same way to the interval of 60-70, 

can likely be explained with an extreme outlier that can be seen in figure 8.  

Looking at these results, more loans seem to give an investor a less risky portfolio. Some 

discrepancies were a result of outliers. In figure 13, standard deviation is graphed for the 

data that has been filtered with the 7IQR method. Results of standard deviation with this 

filtered dataset are presented in appendix 5.  

Results seem to follow the pattern of unfiltered results. PS of 60 is still the point where 

decrease in standard deviation is less than 1%. In addition, the form of the slope remains 

largely intact. Standard deviations decrease slightly in first PS levels. Although the numbers 

are different to results with all outliers intact, the overall trend seems to be same.  

All in all, PS of 60 is a point where descent of standard deviation slows down. This point 

might be a result of few outliers in the simulation outcome, but it seems be a point were 

significant drop in standard deviation end. PS of 60 provides a 57,1% reduction in standard 

deviation compared to PS of 2. For example, doubling the PS to 120 gives a reduction of 

62,6%. Standard deviation tells the distance between the values, but it does not specify where 

the risk is found within the distribution. Therefore further analysis of the results is needed in 

the form of skewness and kurtosis. 

Figure 13. Standard deviation by portfolio size (7IQR Data) 
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Absolute median deviation (henceforth AMD) is more robust in treating outliers. Figure 14 

shows the deviation of the results with regards to the median values. X-axis shows the PS 

values and y-axis the corresponding AMD values. Absolute numbers and differences of 

absolute median deviations are given in appendix 6.  

There are some clear similarities to the standard deviation graph. Trend is decreasing as more 

loans are added to the portfolio. Absolute values are lower compared to standard deviation, 

which was expected with outliers in many PS levels. Similarly to standard deviation, trend 

stops at PS of 70 where a slight increase is seen. After PS of 70 the incremental decreases in 

AMD slow down but there is clearly evidence for smaller deviation with higher PS levels. 

For example, moving from PS of 90 to 100 does not bring significant benefits to AMD.  

By using the 1% rule, the acceptable minimum portfolio size would be 60 as moving to a PS 

of 70 would increase AMD and hence would increase the risk of the portfolio. Exact values 

of AMD are given in appendix 5. PS of 60 decreases the overall Absolute median deviation 

by 53%. Doubling the amount of loans to 120 would give a total decrease of 58,4% compared 

to having only two loans in the portfolio and having the maximum of 150 would decrease 

AMD by 63,9%. Apparently by stopping at PS of 60 an investor still leaves significant 

reduction of AMD on the table. The apparent increase between 60-70 might have been 

caused by the same outliers that were mentioned with standard deviation. To smooth out the 

Figure 14. Absolute median deviation by portfolio size 
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trend, AMD with a moving average of two is found in appendix 7. By smoothing the results 

with a moving average, the trend is more stable and shows that investor should not stop at 

PS of 70 as increasing PS can still be beneficial in terms of risk management. Same could 

be said for standard deviation.  

6.3.2 Skewness 

Skewness represents one dimension of the distribution form. It is measured by a single value 

that tells if the distribution skewed to left, right or not skewed at all. Figure 15 shows the 

measures of skewness for the results of the simulation. Y-axis represents the skewness values 

and x-axis the PS levels. In essence, the red circles tell the skewness value at each 

diversification level. Numerical results for skewness are given in appendix 8 with 

incremental and total differences.  

Overall trend for skewness seems to be decreasing as the amount of loans increases in the 

portfolio. Although, the trend is not completely smooth. In PS values of 30 and 80 skewness 

values are significantly lower than in previous and next PS value. Significant changes might 

be caused by extreme outliers. Additionally, skewness at PS of 140 seems to be somewhat 

off the trend of other PS values. 

Figure 15. Skewness by portfolio size 
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From PS of 2 to 20 the distributions of portfolio values are highly skewed as they hold a 

skewness value of 1 or higher. Positive skewness value signifies that more data is found 

from the right side of the peak of the distribution. In other words, mean of the distribution is 

higher than median and that the right tail of the distribution is longer than the left. After the 

first four PS levels, skewness value decrease to a range of 0,3-0,7 excluding the value of 140 

PS. This suggests that most PS levels produce either moderately skewed data or 

approximately symmetrical data. The results suggest that by increasing the number of loans 

in the portfolio an investor can achieve more normally distributed results, which in 

succession makes the investment sets easier to forecast. Additionally, it is reassuring that 

values of skewness are positive at all portfolio sizes, which indicates that extreme values in 

the distribution are likely to produces excess returns for the returns rather than excess losses. 

As it was mentioned in section 6.1.2 some outliers can be found from the results. Using the 

IQR7 method, the most extreme outliers were removed. The hypothesis that extreme 

skewness at certain PS levels (30, 80, 140) can be caused by outliers seems to have some 

backing when skewness is calculated with filtered datasets. In figure 16, skewness measures 

are shown for every PS level by using the two datasets: original and filtered with 7IQR. 

Filtered dataset has some differences to original results. After removing the most extreme 

cases in the 7IQR dataset, the first four PS levels (2-20) have lower skewness values than 

Figure 16. Skewness by portfolio size with original and 7IQR results 
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the original. This difference moves them to the moderate skewness class instead of the 

significant skewness classification by having values of less than 1. After the first four PS 

levels, filtered dataset follows the trend of the original dataset except for PS level of 50, 60 

and 120. These differences are explained by outliers that were removed from each of three 

PS levels. 

The 7IQR dataset might be more reflective of the real nature of the skewness in data by 

normalizing the data for the most extreme outliers as by only removing a small number of 

observations, skewness drops by large margin. From an investor’s point of view, it is 

reassuring to see positive skewness values across the board. This suggests that extreme 

values are likely to be found from positive rather than negative returns of portfolios. 

Although skewness statistics suggest that the distributions are positively skewed, as in 

having longer right tails, only the first PS levels show significant moderate skewness. This 

is backed up by figure 9 that shows how tails are longer on the right side for lower PS levels. 

Right-heaviness seems to continue to higher PS level but with less obvious effect.  

Variance in skewness values is quite high, which makes it difficult to apply the SMB-method 

in estimating the minimum portfolio size. After moving to PS of 30, skewness values do not 

significantly rise above 0,5 which would signal a moderate skewness in the data. Hence 

portfolios larger than 30 do not seem to significantly change skewness. 

6.3.3 Kurtosis 

Kurtosis tells how much values are weighted around the tails of the distribution. The higher 

the value of kurtosis is, the fatter the tails of the distribution are. Results for kurtosis is shown 

in figure 17, where kurtosis is found on the y-axis and portfolio size is given on x-axis and 

full results with incremental differences are shown in appendix 9.   

Similarly to skewness, kurtosis starts from higher values with lower PS levels and proceeds 

to decrease with higher PS. Excessive kurtosis is very high for first three levels, where 

kurtosis values are above or just under four. Kurtosis decreases until PS of 40 where after it 

increases at PS of 50. At PS of 80 kurtosis takes value of 0,052 that indicates a near perfect 

normal distribution. After reaching PS of 70 kurtosis exceeds above one slightly at PS of 

120. If not for the extreme outliers at PS of 50 and 60 kurtosis would stay at moderate levels 

starting from PS of 30. Effect of outliers can be noticed from appendix 10, where kurtosis 
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of the 7IQR dataset is shown. Extreme kurtosis values of low PS levels have decreased, and 

the slope is less steep.  

Analyzing appendix 9, kurtosis values fluctuate significantly between incremental PS levels 

that using the 1% rule for determining the minimum portfolio size is difficult. By 1% rule, 

the minimum PS is found at 40, as kurtosis increases at moving to the next PS size. Assessing 

numbers and the graph, PS of 40 is a point where a large part of the overall decrease in 

kurtosis is achieved and where the decreasing trend starts to even out. In addition, excluding 

PS of 50 and 60, excess kurtosis stays at moderate levels of under one after PS of 40. 

Although, similarly to other metrics like skewness and standard deviation, by settling for a 

minimum portfolio size of 40 the investor leaves larger diversification benefits on the table 

by not opting for larger PS.  

Overall, there seems to be positive kurtosis across the board on all portfolio sizes, excluding 

PS levels of 80, 140 and 150. Positive kurtosis values indicate a tail-heavy distribution. This 

increases the risk level compared to a normal distribution as extreme values are more likely 

to happen. Risk-averse investors would opt for a low-risk portfolio which in terms of kurtosis 

is a high PS portfolio of at least 40 loans. This makes the investment more predictable and 

the likeliness of extreme values being very extreme are lower.  

Figure 17. Kurtosis by portfolio size 



 72 

6.4 Sharpe ratio 

Sharpe ratio is used to measure the relationship of risk and returns. It was discussed that 

Sharpe ratio does have some obvious flaws in modeling the correct ratio of risk and return 

in this study. But it is the simplest way to model the relationship of risk and return of 

portfolios in this study. Reflecting on results that were received from standard deviation in 

subsection 6.3.1, if returns remained at the same level Sharpe ratio should increase with 

larger PS as standard deviation decreased by large margin by adding more loans.  

Figure 18 shows the Sharpe ratios of simulation for their corresponding PS level. X-axis is 

defined by the PS level and y-axis shows the corresponding Sharpe measure. There is a clear 

upward trend in Sharpe, which signals that higher PS level have generated better risk-

adjusted returns.  

Large portion of the increase in Sharpe ratio can be tracked to the decrease in the 

denominator of standard deviation. Standard deviation decreased to almost one third from 

the PS of 2 to PS of 150. Although, that does not explain the total increase in Sharpe ratio, 

there also seems to be higher returns to some extent with higher PS levels.  

Figure 18. Sharpe ratios by portfolio size 
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All else being equal, a rational investor would choose a portfolio with higher risk-return 

ratio. Figure 18 shows that portfolios with higher PS have been more efficient in finding 

returns compared to portfolios with lower PS. Sharpe does not tell the total amount of risk 

taken, and neither higher Sharpe ratio show if there was excess risk taken in achieving the 

returns. Some indication of the relationship of risk and return were shown in figures 8 and 9 

and that has been repeated in figure 18 as well.  

As it was discussed in section 4.5.3, standard deviation might not be able to portray all of 

the risk in an investment as nonnormally distributed returns withhold risk in higher order 

moments. Previously in section 5.4 results for normal distribution were concluded and only 

PS of 80 and 140 were classified as normally distributed in both tests. Hence, results of 

Sharpe ratio should not be taken as totally risk-adjusted measure. Although, figures 16 and 

17 show that after PS of 30 or 40 skewness and kurtosis do not fluctuate significantly, while 

standard deviation keeps decreasing all the way to PS of 150. This does give more support 

to results given by Sharpe ratio in figure 18 and that standard deviation does act as a good 

measure for risk even if the results might not be completely normally distributed.  
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7. Conclusions 

Objective of this research was to model diversification benefits in the context of 

crowdlending assets and try to find a portfolio size that would optimize portfolios for 

diminishing returns of diversification. In addition, this study went out to provide more 

information to investors and crowdlending platform that provided the data about how 

portfolios are affected by different sizes. Although there was not a clear-cut answer to the 

portfolio size, findings of the research do provide guidelines for the minimum portfolio size. 

Prior to conducting the study a main and sub-research question were defined.  

Main research question.  

What is the minimum number of assets investor should have to achieve a diversified 

portfolio? 

Sub-research question for the study was defined as: 

Do higher risk portfolios generate higher returns?  

To answer these questions, a simulation was created that would mimic portfolios built of 

crowdlending loans with different number of assets in them. Methodology for this simulation 

was discrete-event simulation, which was created in R for this study’s purpose. Building the 

discrete-event simulation model followed the methodology proposed by Banks et al. (2010). 

Simulation generated portfolios of different sizes and followed their returns for a five-year 

period. 

By analyzing the returns, standard deviation and absolute median deviation set the minimum 

portfolio size to 60 while skewness and kurtosis output set the minimum PS at 30 and 40 

respectively. In addition, skewness was positive across all portfolios, which is positive for 

investors as it tells extreme observations are more likely to be positive than negative. There 

does not seem to be an exact portfolio size to optimize skewness and kurtosis, skewness 

remains moderate after PS of 30 and moves in similar range with higher PS levels and nearly 

symmetrical tails (kurtosis of lower than 1) can be achieved at PS of 30 as well. Although 

higher PS levels produce more symmetrical distributions in returns. While values of kurtosis 

and skewness levels remain at similar range, standard deviation and absolute median 
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deviation decrease systematically, which suggest PS  60 would be good target for a minimum 

portfolio size were marginal benefits of larger PS are slowing down. Although, similarly to 

the results of Dbouk and Kryzanowski (2009) there are more benefits to be gained by 

increasing the PS. Albeit study of Dbouk and Kryzanowski was conducted on bond markets, 

the results are of this study are close to their suggestion of minimum portfolio size of 25 to 

40 depending on the issuer and rating. Results of this study differ from the older research of 

bonds markets conducted by McEnally and Boardman (1979) that found portfolio built of 

16 bonds is adequate in achieving a fully diversified portfolio. This could be explained by 

the differences between the asset classes, the methodology or the timeframe of the study. 

Sub-research question looks to answer how risk and return are related in the crowdlending 

context. In this study risk was measured using standard deviation, skewness, and kurtosis. 

On all metrics portfolios with lower size exhibited more risk than portfolios with larger 

number of loans. Higher risk did not create any excess returns for the lower PS portfolios 

and that hypothesis 2 holds in this study. Risk-adjusted performance metric Sharpe ratio 

gives support as performance of portfolios grew almost linearly with increasing portfolio 

size. Hence, investor should maximize the size of their portfolio for maximal risk-adjusted 

performance.  

This study provides more information to investors on how adjusting the portfolio size can 

affect the results of their investment and what they should expect when adjusting the 

portfolio size. In addition, results provide more information to the industry where there is a 

small number of studies conducted on actual returns or risks of the investments. For 

crowdlending platform that provided the data this study produces better information of their 

crowdlending products. Consulting and communicating with their customers on their 

investments should improve by using the results of this study as there is more information 

on how many loans is an investor should hold in their portfolio consisting of crowdlending 

assets.  

Small sample size was one of the main limitations of this study. For future studies, a more 

comprehensive dataset that might include data from multiple platforms could provide more 

informative and accurate results and additionally would create a comprehensive analysis of 

the whole industry. Additionally, the scarcity of studies conducted of this industry did limit 

this study as there were no direct reference points where results of this research could be 

compared to. Most similar studies have been conducted about the bond markets, which are 
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similar assets but the underlying differences in the assets are quite extensive. Overall, more 

research should be conducted of crowdlending and whole crowdfunding industry.  

Study and results of this study are also limited by the simulation model. The model leaves 

many important aspects of investing to crowdlending loans out of consideration due resource 

and data constraints. For example, improving the simulation model to take late payments 

into consideration would create more realistic results. Although, many updates to the model 

might create only marginal improvements and they would unlikely change the results 

received in this study in terms of diversification. However, the same model could be 

improved with parameters like personal tax rate and costs of investment that would create a 

more realistic view of real world returns for any given investor.  
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Appendix 1. Recovery rate formula (Ye and Bellotti, 2019) 

𝑅𝑒𝑐𝑜𝑣𝑒𝑟𝑦 𝑅𝑎𝑡𝑒 =  
𝑅𝑖 − 𝐴𝑖
𝐸𝐴𝐷𝑖

= 
∑𝐶𝑜𝑙𝑙𝑒𝑐𝑡𝑖𝑜𝑛𝑠 − ∑𝐴𝑑𝑚𝑖𝑛 𝐹𝑒𝑒

𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔 𝐵𝑎𝑙𝑎𝑛𝑐𝑒 𝑎𝑡 𝑑𝑒𝑓𝑎𝑢𝑙𝑡
 

 

Appendix 2. Credit ratings of Finnish third party providers (Asiakastieto Oy, 2021; 

Bisnode Finland, 2021) 

 

 

 

 

Appendix 3. Absolute values of quantiles and other statistics of results  

 

 

 

 

 

 

 

 

 

ASIAKASTIETO RATING ALPHA BISNODE 

RATING Explanation Rating Explanation 

AAA Excellent AAA Highest rating 

AA+ Good+ AA Good creditworthiness 

AA Good A Creditworthy 

A+ Satisfactoy+ B Unsatisfactory 

A Satisfactoy C Credit is not supported 

B Passable AN New company / no rating 

C Weak - No rating 
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Appendix 3. Results of distribution fitting for the dataset  
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PS STANDARD 

DEVIATION 

DIFFERENCE TOTAL 

DIFFERENCE 

ABSOLUTE 

TOTAL 

2 31938 
   

5 29748,2 -6,86 % -6,9 % -2189,8 

10 26594,5 -10,60 % -16,7 % -5343,5 

20 20740,7 -22,01 % -35,1 % -11197,3 

30 19054,8 -8,13 % -40,3 % -12883,2 

40 17353,7 -8,93 % -45,7 % -14584,3 

50 15226,6 -12,26 % -52,3 % -16711,4 

60 13701,5 -10,02 % -57,1 % -18236,5 

70 14041,3 2,48 % -56,0 % -17896,7 

80 12751,7 -9,18 % -60,1 % -19186,3 

90 12332,7 -3,29 % -61,4 % -19605,3 

100 12167,6 -1,34 % -61,9 % -19770,4 

110 11605,6 -4,62 % -63,7 % -20332,4 

120 11944,7 2,92 % -62,6 % -19993,3 

130 11799,5 -1,22 % -63,1 % -20138,5 

140 11200,2 -5,08 % -64,9 % -20737,8 

150 10279,1 -8,22 % -67,8 % -21658,9 
 

Appendix 4. Standard deviation results 

PS STANDARD 

DEVIATION 

DIFFERENCE TOTAL 

DIFFERENCE 

ABSOLUTE 

TOTAL 

2 28472,9 
   

5 27295,4 -4,1 % -4,1 % -1177,5 

10 24661,2 -9,7 % -13,4 % -3811,7 

20 19557,8 -20,7 % -31,3 % -8915,1 

30 19054,8 -2,6 % -33,1 % -9418,1 

40 17353,7 -8,9 % -39,1 % -11119,2 

50 14742,1 -15,0 % -48,2 % -13730,8 

60 13386,4 -9,2 % -53,0 % -15086,5 

70 14041,3 4,9 % -50,7 % -14431,6 

80 12751,7 -9,2 % -55,2 % -15721,2 

90 12332,7 -3,3 % -56,7 % -16140,2 

100 12167,6 -1,3 % -57,3 % -16305,3 

110 11605,6 -4,6 % -59,2 % -16867,3 

120 11651,0 0,4 % -59,1 % -16821,9 

130 11799,5 1,3 % -58,6 % -16673,4 

140 11200,2 -5,1 % -60,7 % -17272,7 

150 10279,1 -8,2 % -63,9 % -18193,8 

 

Appendix 5. Standard deviation results with 7IQR dataset 
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Appendix 6. Absolute median deviation results  

 

Appendix 7. Absolute median deviation with moving average of 2 

PS ABSOLUTE 

DEVIATION 

DIFFERENCE TOTAL 

DIFFERENCE 

ABSOLUTE 

TOTAL 

2 22382,9 
   

5 21382,7 -4,5 % -4,5 % -1000,23 

10 19446,2 -9,1 % -13,1 % -2936,75 

20 15245,5 -21,6 % -31,9 % -7137,41 

30 14446,4 -5,2 % -35,5 % -7936,49 

40 13396,2 -7,3 % -40,1 % -8986,75 

50 11604,3 -13,4 % -48,2 % -10778,64 

60 10512,9 -9,4 % -53,0 % -11870,01 

70 10886,3 3,6 % -51,4 % -11496,65 

80 10163,5 -6,6 % -54,6 % -12219,48 

90 9562,6 -5,9 % -57,3 % -12820,31 

100 9484,5 -0,8 % -57,6 % -12898,45 

110 8917,5 -6,0 % -60,2 % -13465,39 

120 9314,4 4,5 % -58,4 % -13068,54 

130 9215,0 -1,1 % -58,8 % -13167,96 

140 8917,4 -3,2 % -60,2 % -13465,49 

150 8081,0 -9,4 % -63,9 % -14301,92 
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PS SKEWNESS DIFFERENCE TOTAL 

DIFFERENCE 

2 1,5290 
  

5 1,2097 -20,88 % -20,9 % 

10 1,3552 12,03 % -11,4 % 

20 1,0727 -20,85 % -29,8 % 

30 0,3210 -70,08 % -79,0 % 

40 0,6185 92,68 % -59,5 % 

50 0,7044 13,89 % -53,9 % 

60 0,7015 -0,41 % -54,1 % 

70 0,5067 -27,77 % -66,9 % 

80 0,2033 -59,88 % -86,7 % 

90 0,5910 190,70 % -61,3 % 

100 0,5540 -6,26 % -63,8 % 

110 0,4476 -19,21 % -70,7 % 

120 0,3275 -26,83 % -78,6 % 

130 0,4124 25,92 % -73,0 % 

140 0,0230 -94,42 % -98,5 % 

150 0,2925 1171,74 % -80,9 % 

 

Appendix 8. Skewness results  

PS KURTOSIS DIFFERENCE TOTAL 

DIFFERENCE 
2 4,5625 

  

5 3,4246 -24,9 % -24,9 % 

10 3,6733 7,3 % -19,5 % 

20 2,5177 -31,5 % -44,8 % 

30 1,3519 -46,3 % -70,4 % 

40 0,8239 -39,1 % -81,9 % 

50 2,1309 158,6 % -53,3 % 

60 1,5334 -28,0 % -66,4 % 

70 0,7901 -48,5 % -82,7 % 

80 0,0520 -93,4 % -98,9 % 

90 0,5966 1047,3 % -86,9 % 

100 0,6019 0,9 % -86,8 % 

110 0,6038 0,3 % -86,8 % 

120 1,1192 85,4 % -75,5 % 

130 0,5472 -51,1 % -88,0 % 

140 -0,0276 -105,0 % -100,6 % 

150 0,0345 -225,0 % -99,2 % 

 

Appendix 9. Kurtosis results 
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Appendix 10. Kurtosis results of 7IQR dataset 
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