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The article analyses the factors that determine the probability of debtors’ default in the Lithuanian peer-to-
peer market. The results of this study are compared with previous research.
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Straipsnyje analizuojama, kokie veiksniai lemia skolininky nemokumo tikimybe Lietuvos savitarpio skolini-
mosi rinkoje. Gauti rezultatai lyginami su ankstesniy tyrimy rezultatais.
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Introduction

Households and businesses seek for exter-
nal funding, which is crucial for higher
consumption, larger development and
execution of financial plans. At this point,
the demand which arises from the need of
extra funds is fulfilled by the credit mar-
ket. The main players in this market are
banks or other financial institutions, such
as credit unions, which act as an inter-
mediary between lenders and borrowers,
or payday loan providers. The constantly
evolving information technologies, digi-
talization process or Blockchain innova-
tions help to create new credit alternati-
ves, which take an increasing share of the
market from the traditional providers.
One of these alternatives is peer-to-peer

(p2p) lending platforms, which allow us
to lend and borrow money among active
platform members without the interven-
tion of other financial intermediaries.
The financial resources are transferred
directly from individuals with capital sur-
plus (investor side) to those with capital
deficit (borrower side). Investors face all
the associated risks with the issuance of
the loan. One of the main is credit risk,
which is understandable as the risk which
arises from the debtor’s failure to fulfil
their financial obligations. Consequently,
inappropriate loan’s credit risk assessment
can cause losses and vice versa, proper
assessment can result in higher returns,
which is the main goal of any investment.

Just because the world’s first p2p len-
ding platform was launched just more
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than a decade ago (Lichtenwald, 2014), the
evaluation of credit risk factors on borro-
wing platforms has become an interesting
object of research among scientists and
other interested parties. Different authors,
C. Serrano-Cinca, B. Gutiérrez-Nieto and
L. Lopez-Palacios (2015), R. Emekter et al.
(2015), Y. Guo et al (2016), M. Pokorna
and M. Sponer (2016), H. Z. Ma and
X. R. Wang (2016), X. Lin, X. Li, Z. Zheng
(2017) and the others analysed different
approaches of credit risk in p2p. Howe-
ver, the research results were different and
there was no consensus about factors or
market subjects’ behaviour, which would
signalize about default in p2p platforms.
Moreover, it is important to mention that
most research is concentrated in coun-
tries with mostly developed p2p markets:
USA, China, United Kingdom, Germany,
etc., but there is a lack of that kind of stu-
dies in countries with less developed p2p
markets. Lithuania could be one example
where we have the lowest household sa-
ving rates in Europe and where investment
culture is just emerging. That is why it is
necessary to update existing studies and
assess the impact of credit risk factors on
default probability using these new alter-
native financing instruments.

Research problem: what are the main
determinants of credit risk that effect the
default in peer-to-peer lending platforms
in Lithuania?

Research aim: to identify the key de-
terminants of credit risk that influence
the default in the Lithuanian peer-to-peer
lending platforms.

Research objectives:

1. To define the concept and models of
peer-to-peer platforms.

2. To systematise the previous empi-
rical research results and to identify the

possible credit risk factors on peer-to-pe-
er platforms.

3. To develop methodology for assess-
ment of borrowers’ default determinants
in p2p platforms.

4. To apply the methodology of assess-
ment of borrowers’ default determinants
in the Lithuanian p2p platforms.

5. To summarize and compare results
with previous research.

Theoretical aspects of default risk
in p2p platforms

The concept of p2p platforms. In order to
assess credit risk factors in p2p platforms,
it is important to analyse the definition of
this phenomena. Even though this term is
not new in the finance field (first p2p plat-
form was established in 2005), but it does
not have a clear definition, and legislators,
scientists or investors are treating these
platforms differently. According to a Li-
thuania Law on Consumer Credit, p2p
platforms are defined as “an informational
system, which is managed by the operator
of that platform” and p2p lending as an
“activity, where lenders (creditors) provi-
de or pledge to provide a consumer credit
through p2p platform” (No. XII-1989).
Moreover, p2p platforms are customized
for both, individuals and businesses. In
scientific literature, this term is defined in
different ways. P2p platforms are based on
the digital space, involving one or a group
of market individuals, who use the same
platform without participation of finan-
cial intermediaries such as banks, credit
unions (Wei, 2015). C. Serrano-Cinca,
B. Gutiérrez-Nieto and L. Lopez-Palacios
(2015) define p2p platforms as financial
innovation that combine money supply
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and demand. K. Davis and J. Murphy
(2016) state that p2p platforms are more
similar to an online auction, but in the
case of loans, not goods. Good example
of that would be “Ebay”, “Uber”. Inves-
tors can choose debtors according to their
own criteria.

Y. Guo et al. (2016) explain the concept
of p2p platforms emphasizing their speci-
fic features, f.ex. loan amount and timing.
The requested loan amount first appears
at a loan application that is later financed
by lenders (investors). The loan amounts
and lenders’ quantity per loan vary a lot.
For example, loan of 1000 euro can be
funded by one investor, who finances the
whole loan, or distributed among a num-
ber of investors with different amounts of
contribution. Timing is another crucial
aspect of such kind of borrowing. If the
whole loan amount is collected via inves-
tors within a specified time-period, a loan
application is accepted. Another specific
feature of this borrowing market is that
debtors must provide not only common
compulsory information about working
status, income, assets or liabilities, but
also such information as detailed des-
cription of loan purpose, marital status,
leisure activities or hobbies. However, by
no means identifying a person’s identity
(Guo et al., 2016). P2p platforms create
some kind of social circles or networks
(platforms bring together people from the
same geographical area, religion, etc.) and
investors can rely not only on financial
information when making investment de-
cisions, but also additional socio-demo-
graphic aspects of borrower. According
to M. Malekipirbazari and V. Aksakalli
(2015), p2p platforms have several impor-
tant benefits for investors, when compa-
ring with other financial intermediaries:

more dynamic environment, reduced fi-
nancing costs and increased efficiency of
the financial market. Additionally, from
the perspective of the investor, p2p plat-
forms can generate potentially higher re-
turn on investment comparing with such
alternatives as bank deposits or corporate
bonds. For the debtor, on the contrary, the
benefits come from bigger availability of
credit and lower loan interest rates com-
paring with alternative credit interme-
diaries, f.ex. SME financing. C. Serrano-
Cinca et al. (2015) consider p2p platforms
as a risky investment alternative, such as
derivatives, because these platforms do
not have capital requirements like banks
neither take deposits.

Model of p2p platforms. As mentio-
ned in the previous section, due to the
existing volatility in financial sector (glo-
bal financial crisis in 2008, low interest
rate environment, the shift from physical
assets to crypto currency), investors are lo-
oking for alternative investment opportu-
nities, such as p2p platforms. As this mar-
ket evolves, the models of p2p platforms
operation also diverge. One of the most
common is so called traditional p2p plat-
form model. According to K. Davis and
J. Murphy (2016), this model directly con-
nects investors with borrowers (Figure 1).

The role or purpose of p2p platform
operator in this simple model is adminis-
trative (Figure 1). Platform operators do
not invest or provide any loans, because
the main source of income for them is
transaction fees and commissions (taxes)
from investors and debtors. Moreover, an
operator is responsible for debtor’s credit
risk assessment, loan arrangement betwe-
en the investor and the debtor, additio-
nal loan administration, if a borrower
does not cover their financial liabilities
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Fig. 1. Basic model of peer-to-peer platform operation

Source: created by the authors based on K. Davis and J. Murphy (2016).

(recovery of unpaid amounts). The inves-
tor’s role in this model in the short-term
is selection of possible investment and
loan granting. In the long-term - inves-
tment monitoring and payment of taxes
for a p2p operator. For the debtors in the
short-term the most important thing is to
be accepted (according to the borrower’s
financial characteristics) by the platform
operator. In the long-term, a borrower is
responsible for payments of principal, in-
terest and administrative fees.

One of the aspects how p2p platforms
differ is the type of loans that are being
provided. A. Mateescu (2015), A. Fong
(2015) provide comprehensive lists of p2p
platforms, according to the type of loan.
In this paper consumer loan platforms
will be analysed in more detail. It is one
of the most commonly recognized types
of loan raised through the p2p platforms.
The purpose of consumer loan mostly
concentrates on the purchase of certain
goods or services (for example, loan for
a car, holiday, home improvements, me-
dical expenses, and etc.). Moreover, p2p
consumer loans are very popular among
those who are interested in refinancing

their previous loans or to achieve debt
consolidation. Except from consumer
loan platforms, there exist platforms that
facilitate p2p loans for small and medium
enterprises, student loans or real esta-
te loans. These different types of lending
platforms emphasize the idea of social
lending, combining two different parties
and maximizing their utility.

Risk factors on p2p platforms. Most
researchers agree (Mateescu, 2015; Milne
and Parboteeah, 2016; Davis and Murphy,
2016; Wei, 2015) that the most important
risk in p2p platforms is credit risk. A cre-
dit or default risk is related to an entity’s
non-performance of financial liability
(subject defaults), i.e., the borrower is not
repaying his debts (principal + interest)
on time or at all. In that case, an investor
can possibly incur maximum losses due to
the inappropriately assessed investment
risk. According to K. Davis and J. Murphy
(2016), investors in p2p platforms tend to
seek for highest returns, therefore, this is
where credit risk arises. S. Cai et al. (2016)
distinguish another aspect of credit risk
in p2p platforms, which is information
asymmetry. According to the authors, the
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credit risk highly correlates with existing
information asymmetry while investors
cannot make rational investment decisi-
ons. Information asymmetry problems
are analysed by the Signaling theory,
which states that disclosure of minimal
attributes can significantly reduce infor-
mation asymmetry. To control for this
problem, p2p platform operators assign
credit ratings to debtors. These ratings are
based on different criteria depending on
the platform. These ratings allow to par-
tly evaluate borrowers credit risk. Anot-
her important aspect that p2p operators
are using to secure investors is guarantee
funds. Those guarantee funds (if selected
by an investor) in case of loan default, will
pay back all investors invested money
into that loan(s) plus interest. However,
the risk of lost money;, still exists, because
in the case of platform bankruptcy, inves-
ted funds are no longer protected. Moreo-
ver, some p2p platforms create a secon-
dary loan market for investors. In this
market, an investor can sell their existing
(confirmed) loan share to the other inves-
tors for a bigger or a lower price. This tool
gives opportunity for investors to manage
credit risk.

Additionally, in the line with credit
risk, authors M. Pokorna and M. Sponer
(2016), X. Lei (2016) identify operational
risk. Due to the lack of competence, acci-
dentally or even for a particular purpose,
a platform operator can give a wrong cre-
dit rating for a borrower and due to that
investors can incur losses. That is why p2p
platform operators and other institutions
install internal audit models, which allow
controlling borrower’s assigned informa-
tion more efficiently in the platform. The-
re are even institutions (“online to offli-
ne”), that automatically give information

about a borrower to the platform, even
before operator’s assessment. Liquidity
risk. According to K. Davis and J. Murp-
hy (2016) coincidence of loan portfolio
repayments makes investment quite often
illiquid. A problem comes when the time
for loan repayments matches and an in-
vestor faces a lack of available funds. That
is why p2p platforms offer secondary mar-
ket. Systemic risk. As discussed above,
some of the p2p platforms concentrate on
specific types of loans, for example, mort-
gage loans. If investors’ loan portfolios are
not well-diversified according to the loan
type, investors might lose a big part of the
portfolio if debtors default due to changes
in economic environment. Operator risk.
This risk is similar to operational risk, but
in this case, a platform operator can termi-
nate lending activities due to unprofitable
business model, or some technical issues,
which would require many financial re-
sources to properly perform their obliga-
tions, even if borrowers are repaying liabi-
lities perfectly (Milne, Parboteeah, 2016).
Regulatory risk. S. Wei (2015), A. Milne
and P. Parboteeah (2016) note that chan-
ges in legal framework can create various
gaps, which would encourage “money
laundering” or other types of fraudulent
activities. And because the importance of
p2p platforms in the world is increasing,
the platforms should be more closely mo-
nitored by central banks. Sometimes the
adherence of regulation is also a compli-
cated thing to do, because of the possible
costs (new data requirements from ge-
neral data protection regulation-GDPR).
H. Z. Ma and X. R. Wang (2016), S. Wei
(2015) also emphasize data security risk.
P2p platforms exist on the internet and
there is a potential risk of cyber-attacks,
resulting in the leak of sensitive data (user
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privacy violations). The use of big data
not only reduces information asymmetry
and makes credit analysis more accurate
(platform operator’s perspective), but also
increases the risk of data protection.
Previous empirical research. The
proper assessment of the factors that
determine credit risk, allows to partly
control / anticipate the debtor’s default.
Main research results are summarized in
Table 1. Majority of authors revealed that
loan term, education level and years of
experience has a negative effect on proba-
bility of default. It is in line with the theo-
ry, because the more experience or the
higher education person has, the bigger
is the probability, that a person’s income
will be higher, or in case of unemploy-
ment, return to the labour market would
be quicker. For borrower’s personal cha-
racteristics, such as gender and age, the
effect is still uncertain, because of contra-
dictory study outcomes. Same uncertain
effect is for the financial determinants
like loan amount and interest rate or DTI
(debt-to-income ratio). In case of positive
effect to borrower’s default, these results
would signalize rational behaviour. For
example, higher loan amount and higher
interest could be related with the higher
borrower’s expenses, which, in times of
recession, would be the reason of default.
For DTI, positive effect shows, that the
borrower’s disposable income is reduced
by existing loan(s) repayments. In addi-
tion, if person has dependents (children),
this residual value of income is tightened
even more. Finally, the usefulness of cre-
dit rating (which is considered as one of
the main tools for investors to assess the
loan quality) assigned for every borrower
by p2p platform operator or by external

institution is still debatable and must be
examined due to variation in results.
Most of research in this area is based
on the data from the United States” or Chi-
na’s p2p market. For ex., R. Emekter et al.
(2015) studied credit risk and loan per-
formance in “Lending club” p2p platform
(USA). Authors revealed that the credit
rating given by the platform operator
predicts possibility of borrower’s default
(positive effect). While DTI and number
of open credit positions had a statistically
significant negative effect. The effect of
open credit positions shows that, the more
open positions borrower has, the lower
his probability to default. It can be partly
explained that those open positions can
be loans for refinancing of previous ones.
DTI effect on default probability can be
interpreted as out of scope result, because
the higher the DTI (which is bad signal),
should be related with higher probability
of default. Similar results achieved by the
C. Serrano-Cinca et al. (2015). M. Maleki-
pirbazari and V. Aksakalli (2015) exami-
ned default probability in “Lendind Club”
platform. By including 23 different varia-
bles, authors found that provided credit
ratings do not allow to predict borrower’s
defaults accurately. Therefore, these re-
sults contradict the effectiveness of credit
rating as a tool of measuring probability
of default. Y. Guo et al. (2016) evaluated
that the ownership status has a biggest
and positive impact on default probabili-
ty, meaning that if debtors do not own real
estate but rent it, the credit risk is higher
(“Lending club” and “Prosper” data).
Another part of studies analyses borro-
wers default risk in China’s p2p platforms.
For example, X. Lin et al. (2017) examined
relationship between credit risk factors
and debtor’s default in “Yooli” platform.
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Table 1. Summary of research on determinants of credit risk in P2P platforms

Authors Study period Objective Results
Lin, Prabhala 2007-2008. Friends network effect | Friends, who bid or won - positive relationship.
and Viswanathan | 205132 loans. | on default probability
(2013). in United States p2p.
Barasinska and 2007-2010 Funding success Interest rate, financial burden - positive
Schafer (2014). 4146 loans. between genders in relationship;
German’s p2p. Loan amount - negative relationship.
Emekter et al. 2007-2012 Credit risk and loan Credit ratings — positive relationship;
(2015). 61451 loans. | performance in United | DTI and open credit positions — negative

states p2p.

relationship.

Serrano-Cinca, 2008-2014 Determinants of Credit rating - positive relationship;
Gutiérrez-Nieto | 2449 loans. default in United States | Number of loan requests, loan amount and DTI -
and Lopez-Pala- p2p. negative relationship.
cios (2015).
Malekipirbazari, | 2012-2014 Default probability in | Credit ratings do not allow predicting borrower’s
and Aksakalli 350 thousand | United States p2p. default.
(2015). loans.
Guo et al. (2016). | 6144 loans. Credit risk - return Ownership status, number of loan requests and
assessment in United | loan amount - positive relationship;
States p2p. DTT and credit rating — negative relationship.
Lin, Li and Zheng | 2015.01.01 Relationship between Gender, education, working experience, company
(2017). -2015.05.30 | credit risk factors and | size — negative relationship;
48784 loans. | debtors’ default in Age, DTI, loan amount and monthly payments —
China’s p2p. positive relationship.
Zhang et al. 2014.01.01 Determinants of de- Repayment period, number of descriptions, num-
(2017). -2014.06.01 | fault in China’s p2p. ber of defaults before — negative relationship;
193614 loans. Interest rate, credit rating, gender, number of suc-
cessfully funded loans - positive relationship.
Freedman and Jin | 2006-2008 Relationship between | Connection through social network in p2p plat-
(2017). 25008 loans. | social ties in p2p plat- | forms - positive relationship.
form and probability
of default.
Riggins and 2005-2010 Information asymme- | Loan type, region, number of days until the loan
Weber (2017). 97226 loans. | try and probability of | was financed, number of characters of borrower’s
default in global p2p. | description, gender, picture and URL in p2p
platform — negative relationship.
Geetal. (2017). 2011-2013 Disclosed borrower’s Disclosed information, loan amount and interest
35457 loans. information, provided | rate, age, gender — negative relationship;
in the social media Loan term - positive relationship.
effect on default.
Liu et al. (2018). | 2012-2015 Borrowers probability | Loan amount, interest rate, education — positive
8629 loans. of default in China’s relationship;
p2p. Credit rating, income level — negative
relationship.
Ding et al. 2012-2014 Information asymme- | Successful debtor’s performance, higher education
(2018). 142290 loans. | try problem in China’s | and employment level — negative relationship;

peer-to-peer platform.

Loan interest rate — positive relationship.
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Among significant variables, borrower’s
gender had the highest negative effect on
default indicating that if the borrower is
female, default rate is lower than male.
Y. Zhang et al. (2017) determined that re-
payment period, number of descriptions,
number of earlier defaults had a negative,
while interest rate, credit rating, number
of successfully funded loans and gender
had a positive effect on borrower’s default.

Another group of studies analyze de-
faults in p2p platforms from borrower’s
social approach. X. Lin et al. (2013) exa-
mined the friends network effect (borro-
wers lending platform account is related
with social network account) on default
probability in the United States’ p2p plat-
forms. The authors determined that only
friends, who both, bid or won, had a si-
gnificant positive effect on probability of
default, meaning the bigger number of
friends that participated in loan fun-
ding, the higher the probability of de-
fault. S. Freedman and G. Z. Jin (2017)
analysed relationship between social ties
in p2p platform and probability of de-
fault. Authors found out that connection
through social network in p2p platforms
increases the probability to get lower in-
terest rate or even the probability of de-
fault. These results support the findings of
X. Lin et al. (2013).

In summary, it can be said that diffe-
rent researchers, investigating determin-
ants of default in p2p platforms, have ap-
plied different methods involving a broad
range of credit risk factors. The majority
of studies found a statistically significant
impact of credit risk factors on borrower’s
default. Therefore, it means, that investors
have an opportunity to take advantage by
analysing specific factors before making a
decision to finance a loan. However, the

research results are contradictory. These
differences occur due to the different pe-
riods of analysis, methods, and countries.
That is why the importance of research
of borrower’s default risk factors in p2p
platforms still exists, especially in coun-
tries like Lithuania, where p2p platforms
are new investing (financing) tool and
the results of research can strongly differ
from the previous studies and reveal new
tendencies.

Research methods

Research object: Determinants of default
in Lithuanian p2p market.

Data sample: This study examines
credit risk determinants that can cau-
se a borrowers default in Lithuanian
p2p market. According to the data of
the Bank of Lithuania there were three
operating peer-to-peer platforms in Li-
thuania that complied the research pro-
file (active form of traditional consumer
loans p2p platforms): “Finbee”, “Savy”
and “NEO finance”. All these platforms
started operating since 2015. According
to the amount of loans provided, compa-
nies share the market the following way:
Finbee (30%); Savy (31%), Neo finance
(39%). It can be stated that there is no cle-
ar leader in Lithuanian p2p market. The
data set for this study was retrieved from
“Finbee” platform database. It covers lo-
ans granted from August 2015 to October
2018. One of the criteria for selecting lo-
ans for research, was that loan has to be
already confirmed by the platform opera-
tor. Six loans were deleted due this criteri-
on. Another criterion was related with the
availability of borrower’s information in
loan application, due to which two loans
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were withdrawn from the sample. Our fi-
nal sample contains 6324 loans with total
value of 12,8 million euros.

Description of variables: Based on
the previous research a set of variables
was selected. Each variable and its measu-
rement method are explained.

Dependent variable (Y) — default. It is
a binary variable, that obtains value 1, if
the borrower has defaulted on a loan and
value 0 if not. Previous empirical research
considers the borrower’s position as “de-
fault” when the payment of loan is more
than 90 days late (120 in some cases). Due
to the specificity of the dataset, in this re-
search “default” means that debtor is late
to pay its obligations at least 1 day. Accor-
ding to our definition of default, 804 loans
are defaulted (13% of sample).

Independent variables (X):

Loan purpose. “Finbee” p2p plat-
form divides loan purpose into 7 different
groups: consolidation of previous loans
(28%), loans for holidays/travelling (1%),
medical expenses loans (3%), loans suit-
ed for business purpose (2%), car loans
(11%), home improvement loans (15%)
and other loans (40%), which are all the
remaining loans that are not covered by
the previous groups. C. Serrano-Cinca
et al. (2015), E J. Riggins and D. M. We-
ber (2017) also included loan purpose as a
possible factor that effects default.

Loan period. Loan period is measu-
red in months and it shows how long it
will take to fully repay the loan (if not ear-
lier). In order to obtain a more accurate
effect of the variable, loan period is divi-
ded by 10. As the increase of loan period
by one month can be not enough to eva-
luate possible effect on borrower’s default,
that is why 10-month changes are used.
Y. Zhang et al. (2017) found a negative

effect of loan period length to probabili-
ty of borrower’s default, while R. Ge et al.
(2017) - positive.

Loan interest rate. It is an annual
interest rate paid by borrowers to inves-
tors. According to C. Serrano-Cinca et al.
(2015) in case of a risky investment, in-
vestors require an additional interest rate
risk premium in addition to the risk-free
interest rate that is already in account. The
difference between these interest rates are
linked to the quality of the loan and can
be seen as a potential risk factor for borro-
wer’s default. Very high interest rate can
result in borrower’s default. N. Barasins-
ka and D. Schafer (2014), Y. Zhang et al.
(2017), Y. Liu et al. (2018), J. Ding et al.
(2018) found positive relationship betwe-
en interest rate and probability of default,
while R. Ge et al. (2017) - negative.

Debt to income ratio (DTI). This ra-
tio shows household’s balance between
debt and income: the ratio of payments of
new and existing loans / disposable mont-
hly income. According to the regulations
of Responsible Lending, debt to income
ratio cannot overcome 40% in Lithuania.
This ratio is a tool to evaluate debtor’s abi-
lity to fulfil his financial obligation. This
ratio can replace loan amount variable, as
it better reflects household’s financial dif-
ficulties. Researchers found contradictory
DTI effect on probability of default.

Borrower’s education. Binary varia-
ble, which shows borrower’s education
level: high school (12 years in school),
graduate (bachelor’s degree), post gradua-
te (master or PhD degree) and vocational
education (professional qualification).
According to “Finbee” loan portfolio dis-
tribution, borrowers with high school edu-
cation covers 42%, graduates — 21%, post
graduates — 5% and vocational education
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32% of all outstanding loans. The majo-
rity (74%) of borrowers have lower level
of education. X. Lin et al. (2017), J. Ding
et al. (2018) found negative relationship
between education level and borrower’s
default, while Y. Liu et al. (2018) - positi-
ve relationship.

Borrower’s age. Variable, which shows
debtor’s age, is divided by 10 following the
same logic as in previously discussed varia-
ble “loan period”. X. Lin et al. (2017) found
positive relationship between the debtor’s
age and probability of default, while R. Ge
et al. (2017) - negative. Positive relations-
hip indicates, that the older the borrower,
the higher the probability of default. If a
person is getting older, his/her chances to
find a new job decreases and probability to
lose the current one - increases. Moreo-
ver, time till retirement also decreases. On
the contrary, negative relationship indica-
tes, that an older person has more know-
ledge and experience in the labour market,
which gives him/her advantage.

Borrower’s employment status: Bi-
nary variable, which shows employment
status of a borrower at the time of loan
request. This variable is divided into five
groups: employed (95% of loan portfolio),
self-employed (2% of loan portfolio), em-
ployed part time (3% of loan portfolio),
unemployed (0% of loan portfolio) and
student (0% of loan portfolio).

Years of employment: This independ-
ent variable shows total amount of years
that borrower has been employed. Similar
to the variable “borrower’s age’, the years
of working are divided by 5, to check
the effect on probability of default after
5 extra working years. X. Lin et al. (2017)
and J. Ding et al. (2018) found a negative
relationship between working experience
and probability of default.

Dependents: Variable, which shows
households number of dependents, youn-
ger than 18 years old. This type of variable
is not commonly used in previous studies,
but it can be considered as a factor of
borrower’s default, because higher num-
ber of dependents can be related with the
higher probability of default.

Borrower’s marital status: Binary
variable, which is divided into 4 groups:
single (39% of portfolio), married (41%
of portfolio), divorced (17% of portfolio)
and others, which is not assigned to any of
these three groups (3% of portfolio). Pre-
vious researchers used marital status as a
credit risk factor. The statistically signi-
ficant relationship between this variable
and probability of default was not found
in earlier studies.

Borrower’s gender: It is a binary va-
riable, that obtains value 1, if a borrower
is a male, and 0 if she is a female. Previous
findings by X. Lin et al. (2017) indicated
that female borrowers are less likely to de-
fault than male ones.

Credit rating provided by the plat-
form operator. It is one of the main varia-
bles that investors are looking at. It allows
evaluating possible borrower’s behaviour.
“Finbee” platform gives four credit ra-
tings for debtors: “A”, “B”, “C” and “D”. The
effect of credit rating to probability of de-
fault has mixed results among researchers,
same as with DTI variable.

Research method: The dependent
variable “default” is binominal, as the
outcome has only two option, occur or
not occur. When having a “fixed” outco-
me the use of linear function is problema-
tic, because the fitted probabilities can be
less than zero or greater than one and the
partial effect of any explanatory variable
is constant (Wooldridge, 2003). Because
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of that, in linear model errors are heteros-
kedastic and are not normally distributed.
To solve this problem, logistic regression
or Logit model is used. As we can see in
Table 1, almost every author used logistic
regression in their researches.

By defining the measurement of the
factors analysed in the study, their expres-
sion, as well as discussing the method of
research, it is possible to formulate multi-
ple logistic regression model:

P(defau]t)=1/(1 +6‘-(ﬁ”+ B,Credit+ B,Purpose+
B,Period+ B.Educ+ B,Interest+ [3,Male+ B Age+ p,Work+

(D

Where: default — borrower’s default; credit — borrower’s credit
rating; purpose — loan purpose; period — loan period; educ —
borrower’s education; interest — interest rate; male — borrowers
gender; age — borrowers age; work — employment status; exp
— working experience; marital — borrowers marital status; DTI-
debt to income ratio; child — number of dependents.

B,,Exp+ B, Marital+ B, ,DTI+ B, ,Child+ &)

Limitations of the study. Even though
the variable and research method se-
lection are appropriate for the assessment
of credit risk factors on the probability of
default, however, it is necessary to review
the limitations of this study. First, our
sample size covers 30% of the Lithuania’s

p2p market and the selected sample size is
relatively small comparing with previous
research. This problem is in line with the
second one, that the time period of rese-
arch is relatively short. It means that the
short period does not include economic
cyclicality. Moreover, during different
economic periods, credit risk variables,
that cause borrower’s default in the short
term, can significantly change in the long
run. Finally, the criteria for defaulted lo-
ans selection are also discussable, as pay-
ments, that are late less than 5 days, can
be considered as technical barrier, but not
a borrower’s default. That is why, our se-
lection criteria can underrate customers
that are actually paying on time.

Research results

Due to rapidly changing economic con-
ditions, corporate financial environment
and political events, the impact of credit
risk factors on probability of default is
changing as well. That is why it is neces-
sary to update and extend the existing
research. Moreover, as mentioned before,

Peer-to-peer lending statistics in Lithuania
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Fig. 2. Peer-to-peer lending statistics in Lithuania 2015-2018

Source: based on “Finbee”, “Savy” and “NEO finance” statistics.



30

Asta GAIGALIENE, Dovydas CESNYS

studies, that analysed the determinants of
probability of default in Lithuanian p2p
market are lacking, even though the mar-
ket is growing (Figure 2).

The list of crowdfunding platforms
contains 12 companies currently opera-
ting in Lithuania but only 3 intermediate
credit provision to individuals and do not
engage in consumer credit provision by
themselves. Figure 2 represents the aggre-
gate dynamics (value in euro and number
of units) of those three p2p platforms. The
total value and number of loans is growing
rapidly over analysed period reaching al-
most 45 million euro of loan portfolio in
the second quarter of 2018. Loans’ portfo-
lio value increased by 32% per quarter on
average (121% increase comparing 2018
IIQ with 2017 IIQ), while number of lo-
ans on average increases about 25% per
quarter (87% increase comparing 2018
IIQ with 2017 IIQ). These tendencies in-
dicate, that there is an increasing interest
in p2p lending. The constantly increa-

sing p2p market provides more investing
opportunities for individuals, but uncer-
tainty in this market creates necessity to
understand and evaluate credit risk and
borrowers possible default.

Descriptive statistics analysis of the
variables of credit risk. Descriptive sta-
tistics of borrowers’ characteristics in the
Lithuanian p2p market is presented in
Table 2.

As shown in Table 3, only 6.3% from
analysed 6324 loans have credit A (highest
rating), while rating D accounts for 24.5%
of loans. Loan period indicates, that ave-
rage loan length is about 32-33 months,
while maximum value reaches 60 (5 years
is maximum possible loan period accor-
ding to the law). Loan interest rate varies
from 6.4% to 39.3%, with the mean value
is 20,2%. Debt to income ratio indicates,
that the lowest ratio reaches 9%, while
highest 40 %, which is ratio ceiling based
on law. According to statistics, more fema-
le borrowers (52.1%) use p2p platforms

Table 2. Descriptive statistics of variables

Variable Mean Median Minimum Maximum Std. Dev.
Credit_A 0.063 0.000 0.000 1.000 0.244
Credit_B 0.381 0.000 0.000 1.000 0.486
Credit_C 0.311 0.000 0.000 1.000 0.463
Credit_D 0.245 0.000 0.000 1.000 0.430
loan_period10 3.261 3.000 0.300 6.000 1.566
effective_rate 0.202 0.202 0.064 0.393 0.055
Male 0.479 0.000 0.000 1.000 0.500
Female 0.521 1.000 0.000 1.000 0.500
Agel0 3.765 3.600 1.800 7.000 1.139
Years_working5 2.687 2.200 0.060 9.400 2.023
dependents 0.704 0.000 0.000 8.000 0.903
dti 0.260 0.267 0.009 0.400 0.099

Source: created by the authors, according to “Finbee” loan portfolio statistics.



DETERMINANTS OF DEFAULT IN LITHUANIAN PEER-TO-PEER PLATFORMS

31

than male borrowers (47.9%). Borrower’s
age is changing from 18 to 70 years, with
the average of 37-38 years. This mean va-
lue indicates that majority of borrowers
are middle-aged. According to descriptive
statistics, every borrower, on average, has
13,4 years of working experience. Finally,
the number of dependents ranges from
zero to eight, with approximately one de-
pendent for household on average.
Distribution of defaulted loans
according to their characteristics.
According to borrowers marital status,
status “single” has the highest percentage
of defaults (49%), while married borro-
wers — 31%. Moreover, male borrowers
have more defaulted loans (57%) compa-
ring to female (43%) ones. More than half
(53%) of defaulted loans are from borro-
wers with high school education and 23%
of defaulted loans from debtors with vo-
cational education. Only 4% of defaulted
loans are from borrowers with master or
PhD degree. According to credit ratings,
the credit rating “A” has a lowest portion
of defaulted loans (1%), while rating “D”,
which is considered as the riskiest, — 43%.
From loan purpose perspective, we can
see that the highest default percentage is
among consolidation of previous loans
(36%) and other loans (34%). There is no
big difference between number of depen-
dents, as a mean value varies from 070 to
0.74 comparing defaulted and non-de-
faulted loans. Mean value of age variable
shows, that for defaulted loans borrower’s
age was approx. 35 years, while for non-
defaulted borrowers - 38 years. We can
state, that interest rate is related with pro-
bability of default. Average interest rate
of defaulted loans is about 23%, while for
non-defaulted — 20%. Finally, loan period
indicates that for defaulted loans loan pe-

riod is approximately 37 months on ave-
rage (32 months for non-defaulted loans).

Results of Logistic regression ana-
lysis. The aim of this paper is to investi-
gate credit risk determinants that affects
probability of default in the Lithuanian
p2p market. Results are summarized in
Table 3.

Overall model is statistically signi-
ficant, maximum likelihood chi square
test’s p value < 0,01. Moreover, all stan-
dard errors in the model are below 2. This
indicates that we do not have significant
multicollinearity between regressors in
our model. Variables “unemployed” and
“student” were omitted from regression
because of the small sample size (only
2 loans). Moreover, variables that explain
marital status, there may be existing colli-
nearity problem, that is why variable “di-
vorced” (which can be interpreted as sin-
gle) was remodelled and variable “other”
was removed from the data sample (due
to the lack of transparency).

From loan characteristics, such as pur-
pose, only loan for cars (negative) and bu-
siness loans has (positive) effect on borro-
wers default. These results partly support
findings of C. Serrano-Cinca et al. (2015).
These authors also found that business lo-
ans are the riskiest among other purposes.
Regression results confirmed that credit
rating, provided by the platform operator,
has a negative effect on borrowers’ default.
Moreover, the better the rating, the more
it is likely that borrower would not de-
fault. Thus, we can say, that credit rating
can reflect useful information for inves-
tors. This finding relates with Y. Guo et al.
(2016), Y. Liu et al. (2018) research results.
Moreover, these authors used sample size
which is similar with the current research.
Loan period is also related with the higher



32

Asta GAIGALIENE, Dovydas CESNYS

Table 3. Logistic regression results

Variables Coefficient Std. Error z p-value VIF B (1/B)
const -3.327 0.399 -8.338 <0.0001, *** -
Other_purposes -0.085 0.101 -0.837 0.4029 1.704
Home_Improvements 0.028 0.128 0.221 0.8252 1.436
Car -0.343 0.150 -2.288 0.0222, ** 1.336 1.409
HolidaysTravelling -0.356 0.411 -0.865 0.3869 1.063
Medicalexpenses -0.296 0.272 -1.091 0.276 1.105
BusinessPurposes 0.625 0.272 2.298 0.0216, ** 1.135 1.868
Credit_A -1.638 0.405 —4.047 <0.0001, *** 2.360 5.145
Credit_B -0.746 0.162 -4.610 <0.0001, *** 4.160 2.109
Credit_C -0.282 0.107 -2.633 0.0085, *** 2.053 1.326
loan_period10 0.175 0.031 5.683 <0.0001, *** 1.479 1.191
effective_rate 5.467 1.231 4.441 <0.0001, *** 3.324 236.749
Male 0.284 0.083 3.422 0.0006, *** 1.082 1.328
Agel0 0.193 0.084 2310 0.0209, ** 5.643 1.213
Graduate —0.448 0.122 -3.672 0.0002, *** 1.280 1.565
Post_Graduate -0.051 0.204 -0.250 0.8028 1.126
Vocational_education -0.192 0.093 -2.062 0.039, *** 1.247 1.212
SelfEmployed 0.426 0.258 1.654 0.0982, * 1.088
EmployedPartTime -0.036 0.263 -0.138 0.8900 1.012
Years_working5 —-0.145 0.049 -2.973 0.0029, *** 5.474 1.156
dependents 0.064 0.045 1.423 0.1548 1.139
Married -0.399 0.096 —4.159 <0.0001, *** 1.324 1.490
dti -0.831 0.421 -1.975 0.0483, ** 1.097 2.296

Source: created by the authors. Dependent variable is default. *,**,*** represents 10%, 5%, 1% confidence levels.

probability of default. Authors Y. Guo et al.
(2016) found positive relationship, while
Y. Zhang et al. (2017) - negative. Different
loan periods could be the factor for such
results. Borrowers with education level
higher than high school has negative effect
on borrowers’ default. This result confirms
X. Lin et al. (2017) findings. This is related
with the possibility for borrowers who have
higher education level to have a better-paid
job or to find a new one faster in case of
unemployment. Another factor, which has
a negative effect on probability of default,

is working experience. X. Lin et al. (2017)
and J. Ding et al. (2018) obtained similar
results: longer working experience reduce
the chances for borrower to default. Borro-
wers age in the current research was found
to have a positive effect on his default,
supporting findings of X. Lin et al. (2017).
Male borrowers are more likely to default,
comparing with the female ones. X. Lin et
al. (2017), R. Ge et al. (2017), E J. Riggins
and D. M. Weber (2017) found similar
gender effect. We can interpret that women
are more rational and responsible for their
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financial obligations than men. Marital
status is also significant factor, when eva-
luating borrower’s default. We found that
married borrowers are less likely to default
than single ones. It can be interpreted that
married borrowers have more possibili-
ties to obtain necessary funds for financial
obligations, because it is more likely that
both family members are working. In this
study, one of the regression models indica-
ted significant and negative effect of debt
to income ratio. Therefore, obtained results
support findings of R. Emekter etal. (2015),
C. Serrano-Cinca et al. (2015), Y. Guo et al.
(2016). This negative relationship can be
interpreted as a sign of shadow economy.
It is possible that borrowers obtain income
from other sources, which are not included
in the calculation of DTT. So even if borro-
wer has a high DTI ratio, investors cannot
take this factor as a sign of default. Finally,
the interest rate has positive effect on pro-
bability of default. Meaning that if interest
rate would increase, probability that borro-
wer defaults increases. This factor has the
strongest effect on possible borrowers’
default among other credit risk factors.
The authors N. Barasinska and D. Schafer
(2014), Y. Zhang et al. (2017), X. Liu et al.
(2018), J. Ding et al. (2018) found similar
results.

Summarizing the results of logistic
regression, we can say that these signifi-
cant credit risk factors may show infor-
mation for investors and other interested
parties about possible borrowers’ default.
Even though, some of the obtained results
support and some of them contradict pre-
vious research, but the necessity of this
study is obvious. Investors must carefully
evaluate every credit risk factor in order
to avoid borrowers” default.

Conclusions

After summarizing previous empirical
research on credit risk factors that affect
probability of default, we can state, that
there is a significant relationship between
these phenomena. However, the results
according to different credit risk factors
are contradictory. These differences occur
due to the different research periods, ap-
plied methods or country of analysis.

According to statistics, the Lithuanian
p2p market is constantly growing. The in-
crease of importance of this financial in-
novation creates uncertainty for investors,
how to manage their investments safely in
order to avoid borrowers” default. Accor-
ding to the results of logistic regression
analysis, ten credit risk variables out of
twelve were statistically significant. Loan
purpose for a car had negative, while busi-
ness loans positive effect comparing with
loans for debt consolidation. Loan period
and interest rate had a positive effect on
probability of default. Borrower’s charac-
teristics, such as education (higher than
high school) and working experience had
a negative effect on borrower’s default.
However, age is related with higher pro-
bability of default. Results also show that
females and married borrowers are less li-
kely to default. Finally, credit ratings and
debt to income ratio showed a negative
effect on the borrower’s default.

Comparison of the results of this study
with the previous research revealed that
these results support and complement the
majority of previous empirical findings.
Finally, we can conclude that proper as-
sessment of credit risk factors can help in-
vestors to avoid loans, which may possibly
default in the future.
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SKOLININKY NEMOKUMO VEIKSNIY VERTINIMAS LIETUVOS SAVITARPIO

SKOLINIMOSI RINKOJE
Santrauka

Kreditavimo rinka yra viena i$ sri¢iy, kuri susiduria
su naujais poky¢iais. [ $ig rinka, kaip ir i visg finan-
sy sektoriy, Zengia naujos technologijos. Siuolaiki-
nis klientas yra priprates prie skaitmeniniy erdviy
(pvz., »Google®, ,Amazon’, ,,Facebook", ,,eBay“), to-
dél jis tikisi savo turimg patirtj patenkinti ir finan-
siniy paslaugy rinkoje. Viena i§ $iy alternatyvy yra
tarpusavio (P2P) skolinimo platformos, kurios lei-
dzia mums skolinti ir skolintis pinigus tarp aktyviy
platformos nariy be finansy tarpininky jsiki§imo.
Investuotojai susiduria su visa susijusia rizika, ba-
dinga tradicinéms paskoloms. Viena i§ pagrindiniy
yra kredito rizika, atsirandanti dél skolininko jsipa-
reigojimy nevykdymo. Todél netinkamas kredito
rizikos vertinimas gali lemti nuostolius investuo-
tojui ir, atvirksciai, tinkamas vertinimas gali lemti
didesne graza.

Skolinimo platformos paplito vos pries keleta
desimtmeciy (Lichtenwald, 2014), o kredito rizikos
veiksniy vertinimas skolinimosi platformose tapo
moksliniy tyrimy objektu. Jvairas autoriai (Serra-
no-Cinca, Gutiérrez-Nieto ir Lopez-Palacios, 2015;
Emekter et al., 2015; Guo et al., 2016; Pokorna ir
Sponer, 2016; Ma ir Wang, 2016; Lin ir Li Zheng,

2017) analizavo skirtingus kredito rizikos aspektus
savitarpio skolinimo platformose. Tac¢iau tyrimy
rezultatai yra priestaringi ir nevienareik§miski, t. y.
kokie veiksniai ar skolininko charakteristikos galéty
signalizuoti apie galimg jsipareigojimy nevykdyma
tarpusavio platformose. Be to, svarbu paminéti, kad
didzioji dalis moksliniy tyrimy yra sutelkta $alyse,
kuriose savitarpio skolinimo rinka labiau i§vystyta:
JAV, Kinijoje, Jungtinéje Karalystéje, Vokietijoje ir
kt. Tac¢iau tokiy tyrimy triiksta Salyse, kuriose Sios
rinkos maziau i§vystytos. Lietuva galéty bati vienas
i§ pavyzdziy, kur turime maziausius namy tkiy tau-
pymo rodiklius Europoje ir kur tik atsiranda inves-
ticijy kulttra. Stai kodél bitina atnaujinti esamus
tyrimus ir jvertinti kredito rizikos veiksniy jtakg jsi-
pareigojimy nejvykdymo tikimybei naudojant $ias
naujas alternatyvias finansavimo priemones.

Siame tyrime nagrinéjami kredito rizikos
veiksniai, galintys sukelti skolininky jsipareigoji-
my nevykdyma Lietuvos P2P rinkoje. Sio tyrimo
duomenys buvo gauti i$ ,,Finbee“ platformos duo-
meny bazés. Tyrimas apima paskolas, suteiktas nuo
2015 m. rugpjacio mén. iki 2018 m. spalio mén. Pri-
klausomasis kintamasis §iame tyrime yra skolininko



36

Asta GAIGALIENE, Dovydas CESNYS

isipareigojimy nevykdymas. Priklausomasis kinta-
masis yra binarinis, o tai reiskia, kad rezultatas turi
tik du variantus: yra arba ne. Tyrimo modelis apima
kitus kintamuosius, tokius kaip: skolininko kredito
reitingas; paskolos tikslas; paskolos laikotarpis; sko-
lininko isilavinimas; palukany norma; skolininko
Iytis; skolininko amzius; uzimtumo statusas; darbo
patirtis; skolininko Seiminé padétis; skolos jmoky ir
pajamy santykis; islaikytiniy skaicius.

Remiantis statistiniais duomenimis, Lietuvos
savitarpio skolinimo rinka nuolat auga. Did¢jant $io
finansinio produkto svarbai, investuotojams kyla ne-
aiSkumy, kaip saugiai valdyti savo investicijas, kad
buty i§vengta skolininky jsipareigojimy nevykdymo.
Remiantis logistinés regresijos analize, desimt kre-
dito rizikos kintamyjy i§ dvylikos buvo statistiskai
reik§mingi. Pvz., paskolos laikotarpis ir paliikany

norma teigiamai veikia jsipareigojimy nejvykdymo
tikimybe. Skolininky charakteristikos, pavyzdziui, i§-
silavinimas (aukstesnis nei vidurinis) ir ilgesné darbo
patirtis, neigiamai veikia skolininky jsipareigojimy
nevykdymo tikimybe. Taciau amzius yra susijes su
didesne jsipareigojimy nevykdymo tikimybe. Re-
zultatai taip pat rodo, kad moterys ir susituoke sko-
lininkai yra maziau linke nevykdyti jsipareigojimy.
Galiausiai kredito reitingai ir skolos mokéjimy bei
pajamy santykis rodo neigiama poveikj skolininky
jsipareigojimy nevykdymui. Sio tyrimo rezultaty pa-
lyginimas su ankstesniais tyrimais parodé, kad gauti
duomenys patvirtina ir papildo dauguma ankstesniy
empiriniy tyrimy rezultaty. Taigi galima daryti i§va-
da, kad tinkamas kredito rizikos veiksniy vertinimas
gali padeéti investuotojams i§vengti paskoly, kurios
ateityje galbat nebus grazintos.
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