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A B S T R A C T

The unprecedented growth of the financial sector's digital transformation opens wide areas to the
scaling up of finance in innovative and knowledge-based projects. Improving risk management
takes centre stage in the acceleration of this process. This study uses loan-book data from the
peer-to-peer (P2P) lending market to empirically investigate the determinants of default risk.
Using the loan-book database covering the period from 2014 to 2020, we examine multiple
factors related to the default risk of loans issued by P2P lending platforms. The results indicate
that a higher interest rate and higher stock market returns increase the probability of default in
the P2P lending market. Results are robust to additional tests based on endogeneity correction,
the LASSO method and sampling bias. The severity of the impact of market returns and interest
rates is found to be significantly different based on the levels of financial technology (FinTech)
adoption and banking sector distress. Increases in the market interest rate are found to boost the
sensitivity of P2P loan defaults to stock market volatility. This study contributes to existing
literature on risk management models with its consideration of country-specific factors, paving
the way to future best practices in the market.

1. Introduction

The rapid advancement of digital technologies has fundamentally changed the competitiveness of financial sectors worldwide,
accelerating the rise of digital payments, mobile banking blockchain contracts, digital currency and the interconnected digital eco-
systems of financial sectors. The capital available to more efficient firms could be reduced by the accelerated growth of financial
technology (FinTech) (Xie & Zhu, 2022). Furthermore, these developments in financial technology could shift investors' preferences
towards non-traditional markets which are less liquid and transparent (Sindreu, 2020). This may allow a new generation of non-banks
to come of age, transforming shadow banking (banking by non-banks) within the broader development of digital financial industries.

Peer-to-peer (P2P) lending is one form of alternative lending practices transformed into a new financing channel for underserved
communities and entrepreneurial start-ups (Oren, 2013; Zhang et al., 2016). This form of lending is part of a broader financial market
where market and default risks are tied together, with P2P lending also considered to be a subcategory of FinTech lending in which
borrowers and lenders directly interact via the online platform. Throughout this paper, we use P2P lending in relation to discussion of
our findings. However, we compare our study's findings to broader FinTech lending where relevant.
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Several studies (Dyreng et al., 2012; Stiglitz & Weiss, 1981, 1992) have provided evidence that default in the traditional finance
model depends on factors such as the market's country-specific demographics and economic conditions. However, determining the
factors behind borrowers' probability of default in the FinTech lending market is important due to the critical trade-off between profit
margin and default risk faced by Fintech lenders (Lin et al., 2023). These platforms also need to accurately estimate the probability of
loan default to effectively match the demand for and supply of funds, with this not being the case in traditional banking (Nigmonov
et al., 2022).

Accordingly, the current study aims to extend this strand of the literature by examining the specific determinants of default risk on
P2P platforms in relation to the broader financial market. Specifically, this study aims to answer the following central question: How is
the probability of default determined via stock market returns and interest rates?

This research question is significant as it explores the interconnectedness of financial markets and their impact on default prob-
ability. The extant traditional finance literature has indicated that higher interest rates tend to increase the default risk by limiting
borrowers' ability to meet their debt obligations (Bester, 1985; Stiglitz & Weiss, 1981, 1992). Nigmonov et al. (2022); Serrano-Cinca
et al. (2015); and Wei and Lin (2016) highlighted that higher interest rates increase the probability of loan default in P2P lending.
Interest rates were also found to directly affect the cost of borrowing and, thus, may impact the likelihood of delinquencies and defaults
(Bergmann, 2020; Fuster & Willen, 2017). By investigating these relationships, the current study provides valuable insights into risk
management strategies in the European P2P lending market and in the broader financial sector.

This study utilises the loan-book of Mintos (Latvia), one of the leading P2P lending platforms in Continental Europe. This platform
operates across the multiple countries of the European Union (EU), making it ideal for exploring the default risk incurred by P2P
lending platforms in Europe. Europe is considered as a significant target research jurisdiction for several fundamental reasons. Firstly,
the European P2P lending market, being a relatively new and rapidly growing sector, provides a rich data set for studying default
probability. Specifically, the Nordic–Baltic region1 performs exceptionally well with significant increases in FinTech usage, growth in
financial capability and growth in FinTech scores (Nourallah et al., 2024). The current Mintos database covers 10 countries of Europe;
hence, it has the largest geographical scope known to authors. Secondly, the study of P2P lending in Europe is necessitated by P2P
lending's unique characteristics and the transformative impact it has on the financial landscape. Specifically, existing studies have
highlighted the greater reliance on non-traditional factors (e.g., soft information derived from the description text of the loan
application) by European P2P lenders (Berg et al., 2022; Dorfleitner et al., 2016).

Thirdly, P2P lending platforms in Europe have been serving high-quality and creditworthy small businesses that already have
access to bank credit (Eça et al., 2021). In the context of Europe, the ability of financial technologies to set up and access capital in
combination with their growth has been a key focus. These facts highlight the vibrant FinTech ecosystem in Europe, driven by a
combination of progressive regulations, sustainable product offerings, technological advancements, and a strong appetite for digital
transformation (Cambridge Centre for Alternative Finance (CCAF), 2024). Fourthly, the importance of the European FinTech market is
underscored by its rapid growth and potential for further expansion. However, the maturity and performance of FinTech ecosystems by
country are widely divergent, with substantial gaps between European countries (McKinsey & Company, 2022). Finally, FinTech in
Europe has limited regulation compared to other regions, such as the United States (US) and Asia. Europe stands out as the region for
which the highest percentage (8 %) of FinTech company representatives state that no specific regulation exists nor is it needed, ac-
cording to the survey conducted by Cambridge Centre for Alternative Finance (Cambridge Centre for Alternative Finance (CCAF),
2024). Therefore, Europe as a case provides a unique institutional perspective for generalising and scaling the findings of this research
globally.

Our study's results, consistent with the traditional banking literature's theoretical predictions (Bester, 1985; Stiglitz&Weiss, 1981,
1992), show that higher interest rates and higher stock market returns lead to higher default rates. Our study's main findings remain
robust for endogeneity correction based on instrumental variables, the least absolute shrinkage and selection operator (LASSO)
method and sampling bias. Our study also indicates the transmission of credit risk from traditional financial markets to FinTech
lending markets. The magnitudes of these spillovers are found to be significantly different, depending on the broader interest rate
environment and distress levels in the banking sector as well as FinTech adoption and borrower ratings. Finally, our findings indicate
the impact of market returns and interest rates on the survivability of loans with respect to the loan closure date, with loans highly
sensitive to market forces during the first 100 days from their issue date.

This study's findings contribute to the existing literature in several ways. Firstly, the study conducts estimations in a multi-country
setting which is not attempted by prior studies, such as Nigmonov et al. (2022); Serrano-Cinca et al. (2015); and Wei and Lin (2016).
Secondly, this study's focus allows a better understanding to be gained of risk transmission between traditional and FinTech lending on
the European continent. Thirdly, our study's findings improve risk management models by better estimating the country risk
component. Finally, given the global expansion of the P2P lending industry and the growing interest in this topic, the study has
important implications for practitioners and researchers by explicitly linking interest rates and stock market returns with the default
risk of P2P borrowers.

The rest of this paper proceeds as follows: in Section 2, the literature review is discussed and the study's hypotheses are developed.
Section 3 highlights the regression method used in this study. Section 4 discusses the empirical results, while Section 5 concludes the
paper with our study's implications, the generalisability of the study's findings and directions for further research.

1 Including Estonia, Finland, Latvia and Sweden in the analysis in this study.
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2. Literature review and hypotheses development

2.1. Review of existing literature related to default risk

The development of default risk models largely stems from theoretical foundations evaluating the need to estimate defaults among
business entities. Evaluating the probability of default (PD) is crucial when assessing credit exposure and potential losses faced by
firms. Corporate securities carry the risk of eventual default during the contract term. Merton's (1974) model plays a fundamental role
in estimating default risk for firms by establishing a connection between default risk and a firm's capital structure. On the other hand,
Altman (1968) pioneered the use of financial ratios and discriminant analysis for predicting corporate bankruptcy (Altman's Z-Score
model). His work was further extended by Ohlson (1980) who introduced a probabilistic model with logit analysis incorporating
financial ratios for bankruptcy prediction.

The later study by Jones (2017) conducted a high-dimensional analysis of corporate bankruptcy prediction, highlighting the
importance of considering a broad set of variables, including corporate governance. Liang et al. (2016) conducted a comprehensive
study on bankruptcy prediction, incorporating financial ratios and corporate governance indicators. Their findings underscored the
importance of effective corporate governance in mitigating bankruptcy risk. Similarly, Ooghe and De Prijcker (2008) developed a
typology of company bankruptcy, emphasising the need to understand the underlying processes and causes of failure.

Generally, researchers have categorised corporate default prediction models into three generations: discriminant analyses, binary
response models and hazard models (Kim et al., 2020). The modelling framework of the current study originates from the second
generation in baseline analysis that primarily focuses on binary response models. This group of models do not assume specific dis-
tributions for predictor variables and allow the significance of individual independent variables to be tested. The third-generation
models use a duration analysis or survival analysis to demonstrate superior prediction performance (Chava & Jarrow, 2004; Shum-
way, 2001). The studies of Duan et al. (2012); Nam et al. (2008); and Tian et al. (2015) used third-generation models with industry
effects, market variables and macroeconomic dependencies, largely outperforming conventional models pioneered by Altman (1968).
Following this evidence from existing studies, we support our baseline results with survival analysis in Section 4.5.

Beyond traditional models, recent studies have explored machine learning techniques for default prediction. These approaches
leverage large data sets, feature engineering and algorithmic models to enhance the probability of default (PD) estimation. Studies by
Chen (2011) and Shin et al. (2005) identified the high level of accuracy and better performance of machine learning methods for short-
and long-term default. Jabeur et al. (2021) explored the use of the CatBoost model, with artificial intelligence (AI) techniques for
corporate failure prediction based on gradient boosting decision trees. The studies of Babaei et al. (2023); Tyagi (2022); and Xia et al.
(2021) employed the latest applications of advanced machine learning methods for default estimation. Their research focused on
enhancing default prediction accuracy, by leveraging machine learning algorithms and feature engineering.

Ogundimu (2022) highlighted that supervised machine learning models are particularly suitable for variable selection, with the
adaptive LASSO method demonstrating superior combined effects on sensitivity and specificity, compared to p-value-based methods
which are threshold dependent. LASSO models have been found applicable for models with high dimensionality and can handle many
potential covariates while yielding a parsimonious specification (González-Coya & Perron, 2024; Mei & Shi, 2024). Ogundimu (2022)
suggested that LASSO methods should be preferred for achieving optimal predictions in the context of FinTech loan defaults. Jiang
et al. (2021) indicated that LASSO models successfully predicted default and outperformed other competitive models for both in-
sample and out-of-sample tests. Based on this background discussion, the current study uses the supervised machine learning
LASSO method to improve the default estimation presented in the baseline regression.

2.2. Default risk in P2P lending

The rise of the P2P lending market is often attributed to traditional bank lending regulation after the Global Financial Crisis (GFC).
Even though the P2P lending process does not use the traditional banking concept, P2P lending platforms mediate between borrowers
and lenders by charging a service fee. Thus, the primary purpose of P2P lending platforms is to match the demand for and supply of
funds by correctly estimating the probability of loan default (Wei & Lin, 2016). At the same time, the growing problem of P2P lending
platforms is the credit default risk due to information asymmetry (Emekter et al., 2015).

In P2P lending markets, lenders are not informed about the risks, with borrowers' credit conditions mainly dependent on the extent
of borrowers' knowledge about themselves. Once the transaction has taken place, lenders may not be able to observe borrowers' ac-
tions, project return or duration, or may not be able to force borrowers to repay loans due to ex-post asymmetric information problems
(Jaffe & Stiglitz, 1990). As borrowers only negotiate with lenders in an online environment and do not meet face to face, it is difficult
for lenders to know borrowers' credit information and debt status (Weiss et al., 2010).

Following the findings of Akerlof (1970) and Greenwald and Stiglitz (1987), these types of situations may lead to adverse selection
and moral hazards. Drawing on insights from asymmetric information theory, several models have included possible scenarios where
macroeconomic variables affect the net worth of potential borrowers (Bebczuk, 2003). When the asymmetric information problem
arises, it causes the ‘financial accelerator’ effect, with the relationship possibly complicated and highly intractable (Bernanke et al.,
1998).

In its analysis of the risk of default in P2P lending markets, the current study uses a range of control variables to represent various
factors that affect default risk. On the one hand, financial accelerator theory posits that borrowing becomes more difficult and
expensive during a recession, owing to increased external finance premiums (Bernanke & Gertler, 1989; Kiyotaki &Moore, 1997). On
the other hand, life-cycle consumption theory highlights that when income is low, people borrow more against an uncertain future
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(Lawrence, 1995). Enhanced levels of borrowing, in turn, increase consumption rates and borrowers' debts (Lawrence, 1995). Félix
et al. (2013) and Gompers and Lerner (1998) empirically tested these theories in alternative investment markets by proposing that
stock market development, as well as growth in gross domestic product (GDP), inflation and unemployment have an impact on the
development of venture capital investments. The empirical models used in the current study are drawn from these concepts and use
macroeconomic variables (e.g., GDP growth, inflation) as controls for determining loan defaults.

The characteristics of traditional financial markets, such as banks, are also likely to play a part in shaping the level of risk of FinTech
loans. More concentrated banking sectors may lead to high lending costs and inefficient processes for borrowers. Thus, in banking
sectors with high lending rates and margins, FinTech credit can act as a substitute (Hodula, 2022). In this regard, bank loans may be
preferred over FinTech loans due to the endogenous advantage of banks; however, based on financial intermediation theory, FinTech
loans may have a cost advantage (Merton & Thakor, 2019; Thakor, 2020).

On the other hand, due to negative credit supply shocks, a substantial portion of borrowers who fall outside the traditional credit
supply chains may seek alternative lending markets (Cornett et al., 2011). Ma et al. (2023) discovered that, in concentrated banking
markets, borrowers in P2P lending are generally more creditworthy. This indicates the migration of borrowers from banks to lending
marketplaces. In this case, low-quality borrowers are forced to seek FinTech credit after being denied access to bank credit, leading
FinTech lenders to go ‘bottom fishing’ (de Roure et al., 2022). Moreover, regulation has been proven to be a mixed blessing for banks,
with regulatory shocks not only creating a competitive disadvantage, but also being a barrier to entry (Stulz, 2019).

2.3. Hypotheses development

The existing literature has emphasised the importance of online P2P lending platforms as a convenient alternative means of
financing for individual investors (Tang, 2019; Thakor, 2020), as acquiring small loans from traditional financial markets could be
difficult or costly. Boubaker et al. (2015) also indicated that small firms, compared to large firms, tend to have greater price reversals in
the immediate aftermath of unexpected events, such as political tensions. Thus, a boom in the stock market can increase the number of
risk-taking borrowers in the P2P lending market (Yoon et al., 2019). Theoretical studies (Collin-Dufresne & Goldstein, 2001; Duffie
et al., 2007) as well as empirical studies (Ericsson et al., 2009; Giesecke et al., 2011; Norden &Weber, 2009) on bank credit markets
have indicated that increased volatility in stock market returns raises the probability of credit default.

Specifically, the trade-off between relationship loans and transaction loans has been well documented, with banks preferred by
those seeking relationship loans (Boot & Thakor, 2000; Degryse & Ongena, 2007). Accordingly, FinTech lenders involved in rela-
tionship lending will be less competitive than banks (Balyuk & Davydenko, 2019), bringing P2P and other FinTech loans closer to
transaction loans and, thus, to the capital market end of the spectrum (Thakor, 2020).

While existing studies have indicated the impact of crucial factors, such as borrower-specific characteristics, the macro environ-
ment and market competition, other issues may potentially influence the platform default risk. As highlighted by Yoon et al. (2019),
one such factor could be the systemic risk inherent in the loan pool. FinTech lending platforms may allow low credit borrowers to
borrow money under higher lending rates. Systemic risk can increase if these low credit borrowers fail to repay their loans, spreading
the contagion to other platforms and leading to collective failure. Previous studies in the banking literature have explored this
contagion phenomenon (Akhtaruzzaman et al., 2021; Allen & Gale, 2000; Gai & Kapadia, 2010), demonstrating that the spread of
contagion depends on the pattern of interconnectedness between banks. With a priori indistinguishable shocks having vastly different
consequences.

The current study, in exploring this potential systemic risk in the P2P lending market, underscores its unique contribution to the
existing body of knowledge. Therefore, this study proposes the following hypothesis on the relationship between the stock market and
the P2P lending market:

H1. A high rate of stock market returns increases the probability of default in peer-to-peer (P2P) lending markets.

The theoretical evidence from studies on traditional financial markets has demonstrated the relationship between the interest rate
and the probability of default. Firstly, in a high interest rate environment, lenders charge a higher premium, creating a heavier burden
on borrowers to service the loan. Secondly, debt servicing becomes more expensive when real interest rates rise and the real value of
borrowers' debt increases. Consequently, higher interest rates tend to limit borrowers' ability to meet their debt obligations and, thus,
increase the default risk (Bester, 1985; Stiglitz & Weiss, 1981, 1992). Based on the traditional finance literature, this study expects
higher interest rates to increase the default risk on P2P lending platforms:

H2. A higher interest rate increases the probability of default in peer-to-peer (P2P) lending markets.

3. Model description

As mentioned in Section 2, the current study relies on binary response models, classified as second-generation models by Kim et al.
(2020), for default estimation. This type of model has been widely used in the estimation of defaults and default premium, as pioneered
by Aretz et al. (2018) and Campbell et al. (2008). These models do not require assumptions about the probability of default or the
distributions of predictor variables and can test the significance of individual independent variables.

The empirical technique used in the current study is logit regression analysis which estimates the dependent variable with a binary
value. Logit regression is widely used in credit risk applications (both in practice and research); therefore, it is well understood and
comparatively easy to communicate. Thus, replicating the later applications of logit models to estimate defaults, in studies such as

A. Nigmonov et al. Global Finance Journal 63 (2024) 101050 

4 



those by Bonfim (2009) and Kukuk and Rönnberg (2013), our study's model is developed to estimate default risk as per Eq. (1).
The key dependent variable is the binary variable representing the status of each loan. Logit regression estimates the determinants

of the probability of default via the variable BADDEBT:

BADDEBTi,t = α+ β1Xi,t− 6 + β2POPESTIMATEi,t + β3LOANVOLi,t− 12+ β4AVEAMNTi,t + β5AVEDURi,t + β6AVERATINGi,t

+ β7EARNINGSi,t + β8GDPi,t + β9AVERATINGi,t + β10ESIi,t + β11INFLATIONi,t + β12NPLi,t + β13INTUSEi,t + eit
(1)

where BADDEBTi,t is the binary variable representing the loan status with a value of 1 if the loan is classified as a bad loan,2 and
0 otherwise. In Eq. (1), Xi,t− 6 is one of the two independent variables of interest: (1) monthly average value of daily squared stock
market returns at time t–6 in country i (MARKETRETi,t− 6) and (2) interest rate set for issued loans by Mintos for borrower i at time t
(INTRATEi,t− 6); while eit is the error term.

The existing literature has shown that changes in macroeconomic determinants affect loan quality with different time lags (Ali &
Daly, 2010; Norden&Wagner, 2008). Specifically, real GDP, nominal interest rates and inflation have an impact on loan quality with a
lag of at least two quarters (Bocola et al., 2019; Chen&Wu, 2014). From a theoretical standpoint, based on business cycles, the ability
of households to repay loans is affected by macroeconomic changes after their income is impacted, typically with a lag (Rubaszek &
Serwa, 2014). Macroeconomic indicators, such as GDP growth, are themselves lagging business cycle indicators.

Following Bocola et al. (2019) and Chen and Wu (2014), we use lagged observations of explanatory and macroeconomic variables
with a two-quarter lag (6 months) on the data in this study's database (MARKETRETi,t− 6; INTRATEi,t− 6). Loan volumes are lagged by
one year (12 months, LOANVOLi,t− 12) due to the loan assessment cycle, a process used by banks and P2P lending platforms. During this
cycle, a financial institution assesses, issues and monitors loans, deciding whether to mitigate credit risk in the event of a likely default.
The typical duration of this cycle for consumer loans is about one year (Jokivuolle& Virén, 2013; Khieu et al., 2012). The current study
does not use lagged observations for other control variables which generally consist of time-invariant or yearly observations. Table 1
describes all variables.

In presenting the probability of default, the specifics of P2P lending need to be considered. Due to weak regulation and insurance
mechanisms, investors are faced with the high risk of not recovering their funds in the case of default (Roper, 2020). Moreover, in
countries outside the US and Europe, alternative investments have a higher level of risk given that the high-risk characteristics of
innovative start-ups often accompany uncertain political environments (Johan & Zhang, 2016). Therefore, some P2P lending plat-
forms (including Mintos) offer investors a ‘buyback guarantee’ credit enhancement. If the loan repayment is more than 60 days late,
the P2P lending platform is obligated to buy back the investment at nominal value plus accrued interest. However, the reserve funds for
the ‘buyback guarantee’ are financed by P2P lending platforms from the same funds invested in loans. During market turmoil, lending
platforms might struggle to pay their buyback guarantees, with investors sustaining substantial losses.

Thus, in this study, we use a broader definition of default probability based on loan delinquencies or ‘bad loans’, in line with the
concepts in the existing literature for defining delinquent loans. Following Kim et al. (2018) and Wadud et al. (2020), we define
delinquent loans as loans with payments 30+ days overdue and still incurring interest. Default loans are the combination of loans with
default status and all charged-off loans. When combined with delinquent loans, default loans provide a broader definition of bad loans
that better characterises financial distress than default loans on their own. This approach is in line with the treatment of borrowers'
financial distress and insolvency by traditional financial institutions via non-performing loans (Ghosh, 2015; Louzis et al., 2012).
Accordingly, this study calculates bad loans as per Eq. (2):

Bad loansi,t = Defaulti,t +Charged off i,t +Overdue31− 120 days
i,t (2)

The control variables represent borrower-specific characteristics, macroeconomic conditions, demographics and country charac-
teristics of country i (i.e., the country under consideration) at time t.3

We base the choice of control variables on existing traditional finance and FinTech lending studies. Prior studies on P2P lending
have extensively used borrower and loan characteristics in estimating loan funding success and default (Cai et al., 2016; Galema, 2020;
Serrano-Cinca et al., 2015; Wei& Lin, 2016). Emekter et al. (2015) and Serrano-Cinca et al. (2015) highlighted the importance of loan
ratings (AVERATING) in determining loan defaults. The loan duration (AVEDUR) is expressed in months and provides lenders with
additional information about the default risk of the loan. Loans with a shorter duration tend to signal quality by reducing asymmetric
information problems and increasing the probability of selection (Menkhoff et al., 2012; Steijvers & Voordeckers, 2009). The loan
amount (AVEAMNT) is another important indicator of solvency risk, with larger loan amounts being at greater risk to the extent that
they increase default incentives.

Existing literature provides convincing evidence that general economic development significantly affects the credit risk of financial
institutions (Bu et al., 2023; Dinger, 2009; Valla et al., 2006). Evidence of the positive impact of economic development on alternative
financial markets is also present in studies by Khrawish et al. (2010) and Mollick (2014). Economic development and well-being are
associated with GDP in empirical studies. Existing studies on crowdfunding platforms highlighted GDP growth as an important factor
in the development of industry (Dushnitsky et al., 2016; Mollick, 2014). Thus, the current study includes GDP, the economic sentiment
indicator (ESI), household income (EARNINGS) and inflation as proxy variables for economic development. Jagtiani and Lemieux

2 Refer to Appendix A, Tables A3 and A4 for the description of loan status and loan classification.
3 Variables are described in Table 1.
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(2018), Tanda et al. (2019) and Thakor (2020) indicated a direct relationship between traditional financial markets and alternative
lending markets. Accordingly, banking sector non-performing loans (NPLs) (NPL) are another economy-specific variable used in this
study to represent traditional financial markets.

4. Results and discussion

4.1. Description of data

This study uses the loan-book database of theMintos platform. The study's scope covers loans issued across the multiple countries of
the European Union (EU). Mintos falls into the ‘P2P marketplace’ category that does not create its own P2P lending platform. The
Mintos marketplace platform simultaneously lists loans from multiple lending companies, known as ‘loan originators’, with these
based in 30 countries, including 10 EU countries. Investors from 66 countries are on the marketplace platform, although Mintos does
not disclose information about investor categories or origination.

The combined database comprises observations for each loan across the January 2014–December 2020 time span. The total number
of unique loans included in this study is 4,485,532. The 10 EU countries included in the database are the Czech Republic, Denmark,
Estonia, Finland, Latvia, Lithuania, Poland, Spain, Sweden and the United Kingdom (UK).

These countries are similar in terms of their regulatory framework and business environment. The inclusion of countries outside the
EU would distort our analysis by complicating the comparisons. We include random effects identifiers in our regression models to

Table 1
Description of variables used in this study's analysis.

Variable Description of variable Source

Dependent variables

BADLOAN Current status of individual loan. Dummy variable equal to 1 if the loan is
overdue, defaulted or buyback and 0 otherwise (current or repaid).

Mintos

SURVIVAL_TIME
Difference between the start and closing date of the loan if the loan is
classified as overdue, defaulted or buyback. Mintos

Explanatory variables

MARKETRET Change in daily stock market index values of country i at time t (monthly
average values, decimal points).

Yahoo! Finance https://finance.yahoo.com/world-indices/

INTRATE Interest rate on loans issued by Mintos for borrower i at time t (percentage
points).

Mintos

Control variables (borrower and loan specific)

LOANVOL
Total volume of outstanding loans issued in country i at time t (monthly, in
euros, log differenced values). Mintos

AVEAMNT Value of individual loan (log values). Mintos
AVEDUR Duration of loan (in months, log values). Mintos
AVERATING ‘Mintos Rating’ issued by the rating model ranging between A (1) and D (9). Mintos

EARNINGS Median equalised household income in country i at time t (yearly, in euros,
log values).

ECB Statistical Data Warehouse http://sdw.ecb.europa.eu/

Control variables (demographic, technological, macroeconomic and financial)

POPESTIMATE Population of country i in year 2018 (log values).
OECD (2024), Population (indicator). doi: https://doi.org/10.
1787/d434f82b-en

GDP Real GDP growth (quarterly, percentage points).
OECD (2020), Quarterly GDP (indicator). doi: https://doi.org/
10.1787/b86d1fc8-en

ESI The EU economic sentiment indicator (composite measure, average = 100,
log values).

Full business and consumer survey results, European
Commission https://ec.europa.eu/

INFLATION
Monthly change in seasonally adjusted Consumer Price Index for all goods
by country (percentage points).

OECD (2020), Inflation (CPI) (indicator). doi: https://doi.org/
10.1787/eee82e6e-en

NPL
Gross non-performing loans in country i at time t (percentage of gross loans,
log values). ECB Statistical Data Warehouse http://sdw.ecb.europa.eu/

INTUSE
Percentage of individuals who have ever used the internet in country i at
time t (for each year from 2015 to 2019) (yearly).

Digital economy and society, Eurostat https://ec.europa.eu/
eurostat/web/digital-economy-and-society/overview

Instrumental variables

AAR Annualised agreed rate by credit and other institutions in country i at time t
(monthly, percentage points).

ECB Statistical Data Warehouse http://sdw.ecb.europa.eu/

UNEM_RATE
Unemployment rate for each country (monthly, seasonally adjusted,
percentage points).

OECD (2020), Unemployment rate (indicator). doi: https://
doi.org/10.1787/b86d1fc8-en

ECBRATE ECB deposit facility (monthly, seasonally adjusted, percentage points). ECB Statistical Data Warehouse http://sdw.ecb.europa.eu/

STOCKIND Average monthly stock market index of values (STOXX Europe 600) at time t
(log values).

Yahoo! Finance https://finance.yahoo.com/world-indices/
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reflect heterogeneity between the countries and the different Mintos platforms under consideration. We also run our model through
bootstrap samples based on the country of origination to adjust for a possible sampling bias. Table 1 lists and describes variables used
in this study.

4.2. Descriptive statistics

Table 2 reports the descriptive statistics for the variables used in the study's analyses. The combined mean value of issued monthly
loans by Mintos in each country was €4.86 million, with an average of €510,000 of monthly issued loans classified as bad loans,
bringing the average probability of default to 11.17 %.4

The mean value for the interest rate for loans in the sample is 13.92 %, ranging between the lower quartile of 6.09 % and the upper
quartile of 14.45 %. The average interest rate and net return to investors are considered substantially different in the P2P lending
market. The platforms, with their diversification and assessment of loans, try to offset high loan defaults with a higher interest rate
spread. In this regard, the proper estimation of the probability of default is vital for P2P lending platforms to meet the returns required
by investors.

The average amount of loans issued is €2291, with an average duration of 38.72 months. The average borrower rating of loans5 is
5.58, which falls between ‘B-’ and ‘C+’. The mean average income of borrowers is €15,025, with a standard deviation of €5207, while
the median income is lower at €11,540.

This study presents a correlation matrix for dependent, explanatory and control variables, in Table 3, which shows low values for
Pearson's correlation coefficients for most variable pairs with few exceptions. Most importantly, we do not observe any high corre-
lation coefficients for two variables of interest: stock market returns (MARKETRET) and interest rate (INTRATE).

High correlation coefficients are observed between variables not used in the same model. For example, the correlation coefficient
between NPL and AVERATING is 0.6196, indicating a strong positive correlation. However, AVERATING is not used as an independent
variable in our regression models. Instead, we conduct additional analysis by creating subsamples of loans based on their credit ratings.

Another significantly high correlation coefficient is observed between ESI and ECBRATE. The high correlation level between these
variables is predictable as ECBRATE closely follows economic sentiment. However, we only use ECBRATE as an instrumental variable
for the test of endogeneity.

We also carried out the test for potential multicollinearity using variance inflation factor (VIF) values. The VIF values for the
variables used in our study's models are reported in Table 4. We observe that the reported values are well below 10 (ranging from 1.03
to 4.35), with all tolerance statistics ranging above 0.2. This confirms the general absence of multicollinearity in the models.

4.3. Results of baseline regression analysis

This study explores the impact of borrower- and country-specific factors on the probability of loan default. Stock market return and
interest rate are emphasised as the main explanatory variables. Table 5 shows the estimation results for baseline regression with the
probability of default as the dependent variable. The results are based on the logit estimation method with the constant, as well as year
and individual (loan originator) effects. The sample comprises valid observations (N = 4,485,532) across all models.

The fit of the models shown in Table 3, based on overall R-squared (R2) values, varies between 0.0547 and 0.1188. These values
indicate that independent variables collectively explain around 5.47–11.88% of changes in the dependent variable. The low pseudo-R-
squared values observed in Table 5 could be attributed to several factors, such as model simplicity and non-linear relationships. In our
study, we attribute the low pseudo-R-squared values to non-linear relationships and inherent variability in the target variable as we are
analysing a database of several million observations from different countries. We address issues related to non-linear relationships and
inherent variability through robustness tests and in the additional analyses section (Section 4.5). However, while low pseudo-R-
squared values may seem modest, they should be interpreted alongside other contextual information and domain knowledge to assess
the overall model fit and its practical significance.

Table 5, Models (1)–(4) depict the probability of default as a function of stock market return (MARKETRET) and control variables.
Stock market return (MARKETRET) is the monthly average value of daily changes in stockmarket indices for the respective countries in
the database. Model (1) results indicate that the coefficient of MARKETRET is significant and positive at the 0.0977 level. The co-
efficients for MARKETRET are robust with the inclusion of loan- and country-specific control variables in Models (2)–(4). The co-
efficients for MARKETRET are significantly positive, varying from 0.0873 to 0.1690. At the same time, based on the odds ratio, a
default event is more likely to occur when market returns increase (i.e., the odds ratio is higher than 1).

The findings forMARKETRET reveal important information on the interaction between the traditional financial market and the P2P
lending market. The existing literature is mostly lacking in this regard, with only one study known to empirically examine the
interaction between these markets. Jagtiani and Lemieux (2018) analysed the penetration of P2P lending loans in various geographical
areas of the United States (US). They indicated that P2P consumer lending penetrated areas with relatively underserved banking
markets and in which the local economy was not performing well. Moreover, the current study can refer to several studies that
explored the relationship between traditional and alternative lending markets. Buchak et al. (2018) and Thakor (2020) highlighted
that alternative investments prosper when conventional lending channels are not developed or traditional banks face regulatory

4 This percentage represents the average ratio reported for each country and platform.
5 Borrower ratings range between A (1) and D (9).
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constraints.
In this study, we observe that, with an increase in stock market returns, delinquencies in the P2P lending market also increase. As

highlighted in Section 2, stock market conditions could bilaterally influence the default risk in bank credit markets (Ericsson et al.,
2009; Norden & Weber, 2009; Yoon et al., 2019). The current study provides the first evidence of the same relationship in the P2P
lending market.

Table 5 also reports the results of estimating the coefficients based on Eq. (1) with the interest rate (INTRATE) as the main
explanatory variable. Table 5, Models (5)–(8) use the same set of control variables as Models (1)–(4). The interest rate is significantly
positive across all four models, varying between 0.1568 and 0.4925 (i.e., the odds ratio is higher than 1), indicating that the higher the
interest rate, the higher the likelihood of loan default. Delinquency rates, represented by bad loans, are found to be significantly and
positively affected by interest rates.

These interest rate findings are consistent with those in earlier studies by Nigmonov et al. (2022) and Serrano-Cinca et al. (2015).
However, these earlier studies investigated this issue using a single US platform (LendingClub). In our study, the heterogeneity be-
tween the panels is more pronounced in the European cross-country database. Thus, the current study provides robust results for
country-level interest rates rather than for rates set for individual loans. The results are in line with the findings of similar empirical
studies in traditional financial markets (Beck, 2013; Espinoza & Prasad, 2010) but contradict the findings of studies by Ghosh (2015);
Goel and Hasan (2011); and Jakubík (2006). The impacts of INTRATE andMARKETRET require further robustness tests as discussed in
Section 4.4.

Table 5 presents convincing results in terms of control variables. The coefficients of LOANVOL are consistent across Table 5, Models
(1)–(8), being significantly negative and varying between − 0.5047 and − 0.3940. This means that a 1 % increase in P2P loan volume
decreases the probability of default in the range of 0.3940–0.5047 %. Each country's population is found to have significant positive
coefficients ranging from 0.1959 to 0.5102. This finding indicates that larger countries, in terms of population, have higher default
rates among P2P loan borrowers. The individual loan amounts (AVEAMNT) are found to be positively associated with the probability
of default. On the other hand, the coefficients of average loan duration (AVEDUR) yield significant negative coefficients, indicating
that loans with a longer duration have a lower probability of default.

The baseline regression analysis indicates important findings in terms of the impact of macroeconomic variables on the probability
of default in the P2P lending market. The coefficients of GDP are insignificant across all models. This study extends the economic
development indicators by using the economic sentiment indicator (ESI) as a proxy, although the coefficients of ESI are inconsistent
and insignificant across all models in Table 5. Our study includes an additional indicator of financial market performance, namely,
banking sector non-performing loans (NPL) for each country, with NPL having insignificant coefficients in Table 5, Models (4)–(8).

Table 2
Descriptive statistics for variables included in regression analysis.

Variables Mean Median Standard deviation Minimum Maximum Lower Quartile Upper Quartile

Dependent variable
BADLOAN (€ thousands) 510.7155 551.1167 227.0903 60.8285 620.6151 67.0805 510.7155

Explanatory variables
MARKETRET − 0.0019 0.0000 0.0182 − 13.1342 8.4432 − 0.0355 0.0450
INTRATE (%) 13.9237 13.4872 4.9328 5.7047 25.1539 6.0931 14.4529

Borrower- and loan-specific controls
LOANVOL (€ thousands) 4863.3630 4950.9000 1725.5534 23.1816 8128.2000 40.5856 6028.9000
AVEAMNT 2291.4355 2264.5570 1259.7675 110.0000 200,000.0000 123.9360 4904.1910
AVEDUR (months) 38.7239 43.2911 13.7434 1.0000 240.0000 8.0674 56.1027
AVERATING 5.5838 4.0000 1.2704 1.0000 9.0000 3.5343 7.9241
EARNINGS 15,025.5100 11,540.3500 5207.7520 4085.5100 37,004.4100 11,540.3500 16,413.3000

Demographic, technological, macroeconomic and financial controls
GDP (%) 0.6113 0.6777 0.8366 − 3.6483 2.2806 − 3.3093 1.9374
ESI 99.0694 99.7000 8.6299 46.9000 115.6000 63.9000 111.3000
INFLATION (%) 0.7471 0.2600 4.6397 − 0.1100 11.7600 0.2200 8.3800
POPESTIMATE (millions) 2.9403 1.3209 4.7396 1.3209 5.5181 1.3209 5.5181
NPL 3.0482 3.1000 1.7095 1.0000 20.7000 1.2000 8.1000
INTUSE (% of population) 88.1075 90.0000 6.2216 46.0000 99.0000 76.0000 97.0000

Instrumental variables
AAR (%) 11.7562 9.6000 6.6322 2.8600 33.2400 2.9400 23.0600
ECBRATE (%) − 0.4030 − 0.4000 0.0213 − 0.5000 3.2500 − 0.5000 3.0400
STOCKIND 388.2007 389.5700 94.2875 329.7300 424.3600 357.7600 400.1000
UNEM_RATE (%) 7.1314 6.4000 3.8373 2.9000 20.5000 3.9000 8.1000

Note: Table 2 reports the descriptive statistics for variables included in the regression analysis. The variables include platform-specific, economic,
demographic, technological and political characteristics. Descriptions of variables are provided in Table 1.
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Table 3
Correlation matrix.

BADLOAN LOANVOL INTRATE MARKETRET INCOME DTI AVEAMNT AVEDUR AVERATING

BADLOAN 1.0000
LOANVOL 0.2961*** 1.0000
INTRATE 0.0552*** − 0.0923*** 1.0000
MARKETRET 0.0167*** − 0.0346*** − 0.0110*** 1.0000
AVEINCOME − 0.1319*** − 0.1579*** − 0.0421*** 0.0159*** 1.0000
DTI − 0.3105*** − 0.3550*** 0.0613*** − 0.0319*** − 0.3047*** 1.0000
AVEAMNT 0.3549*** 0.2751*** − 0.1346*** − 0.0355*** − 0.3385*** 0.3251*** 1.0000
AVEDUR 0.4959*** 0.4211*** 0.1712*** − 0.0796*** − 0.4591*** 0.0869*** 0.5262*** 1.0000
AVERATING − 0.2218*** − 0.4130*** 0.5791*** − 0.0064*** 0.1851*** 0.0344*** − 0.1573*** − 0.2374*** 1.0000
INFLATION 0.0662*** 0.0805* − 0.0106*** − 0.0165*** 0.0232*** 0.0052*** 0.0425*** 0.0405*** 0.0256***
GDP 0.0289*** 0.0588*** − 0.0116*** 0.0060*** − 0.2062*** 0.0606*** − 0.1019*** 0.0098*** − 0.1066***
AAR − 0.2392*** − 0.0562*** − 0.3757*** 0.0020*** 0.0972*** − 0.0619*** − 0.4258*** − 0.4567*** − 0.3494***
ESI 0.1454*** 0.0041*** 0.4040*** 0.0019*** − 0.3502*** − 0.0016*** 0.0026*** 0.2798*** 0.1471***
ECBRATE 0.3005*** 0.1645*** 0.3821*** − 0.0167*** − 0.3918*** − 0.0429*** 0.1120*** 0.3762*** 0.0692***
INTUSE 0.5501*** 0.5149 − 0.0114*** 0.0189*** − 0.3324*** − 0.0188*** 0.5975 0.6670*** − 0.4251***
INDEX 0.2092*** 0.4843*** 0.4678*** 0.0407*** − 0.2593*** − 0.2016*** − 0.0016*** 0.4308*** 0.2678***
NPL − 0.3892** − 0.3772*** 0.2756*** 0.011*** − 0.0458*** 0.1583*** − 0.3318*** − 0.2705*** 0.6196***

POPESTIMATE − 0.0355*** − 0.0486*** 0.3095*** 0.0258*** − 0.1022*** − 0.0536*** − 0.1216** 0.1017*** 0.3149***
EARNINGS 0.5430*** 0.5445*** 0.0823*** 0.2800* − 0.3366*** − 0.0259*** 0.5986*** 0.5033*** − 0.3341***
UNEM_RATE 0.3000*** 0.4843*** − 0.2373*** 0.0298*** − 0.1430*** − 0.3524*** − 0.0709*** 0.1427*** − 0.5213***

INFLATION GDP AAR ESI ECBRATE INTUSE INDEX NPL POPESTIMATE EARNINGS

INFLATION 1.0000
GDP 0.0120*** 1.0000
AAR − 0.0231*** 0.3533*** 1.0000
ESI − 0.0165*** 0.5475*** − 0.0122 1.0000
ECBRATE − 0.0287*** 0.5051*** − 0.0096*** 0.9234*** 1.0000
INTUSE 0.0439*** − 0.0349*** − 0.4999*** 0.0413 0.1753*** 1.0000
INDEX 0.0451*** − 0.0370*** − 0.5625*** 0.1023 0.2307*** 0.4887*** 1.0000
NPL 0.1017*** 0.0921*** − 0.2913*** 0.3862 0.2969*** 0.0423*** 0.1164*** 1.0000
POPESTIMATE 0.1171*** 0.1854*** 0.2406*** − 0.0421 − 0.0663*** 0.2433*** 0.1979*** 0.4314*** 1.0000
EARNINGS 0.0019*** 0.0457*** − 0.3339*** 0.2473 0.2489*** 0.4298*** 0.4513*** 0.4352*** 0.2189*** 1.0000
UNEM_RATE 0.0020*** 0.0457*** 0.0705** 0.1492 0.0085*** − 0.0790*** − 0.0693*** 0.3700*** − 0.2641*** − 0.1452***

Note: Table 3 reports Pearson's correlation coefficients between the variables employed in regression analyses of this study (*p < 0.10, **p < 0.05, ***p < 0.01). Descriptions of variables are provided in
Table 1.
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4.4. Results for instrumental variable estimation

Our baseline regression results may be subject to the problem of endogeneity. Reverse causality between the two main explanatory
variables (INTRATE andMARKETRET) and other variables in the model cannot be ruled out. In fact, growth in FinTech tends to reduce
the capital available to more efficient firms through FinTech-induced competition in the lending market (Xie& Zhu, 2022). Moreover,
competition from P2P lending may force traditional banks to open their own platforms or to take over existing ones to prevent sig-
nificant erosion of lending volume (Thakor, 2020). Thus, reverse causality and/or simultaneity, as well as other sources of endogeneity
bias, could inflate the estimated parameters, making them the upper bound of the true relationship.

The regression models in the current study account for year and individual effects, in line with a broad range of country-specific
indicators. Nevertheless, the baseline regression model may have time-varying omitted variables correlated with the explanatory
variables. Due to several macroeconomic and loan-specific indicators, explanatory variables INTRATE and MARKETRET might be
driven by control variables, such as LOANVOL and GDP, respectively.

The instrumental variables (IVs) approach is used to solve the inherent endogeneity problem in the current study's baseline
regression models. In line with Hakura and Cosimano (2011), in the first-stage regression, unemployment rate (UNEM_RATE) and
European Central Bank (ECB) deposit facility rate (ECBRATE) are used as instrumental variables for stock market return. In a separate
model, the stock market index (STOCKIND) and annualised agreed rate (AAR) are used as instrumental variables for the interest rate.
The estimates consequently define the explanatory variable, with the second-stage regression then employing BADLOAN as the
dependent variable, with estimated stock market return and interest rate as explanatory variables. In general terms, this model allows
estimation of the effect of determinants on BADLOAN in a context which could not be accomplished by our baseline regression analysis.

In this case, our study's model may be exposed to outliers in the data as loan originators are from certain specific countries (as
reported in Table A2). For instrumental variables, the classical parametric estimators can become arbitrarily biased (Freue et al., 2013;
Ronchetti & Trojani, 2001). If a small model misspecification is present, results may be biased by a cluster of atypical observations
(Andrews et al., 2019; Young, 2022).

In addition, with binary dependent variables (taking values 0 or 1), the linearity and distributional assumptions do not hold. In such
cases, using a linear model to estimate the relationship between the dependent and independent variables might not be appropriate as
predicted values could fall outside the values of 0 or 1. To address this concern about the stability of estimators and tests, we estimate
two-stage probit regression with instrumental variables using maximum likelihood estimation (MLE). Following the propositions of
Amemiya (1978) and Rivers and Vuong (1988), this method of estimation resolves problems related to distributional assumptions and
the predicted variables falling outside the values of 0 and 1.

Table 6 presents the two-stage probit regression results with instrumental variables for the interest rate and stock market return. As
shown in Table 6, all instrumental variables yield significant coefficients, indicating that these variables are statistically significant
predictors of interest rate and stock market return. In the second stage, Models (1) and (2) show that both interest rate and stock
market return retain their significantly positive coefficients. Thus, the interest rate and stock market return have significant positive
coefficients in the baseline models and are statistically significant in the models with instrumental variables. Instrument diagnostic
tests also favour the use of two models with their respective instrumental variables as shown in Table 6.

This study, due to its high dimensionality, recognises some limitations when using the baseline regression approach. The various
explanatory and control variables employed by the study have been extensively used in the traditional financial literature. However,
few prior studies on P2P lending have employed this wide combination of variables. Accordingly, our study may be prone to the
multicollinearity problem which could potentially blur the results. To further strengthen the regression model, the study implements a
type of machine learning process, known as the least absolute shrinkage and selection operator (LASSO). This method provides a more
robust analysis that allows the important variables to be found in a large set of potential determinants (Belloni et al., 2016; Tibshirani,
1996). The method shrinks regression coefficients by penalising their magnitude and provides a narrow set of important variables,

Table 4
Variance inflation factor (VIF) results from regression model.

Variable VIF 1/VIF

ESI 4.35 0.2299
NPL 3.82 0.2618
INTRATE 3.01 0.3322
MARKETRET 2.49 0.4016
LOANVOL 1.87 0.5348
AVERATING 1.71 0.5848
AVEDUR 1.63 0.6135
EARNINGS 1.51 0.6623
GDP 1.38 0.7246
POPESTIMATE 1.22 0.8197
INTUSE 1.15 0.8696
AVEAMNT 1.06 0.9434
INFLATION 1.03 0.9709

Mean VIF 2.02

Note: Table 4 Variance inflation factor (VIF) for the variables used in the
regression models.
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Table 5
Impact of stock market returns and interest rates on probability of default.

Panel A: Impact of stock market returns on probability of default

Model 1 Model 2 Model 3 Model 4

Variables Dependent variable (DV) = BADLOAN

Coefficient Odds ratio Coefficient Odds ratio Coefficient Odds ratio Coefficient Odds ratio

MARKETRET 0.0977*** 1.1540 0.1226*** 1.1939 0.1690*** 1.2140 0.0873*** 1.1239
(0.0011) (0.0023) (0.0025) (0.0011)

POPESTIMATE 0.1689*** 1.2159 0.2146*** 1.2226 0.2102*** 1.1761 0.1872*** 1.0948
(0.0269) (0.0135) (0.0113) (0.0117)

LOANVOL − 0.5036*** 0.7667 − 0.4251*** 0.7938 − 0.3885*** 0.7117 − 0.3874*** 0.7137
(0.0480) (0.0465) (0.0492) (0.0492)

AVEAMNT 0.5888*** 1.4741 0.5692*** 1.3040 0.5934*** 1.4059 0.5835*** 1.4109
(0.0707) (0.0612) (0.0646) (0.0703)

AVEDUR − 0.0012*** 0.9175 − 0.0012*** 0.9131 − 0.0011*** 0.9667 − 0.0010*** 0.9219
(0.0001) (0.0001) (0.0002) (0.0002)

AVERATING 0.0697* 1.0567 0.0492 1.0741 0.0429 1.0738
(0.0410) (0.0422) (0.0459)

EARNINGS 0.0594 1.0249 0.1487 1.1756 0.1592 1.2669
(0.0894) (0.1052) (0.1256)

GDP 0.0312 1.1669 0.0074 1.0756
(0.0962) (0.0967)

ESI − 0.0029 0.8883 0.0003 1.0062
(0.0107) (0.0110)

INFLATION − 0.0040 0.9174 − 0.0021 0.9883
(0.0249) (0.0249)

NPL 0.0441 1.0747
(0.0367)

INTUSE 0.0246** 1.1740
(0.0112)

Constant, Yr. & Ind. Effects Yes Yes Yes Yes
LR chi2 200,939.7224 122,487.2334 154,300.0023 297,073.1992
Prob>chi2 0.0000 0.0000 0.0000 0.0000
Pseudo-R-squared 0.0799 0.0918 0.1006 0.1075
N 4,485,532 4,485,532 4,485,532 4,485,532

Panel B: Impact of interest rates on probability of default

Model 5 Model 6 Model 7 Model 8

Variables DV=BADLOAN

Coefficient Odds ratio Coefficient Odds ratio Coefficient Odds ratio Coefficient Odds ratio

INTRATE 0.1568*** 1.3295 0.3485*** 1.2705 0.4899*** 1.2258 0.4925*** 1.3340
(0.0010) (0.0029) (0.0033) (0.0013)

POPESTIMATE 0.2701*** 1.0342 0.1959*** 1.0335 0.2625*** 1.0304 0.2574*** 1.0381
(0.0959) (0.0758) (0.0840) (0.0856)

LOANVOL − 0.5047*** 0.8850 − 0.4444*** 0.8643 − 0.3940*** 0.8767 − 0.3960*** 0.8790
(0.0508) (0.0478) (0.0509) (0.0512)

AVEAMNT 0.5516*** 1.2382 0.5146*** 1.2569 0.5049*** 1.2289 0.5170*** 1.2318
(0.0742) (0.0646) (0.0689) (0.0740)

AVEDUR − 0.0009*** 0.9768 − 0.0012*** 0.9393 − 0.0009*** 0.9463 − 0.0009*** 0.9463
(0.0002) (0.0002) (0.0002) (0.0002)

AVERATING 0.0382 1.0203 − 0.0068 0.9392 − 0.0144 0.9591
(0.0464) (0.0486) (0.0533)

EARNINGS 0.1055 1.2754 0.2322** 1.3302 0.2653** 1.3451
(0.0910) (0.1058) (0.1270)

GDP 0.0902 1.1673 0.0907 1.1678
(0.0973) (0.0980)

ESI − 0.0100 0.9103 − 0.0108 0.9108
(0.0108) (0.0112)

INFLATION 0.0170 1.0015 0.0164 1.0011
(0.0255) (0.0256)

NPL 0.0190 1.0138
(0.0377)

INTUSE 0.0017 1.0241
(0.0120)

Constant, Yr. & Ind. Effects Yes Yes Yes Yes
LR chi2 150,972.3953 327,478.2578 140,410.3251 127,671.9178

(continued on next page)
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making the results easier to interpret and resolving the problem of multicollinearity (Meinshausen & Yu, 2009).
Using the LASSO method, our study could select a set of variables that may be more important in determining the default risk

among Mintos P2P loans. Table 7, Panel A presents the results of the LASSO model for the impact of stock market returns and interest
rates on the probability of default (with control variables). Three types of the LASSO method (cross-validation, plug-in and adaptive)
are used to estimate effects for the potential independent and control variables to be included in the model. We find that the co-
efficients of the independent and control variables are both similar in the baseline regression. Most explanatory variables also hold
their respective coefficient signs in the LASSO model.

Table 5 (continued )

Panel B: Impact of interest rates on probability of default

Model 5 Model 6 Model 7 Model 8

Variables DV=BADLOAN

Coefficient Odds ratio Coefficient Odds ratio Coefficient Odds ratio Coefficient Odds ratio

Prob>chi2 0.0000 0.0000 0.0000 0.0000
Pseudo-R-squared 0.0547 0.1188 0.0818 0.1054
N 4,485,532 4,485,532 4,485,532 4,485,532

Note: Table 5 reports the results for logit estimation presenting the effect of stock market returns and interest rates on the probability of default with
control variables. Estimations are based on Eq. (1). The estimation model employs BADLOAN as the dependent variable. All model specifications
employ robust standard errors of coefficients in parentheses; *p < 0.10, **p < 0.05, ***p < 0.01.

Table 6
Probit model with endogenous regressors: Impact of stock market returns and interest rates on probability of default.

Model 1: Stock market returns and probability of default Model 2: Interest rate and probability of default

1st Stage 2nd Stage 1st Stage 2nd Stage

DV = MARKETRET DV=BADLOAN DV = AVEINTRATE DV=BADLOAN

MARKETRET/ 0.4738*** 3.3582***
INTRATE (0.1052) (0.7955)
UNEM_RATE 1.3878***

(0.4351)
ECBRATE − 4.9302***

(1.0906)
STOCKIND 0.0837***

(0.0135)
AAR 0.0331

(0.0321)
POPESTIMATE − 3.0043*** 1.4613*** − 0.0166 0.2910***

(0.2500) (0.2964) (0.0211) (0.1028)
LOANVOL − 0.0529 − 0.3539*** − 0.0953*** 0.0373

(0.1222) (0.0508) (0.0090) (0.0945)
AVEAMNT − 0.4916*** 0.8061*** 0.1087*** 0.2575**

(0.1781) (0.1008) (0.0164) (0.1209)
AVEDUR − 0.0019*** 0.0001 − 0.0003*** 0.0006*

(0.0004) (0.0003) (0.0000) (0.0003)
AVERATING − 0.0573 0.0722 0.1589*** − 0.4715***

(0.1251) (0.0663) (0.0115) (0.1362)
EARNINGS 1.3394*** − 0.4613* − 0.0236 0.3180**

(0.3481) (0.2763) (0.0378) (0.1515)
GDP 0.9898*** − 0.4580*** − 0.0113 0.0212

(0.2404) (0.1699) (0.0225) (0.1088)
ESI − 0.0806*** 0.0448*** 0.0074*** − 0.0099

(0.0237) (0.0140) (0.0022) (0.0123)
INFLATION 0.1341* − 0.0357 − 0.0170*** 0.0923***

(0.0694) (0.0406) (0.0064) (0.0335)
NPL − 0.2139** 0.1287** 0.0292*** − 0.0435

(0.0924) (0.0500) (0.0085) (0.0491)
INTUSE − 0.1481*** 0.0907*** 0.0263*** − 0.0688**

(0.0303) (0.0199) (0.0028) (0.0281)
Constant, Yr. & Ind. effects Yes Yes Yes Yes
N 4,485,532 4,485,532
Instrument diagnostics tests:
Test of endogeneity: Wald test of endogeneity

5.1091*** 6.0114***

Note: Table 6 presents probit model results with endogenous regressors of interest rate and stock market returns using maximum likelihood esti-
mation (MLE). All model specifications employ robust standard errors in parentheses; *p < 0.10, **p < 0.05, ***p < 0.01.
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It should also be noted that the LASSO models are inherently selection models. This group of models selects covariates and esti-
mates coefficients without providing standard errors (Bühlmann & van de Geer, 2011). However, several modified versions of the
LASSO model allow the derivation of standard errors of estimates. Specifically, the double-selection LASSO method uses selected
control variables in the inference model to estimate effects for variables of interest (Belloni et al., 2014a). We present the results of the
double-selection LASSO method in Table 7, Panel B, in which the selected control variables for the variables of interest are included in
the model. It should be noted that the double-selection LASSO method does not provide estimates of the coefficients of the control
variables or their standard errors (Belloni et al., 2014b). However, the estimation results for the two variables of interest, that is, stock
market return and interest rate, are similar to the baseline regression findings.

It may also be argued that utilisation of selected instrumental variables, such as the unemployment rate, are not well justified. As
previously highlighted, the main cause for endogeneity is reverse causality. This argument may be the less likely one as loan de-
linquency is very unlikely to change economy-wide factors, such as market returns. In fact, some instrumental variables, such as the
unemployment rate, are direct determinants of loan delinquency, leading to a violation of the exclusion restrictions. We address this
major challenge by employing another recent extension of the LASSO method that allows for instrumental variable regression. This
method identifies valid instrumental variables and deals with endogenous covariates more efficiently (Chernozhukov et al., 2015).

We apply partialling-out LASSO instrumental variable regression to the estimate coefficients and standard errors for the variables of
interest, both exogenous and endogenous. Two LASSO models are used to select from potential control variables and instruments: the
first selects variables from all control variables, while the second chooses from country-specific variables only. In doing so, we obtain
additional evidence that the instrumental variable regressions reported in Table 6 do not suffer from the model selection problem.

The selected variables and coefficients for interest rate and stock market volatility are reported in Table 8. The LASSO method
selects 8–9 control variables used in the original baseline regression (reported in Table 5) and 1–2 instruments from the four potential
variables used in the endogeneity correction (reported in Table 6). Both the explanatory variables, namely, MARKETRET and
INTRATE, have coefficient signs and significance levels similar to those reported in the baseline regression. Therefore, we can conclude
that the selection of both control and instrumental variables is well justified and does not significantly affect the impact of explanatory
variables on default risk.

The next potential shortcoming of our analysis is that the sample comprises heterogeneously distributed observations across loan
originators. For instance, listings are overrepresented by loan originators based in Latvia, Poland and Spain. This feature of the
database potentially creates complications related to sample selection bias. Another potential problem with the sample database is the

Table 7
Impact of stock market returns and interest rates on probability of default: LASSO selection model.

Panel A: LASSO selection models

Model 1 Model 2 Model 3

Variables DV=BADLOAN

MARKETRET 0.1926 0.1028 0.1584
INTRATE 0.5669 0.1225 0.5327
POPESTIMATE − 0.0221 − 0.0260 − 0.0013 − 0.0019 − 0.0230 − 0.0255
LOANVOL 0.1608 0.1366 X X 0.1594 0.1084
AVEAMNT 0.7239 0.7854 X X 0.7475 0.7548
AVEDUR − 0.2515 0.0889 − 0.0467 X − 0.2148 X
AVERATING 0.0833 0.0813 X 0.0029 0.0839 0.0720
EARNINGS 0.1247 0.1168 0.0294 0.0289 0.1244 0.1122
GDP 0.0313 0.0332 X X 0.0319 0.0300
ESI − 0.2488 − 1.4348 0.5134 0.3994 X − 0.9603
INFLATION − 0.1873 − 0.2253 − 0.0270 − 0.0321 − 0.1907 − 0.2188
NPL 2.1033 2.4509 0.3107 0.3494 2.1560 2.3734
INTUSE X 0.1258 − 0.1698 − 0.1346 X X
Constant, Yr. & Individual Effects Yes Yes Yes Yes Yes Yes
N 4,485,532 4,485,532 4,485,532 4,485,532 4,485,532 4,485,532

Panel B: LASSO inference models
Model 1 Model 2 Model 3

Variables DV=BADLOAN
MARKETRET 0.4669*** 0.4682*** 0.5845*

(0.0315) (0.0314) (0.3136)
INTRATE 0.5628*** 0.5607*** 0.5628***

(0.0668) (0.0670) (0.0668)
Constant, Yr. & Individual Effects Yes Yes Yes Yes Yes Yes
N 4,485,532 4,485,532 4,485,532 4,485,532 4,485,532 4,485,532

Note: Table 7 presents the LASSO method results for the impact of stock market returns and interest rates on the probability of default with control
variables. The LASSO method is used to estimate effects for potential independent and control variables included in the model. Model (1) uses the
adaptive LASSO model; Model (2) uses the LASSO model with the cross-validation (CV) method; and Model (3) employs the LASSO plug-in method.
Omitted variables from selection by the LASSOmethod are denoted as (X). Panel B presents LASSO inference models based on double-selection LASSO
logistic regression.
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heterogeneous distribution of loans with a clear ending resolution (i.e., resolved loans) which account for around 92% of the database.
Unresolved loans are mainly concentrated around the later dates of the database. This concentration of unresolved loans potentially
creates a misrepresentation of the sample selection as loans included in the earlier periods might be more likely to be defaulted or
buyback loans.

To address these issues, we employ three different procedures. Firstly, we use a random bootstrap sampling6 technique to obtain
robust estimates of the relevant coefficients. This method reduces the sampling bias and warrants that our estimates are not affected by
the under-weighting or over-weighting of a certain group of observations (Chernick & LaBudde, 2014; Tibshirani & Efron, 1993).
Secondly, we apply Heckman's (1979) selection model for sample selection to the binary regression model. A binary dependent
variable equal to 1 is used if the loan is ‘resolved' (i.e., has a clear outcome), and 0 otherwise. The sample selection is instrumentalised
with loan-specific variables, including the loan rating. Thirdly, we run an ordered probit model in which the dependent variable is the
status of the unresolved loan (‘current’, ‘in grace period' or ‘a late loan7’). Accordingly, the dependent variable (LOANSTATUS) takes
one of the six values, with the regression sample consisting of only unresolved loans.

Table 9 reports the results of the probit regression after controlling for the above techniques to address selection bias. We observe
that the results are identical to the baseline regression reported in Table 5 in terms of coefficient signs and significance. The results are
generally robust to three specifications and remain similar to the ones reported in the baseline regression. We conclude that the
detected impacts of MARKETRET and INTRATE are almost not affected by the selection mechanisms used to construct the sample.

4.5. Additional analyses

In recognising that interest rates are calculated for aggregated individual loans, we acknowledge that individual personality
characteristics may affect loan defaults. Specifically, if the ratio of loans to borrowers in a country is low, the average-level data may
not be useful for this identification andmay cause sampling bias. Therefore, we further analyse regression models within the context of
loan volume by dividing the sample into two groups based on the median loan volume. The first subsample comprises observations
with lower than median loan volume while the second subsample comprises observations with higher than median loan volume. In
aggregating the data set by individual countries, we find that variations in terms of issued loans are very diverse.

Table 10, Panel A provides regression results for these two models with respective two-sample coefficient tests. We find

Table 8
Impact of stock market returns and interest rates on probability of default: LASSO models with instrumental variables.

Model 1 Model 2

Panel A: LASSO selection model with all control variables

DV=BADLOAN DV=BADLOAN

MARKETRET 0.1330***
(0.0219)

INTRATE 2.4910***
(0.6759)

Constant, Yr. & Ind. effects Yes Yes
Number of selected control variables (out of 11) 8 8
Selected instruments STOCKIND, AAR STOCKIND, UNEM_RATE
N 4,485,532 4,485,532

Panel B: LASSO selection model with only country-specific variables from which to choose
DV=BADLOAN DV=BADLOAN

MARKETRET 0.1639***
(0.0254)

INTRATE 2.6518***
(0.5752)

Constant, Yr. & Ind. effects Yes Yes
Number of selected control variables (out of 11) 8 9
Selected instruments STOCKIND ECBRATE, UNEM_RATE
N 4,485,532 4,485,532

Note: Table 8 presents the results of the LASSO instrumental variables linear regression model for the probability of default (PD). The cross-
fit partialling-out method is used to estimate the effects for potential control variables and instruments to be included in the model. Panel A
uses all control variables for the LASSO model. Panel B includes loan- and borrower-specific variables and uses country-specific variables
(economic, demographic, etc.) for the LASSO model. Both Panels A and B use all four instrumental variables for selection by the LASSO
method. Refer to Table 1 for descriptions of variables. All model specifications employ robust standard errors in parentheses; *p < 0.10, **p
< 0.05, ***p < 0.01.

6 Stratified bootstrap samples based on loan originators and each year under consideration. Bootstrap sampling replications are conducted 1000
times for each of the regression estimations.
7 Late loans are further classified as: ‘1–15 days’ late’, ‘16–30 days' late’, ‘31–60 days' late’ and ‘60+ days' late’.
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qualitatively similar results when using the effects of both stock market return and interest rate on the probability of default. The
explanatory variables behave similarly with no significant difference between the subsamples. The two-sample coefficient t-tests
indicate that the differences between the coefficients of the two groups are insignificant, with Chow (1960) test chi-squared statistic
values of 0.71 and 0.68 for market return and interest rate, respectively. The impacts of both interest rate and stock market return do
not significantly differ with changes in the volume of issued loans, thus eliminating sampling bias based on the effects of personality
characteristics.

We also notice that our sample period roughly covers two different periods of market interest rate conditions. Following the GFC,
the ECB kept baseline interest rates near zero for a prolonged period. Specifically, from 16 March 2016, the ECB kept the interest rate
on the main refinancing operations at zero (European Central Bank (ECB), 2021). Owing to this policy, our sample database contains
observations for periods when the euro area base interest rate was zero, during which little volatility was observed in financial markets.
Therefore, we draw separate subsamples based on a proxy for the market interest rate of the annualised agreed rate (AAR) reported by
credit organisations and other institutions. As shown in Table 10, Panel B, loan defaults are more prone to the effects of both interest
rates and market returns in a higher interest rate environment when the AAR is used as a proxy. This result has important implications
as interest rates are slated to increase due to the inflationary pressure faced by central banks (Holland, 2021; The Economist, 2021).

Earlier studies on P2P lending have raised concerns about future interest rate increases. Tomlinson et al. (2016) estimated that the
interest rate environment may lead to an expected divergence in the penetration of P2P lending in the UK market from £0.5 billion
(under a normalised interest rate environment) to £35.5 billion (under the current interest rate environment) by 2025. Our study

Table 9
Impact of stock market returns and interest rates on probability of default: Bootstrap sampling, Heckman's se-
lection model and ordered probit regression.

Model 1 Model 2

Panel A: Bootstrap sampling

DV=BADLOAN DV=BADLOAN

MARKETRET 0.1856***
(0.0110)

INTRATE 0.3537***
(0.0163)

Controls Yes Yes
Constant Yes Yes
Yr. & Ind. effects Yes Yes
Pseudo-R-squared 0.0971 0.0607
N 4,485,532 4,485,532

Panel B: Heckman's selection model
DV¼BADLOAN DV¼BADLOAN

MARKETRET 0.1618***
(0.0026)

INTRATE 0.4999***
(0.0034)

Controls Yes Yes
Constant Yes Yes
Yr. & Ind. effects Yes Yes
Pseudo-R-squared 0.1013 0.1199
N 4,485,532 4,485,532

Panel C: Ordered probit regression
DV ¼ LOANSTATUS DV ¼ LOANSTATUS

MARKETRET 0.1931***
(0.0340)

INTRATE 0.1050***
(0.0184)

Controls Yes Yes
Constant Yes Yes
Yr. & Ind. effects Yes Yes
Pseudo-R-squared 0.0670 0.0802
N 4,485,532 4,485,532

Note: Table 9 presents the probit regression results for three panels with corrections for sampling bias. Panel A
reports the results after the application of bootstrap sampling with stratified sampling based on country and year.
Panel B reports the results after the application of the Heckman selection model. Panel C reports the results for
ordered probit regression analysis for the loan status (LOANSTATUS) with the sample consisting of only unre-
solved loans. The dependent variable is an ordered dependent variable which takes one of the six values (current,
in grace period, 1–15 days' late, 16–30 days' late, 31–60 days' late and 60+ days' late). Refer to Table 1 for de-
scriptions of variables. All model specifications employ robust standard errors in parentheses; *p < 0.10, **p <

0.05, ***p < 0.01.
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highlights that ECB interest rate increases may significantly increase the sensitivity of P2P loan defaults to financial market volatility.
Another specific aspect of our sample is that it incorporates countries that are diverse in terms of their credit market's efficiency and

the progress of their FinTech development. A unique opportunity is created by the similarity of these countries due to their
geographical location and the fact that they operate under the EU jurisdiction, allowing exploration of the determinants of defaults in
the breakdown of financial markets, as well as FinTech development. Therefore, we analyse the data set in panels consisting of
subsamples, based on FinTech adoption and NPLs in the banking sector.

Table 11, Panel A provides the breakdown of our baseline model into panels based on the level of FinTech adoption in individual
countries. We divide our database based on the Global FinTech Index, as reported by Findexable (2019), which provides a snapshot of
local business infrastructure and FinTech ecosystem quality. The impacts of interest rates and market returns are significantly different
between countries with higher than median level Global FinTech Index scores and those with scores lower than the median level. Thus,
the transfer of risk from conventional financial markets to the P2P lending market is more pronounced when the country has a high
level of FinTech adoption.

Table 11, Panel B presents another perspective on the interconnectedness between the P2P lending market and conventional
financial markets by providing an analysis of the breakdown of NPLs in the banking sector. We divide our database into two non-
performing loan (NPL) subsamples, those higher than the median level and those lower than the median level. We observe that
under high levels of NPLs, P2P loans are relatively more sensitive to changes in market returns and interest rates.

In addition to subsample analysis, we analyse the relationship between traditional financial markets and FinTech loans using
interaction variables, creating interactions of euro area interest rates, banking sector NPLs and FinTech adoption with our two var-
iables of interest. Table 12 presents the regression results based on these three interaction variables. The euro area benchmark interest
rate and banking sector NPLs are found to significantly amplify the impact of both market returns and interest rates on the probability
of default. In contrast, FinTech adoption has a mixed impact on FinTech loans. Specifically, we observe that the interaction between
FinTech adoption and interest rates has a negative impact on the probability of default among FinTech loans. These findings shed more
light on the ongoing debate on the relationship between traditional and FinTech lending markets (Cole et al., 2019; de Roure et al.,
2022), by indicating that FinTech lending complements traditional financial lending.

The issue of the relationship between traditional and P2P lending markets requires consideration of the possibility of borrower self-
selection. Do higher interest rates or higher market returns cause higher loan delinquency or are the borrowers who take a higher level

Table 10
Impact of stock market returns and interest rates on probability of default: Role of aggregate loan volumes and euro area interest rates.

Panel A: Subsamples based on median loan volume

Lower than median loan
volume

Higher than median loan
volume

Lower than median loan
volume

Higher than median loan
volume

Variables DV=BADLOAN DV=BADLOAN DV=BADLOAN DV=BADLOAN

MARKETRET 0.0643** 0.0690**
(0.0297) (0.0297)

INTRATE 0.4306* 0.1705
(0.2491) (0.2410)

Controls Yes Yes Yes Yes
Constant, Yr. & Ind.

effects
Yes Yes Yes Yes

R-squared 0.1755 0.1890 0.1726 0.1897
N 2,135,510 2,112,951 2,135,510 2,112,951
Two-sample coefficient test: Chow test chi-squared statistic
MARKETRET/

AVEINTRATE
0.71 0.68

Panel B: Subsamples based on annualised agreed rate (AAR)
Higher than median AAR Lower than median AAR Higher than median AAR Lower than median AAR

Variables DV=BADLOAN DV=BADLOAN DV=BADLOAN DV=BADLOAN
MARKETRET 0.3301*** 0.0872***

(0.0188) (0.0121)
INTRATE 0.8346*** 0.7447***

(0.0052) (0.0069)
Controls Yes Yes Yes Yes
Constant, Yr. & Ind.

effects
Yes Yes Yes Yes

R-squared 0.0158 0.0242 0.0796 0.1133
N 2,642,170 2,485,496 1,616,247 1,224,297
Two-sample coefficient test: Chow test chi-squared statistic
AVEINTRATE/

MARKETRET
63.34*** 52.48**

Note: Table 10 presents the baseline regression results for two panels. Panel A draws subsamples based on the criteria of loan volumes in countries
being higher or lower than the median level. Panel B draws subsamples based on the annualised agreed rate (AAR) by credit and other institutions. All
model specifications employ robust standard errors in parentheses; *p < 0.10, **p < 0.05, ***p < 0.01.
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of risk simply attracted to borrow from that platform? The causation perspective in an empirical setting cannot disentangle the two
effects. One can argue that the shift in the borrower's creditworthiness is the result of an increased (or decreased) loan rating me-
chanically causing changes in a default or overdue loan. Additionally, the platform may take an active role in effectively managing the
loan to fine tune the loan quality.

Accordingly, Table 13 provides the results of the analysis using subsamples based on loan ratings. We divide the database into three
groups: Panel A (‘A' and ‘A-’ rating loans), Panel B (‘B+’ and ‘B-’ rating loans) and Panel C (‘B-’, ‘C+’ and ‘D' rating loans). All the
regression models reported in Table 13 generate significant positive coefficients for both market returns and interest rates. Results
from the breakdown of borrower loan ratings also indicate significantly high sensitivity of loans in Panel C, compared to those in Panels
A and B, to changes in market returns and interest rates.

To assess the change in default risk based on loan ratings, we estimate the marginal magnitudes of changes from the effect of the
independent variables for the three rating subgroups. We hold all the control variables at their mean values and estimate the change in
the likelihood of default under the respective changes in market returns and interest rates. We base our parameters on the findings
reported in Table 13. By estimating the change in the likelihood of default for the three rating subgroups, we find that the likelihood of
default is greater for the ‘B-, C+ and D' rating subgroup for each marginal change in market returns. The distinguishing feature of
marginal effects, as reported in Fig. 1, is the similar sensitivity of ‘A and ‘B' rating loans to market returns, with ‘B+ and B' rating loans
being slightly less sensitive. Fig. 1 also reports the respective marginal changes in the probability of default due to interest rates in the
breakdown of borrower ratings. We observe that ‘B-, C+ and D' rating loans are the most sensitive category in terms of interest rates,
compared to the other borrower rating categories. On average, loans in the lowest rating category are 0.80 % more likely to default
when market returns increase and 0.37 % more likely to default in the case of an increase in interest rates (compared to other rating
categories).

Another important issue in credit risk assessment is the time of loan closure, the early occurrence of which has a substantial cost for
investors. Our study examines this specific aspect of loan defaults using survival analysis by estimating not only whether, but also
when, the default event occurs (Royston& Lambert, 2011). The model, based on survival analysis, uses the same set of country-specific
variables together with a wide range of borrower-specific variables. These authors used, as their analysis's dependent variable, the time
to the occurrence of an event of interest, that is, a default. In the current study, the dependent variable is the risk of failure or how long
the loan survived until the failure (default). This is done by means of the Cox proportional hazards regression which relates survival

Table 11
Impact of stock market returns and interest rates on probability of default: Role of FinTech adoption and banking sector non-performing loans (NPLs).

Panel A: Subsamples based on FinTech adoption

High level of FinTech
adoption

High level of FinTech
adoption

High level of FinTech
adoption

High level of FinTech
adoption

Variables DV=BADLOAN DV=BADLOAN DV=BADLOAN DV=BADLOAN

MARKETRET 0.4672*** 0.1118***
(0.0156) (0.0132)

INTRATE 0.4138*** 0.3262***
(0.0063) (0.0262)

Controls Yes Yes Yes Yes
Constant, Yr. & Ind.

effects
Yes Yes Yes Yes

R-squared 0.0182 0.0263 0.0423 0.0262
N 1,791,040 2,568,524 1,791,040 2,568,524
Two-sample coefficient test: Chow test chi-squared statistic
MARKETRET/INTRATE 80.29*** 11.81***

Panel B: Subsamples based on banking sector NPLs
High level of NPLs High level of NPLs High level of NPLs High level of NPLs

Variables DV=BADLOAN DV=BADLOAN DV=BADLOAN DV=BADLOAN
MARKETRET 0.7582*** 0.0968***

(0.0226) (0.0118)
INTRATE 0.7674*** 0.7010***

(0.0082) (0.0059)
Controls Yes Yes Yes Yes
Constant, Yr. & Ind.

effects
Yes Yes Yes Yes

R-squared 0.0184 0.0383 0.0862 0.0961
N 2,103,877 2,240,850 2,103,877 2,240,850
Two-sample coefficient test: Chow test chi-squared statistic
MARKETRET/INTRATE 146.23*** 63.63***

Note: Table 11 presents the baseline regression results for two panels. Panel A reports the findings of logit regression analysis for countries with high
and low levels of FinTech adoption. The subsamples are based on countries' FinTech Development Index (Findexable, 2019) being higher/lower than
the global median. Panel B draws subsamples based on gross non-performing loans (NPLs), dividing the sample into high and low levels of NPLs
(compared to the median) in the banking sector. All model specifications employ robust standard errors in parentheses: *p < 0.10, **p < 0.05, ***p <

0.01.
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time and explanatory variables.
Table 14, Panel A provides the survival analysis results, by means of Cox regressions, one for each explanatory variable. The

regression coefficient is interpreted as a k-fold increase in risk, with a positive regression coefficient meaning that the risk is higher.
The risk ratio can be interpreted as the predicted change in the risk for a unit increase in the explanatory variable. Table 14 reveals
important practical findings. Both variables of interest are consistent across the models. Model (1) estimates that an increase of one
unit in market returns increases the risk of loan failure by 0.0476 times, ceteris paribus. In contrast, the risk of failure increases by
0.3617 times with each percentage increase in interest rates. We further investigate the survival of loans by dividing them into two
subsamples based on the time of loan closure. Table 14, Panel B indicates that the probability of failure is significantly higher for loans
during the first 100 days from the issue date.

Survival curves are another important aspect of survival analysis, with these indicating the probability of failure at a certain point
of time. Fig. 2 displays the survival curves for market returns as well as for interest rates. The probability of loan survival is almost
identical during the first 100 days from the issue of the loan when a decrease or increase occurs in market returns. However, a sig-
nificant drop in survivability is observed immediately following the 100-day mark when an increase occurs in market returns. We also
observe that loan survival is more likely during a low interest period compared to a high interest period (‘high’ and ‘low’ are with
respect to the median level).

5. Concluding remarks

5.1. Theoretical and practical implications

This study investigates the effect of various determinants on P2P loan delinquencies in a cross-country study. Unlike the limited
number of earlier studies (Li et al., 2020; Serrano-Cinca et al., 2015; Wei & Lin, 2016), we rely on an extended cross-country data set
with a wide range of country-specific variables. This extension allows the findings to be generalised to a broader international context.
The findings also help investors and P2P platforms to better estimate country risk in their risk assessments. Thus, several theoretical
and practical implications of this study can be highlighted.

Table 12
Impact of stock market returns and interest rates on probability of default: Interaction effects.

Panel A: Interaction variables with euro area interest rate

Variables DV=BADLOAN DV=BADLOAN

MARKETRET × 0.6702***
ECB_RATE (0.0054)
INTRATE × 1.7711***
ECB_RATE (0.0090)
Controls Yes Yes
Constant, Yr. & Ind. effects Yes Yes
R-squared 0.0220 0.0899
N 4,485,532 4,485,532

Panel B: Interaction variables with banking sector NPLs
Variables DV¼BADLOAN DV¼BADLOAN
MARKETRET × 0.0184***
NPL (0.0002)
INTRATE × 0.1096***
NPL (0.0013)
Controls Yes Yes
Constant, Yr. & Ind. effects Yes Yes
R-squared 0.0177 0.0659
N 4,485,532 4,485,532

Panel C: Interaction variables with FinTech adoption
Variables DV¼BADLOAN DV¼BADLOAN
MARKETRET × 0.0068***
FINTECH (0.0000)
INTRATE × − 0.0049***
FINTECH (0.0002)
Controls Yes Yes
Constant, Yr. & Ind. effects Yes Yes
R-squared 0.0278 0.0700
N 4,485,532 4,485,532

Note: Table 12 presents the baseline regression results for three panels. Panel A reports the findings of logit regression analysis for the interaction
variable with the euro area interest rate. Panel B reports the findings for the interaction variable with the banking sector NPLs. Panel C reports the
findings for the interaction variable with the FinTech Development Index (Findexable, 2019). All model specifications employ robust standard errors
in parentheses: *p < 0.10, **p < 0.05, ***p < 0.01.
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Firstly, a key contribution of this study is its cross-country model that combines various econometric andmachine learningmethods
with a multi-million observation data set. Specifically, we applied the LASSO method for model selection, parameter estimation and
instrumental variable selection. By integrating loan-specific and economy-specific variables, the model provides a robust risk man-
agement framework. The findings reveal specific odds ratios for market returns and interest rates, enabling managers to assess credit
risk more accurately and to effectively adjust their strategies.

Secondly, our findings reveal that borrowers' creditworthiness in the P2P lending market is closely linked to broader financial
markets. This insight allows platform managers to better manage and mitigate various risk factors contributing to borrower default
risks. By understanding the sensitivity of default risk to external factors, such as stock market returns and interest rates, managers can
implement proactive risk mitigation strategies, thereby enhancing platform stability and boosting investor confidence.

Thirdly, a key theoretical contribution of our study is its exploration of the ‘financial accelerator’ effect and life-cycle consumption
theory. The study demonstrates that increased borrowing levels elevate consumption rates and borrowers' debts. Researchers can
investigate behavioural patterns related to credit risk sensitivity using the coefficients of variables, stock market return (MARKETRET)
and interest rate (INTRATE). These coefficients are valuable for stress testing P2P lending portfolios, enabling platforms to simulate
scenarios (e.g., increased stock market volatility), assess their resilience and develop effective risk mitigation strategies.

Fourthly, the findings of our study make an important theoretical contribution to the debate on the relationship between traditional
and FinTech lending markets, as well as the risk of transfer between them. Specifically, our study empirically indicated that FinTech
lending complements traditional financial lending. We have also provided empirical evidence that stock market conditions could
bilaterally influence default risk in the P2P lending market.

Finally, the findings about country-level indicators may have significant implications for better understanding the interaction
between P2P lending and the broader economy. In doing so, the study's findings contribute to risk theory by emphasising the inter-
connectedness of financial markets and P2P lending. Incorporating both loan-specific and broader economic variables enriches

Table 13
Impact of stock market returns and interest rates on probability of default: Rating subsamples.

Panel A: ‘A' & ‘A-’ rating loans

(1) (2)

Variables DV=BADLOAN DV=BADLOAN

MARKETRET 0.7872***
(0.0905)

INTRATE 1.5521***
(0.0333)

Controls Yes Yes
Constant, Yr. & Ind. effects Yes Yes
R-squared 0.0433 0.0512
N 945,988 945,988

Panel B: ‘B+’ & ‘B' rating loans
(1) (2)

Variables DV¼BADLOAN DV¼BADLOAN
MARKETRET 0.2401***

(0.0392)
INTRATE 1.4546***

(0.0442)
Controls Yes Yes
Constant, Yr. & Ind. effects Yes Yes
R-squared 0.0602 0.1073
N 1,282,510 1,282,510

Panel C: ‘B-’, ‘C+’ and ‘D' rating loans
(1) (2)

Variables DV¼BADLOAN DV¼BADLOAN
MARKETRET 3.8771***

(0.151)
INTRATE 3.5432***

(0.2185)
Controls Yes Yes
Constant, Yr. & Ind. effects Yes Yes
R-squared 0.0572 0.0464
N 1,629,720 1,629,720
Test of equality of coefficients: Chow test chi-squared statistic
MARKETRET/INTRATE 74.34*** 86.67***

Note: Table 13 presents the results of regression analyses based on three panels (by loan ratings). These are the
logit regression analysis results for the likelihood of loan default (BADLOAN). All model specifications employ
robust standard errors in parentheses; *p < 0.10, **p < 0.05, ***p < 0.01.
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existing risk frameworks. Researchers can build upon this foundation, exploring additional risk determinants and refining theories
applicable to the FinTech sector.

5.2. Generalisation of research findings, limitations and room for further research

Using the cross-country database, we find that country-level interest rate and stock market returns significantly impact default risk.
An increase in interest rate and stock market returns leads to higher aggregate default rates at the country level. Our study's main
findings are consistent across robustness tests based on endogeneity correction, LASSO models and adjustments for selection bias. We

Fig. 1. Change in probability of default for incremental change in explanatory variables (by loan ratings).
Note: Fig. 1 presents estimates of the change in the likelihood of default for each incremental increase in explanatory variables by holding all control
variables at their mean values. Estimation parameters are based on the findings reported in Table 13 in the breakdown of borrower rating groups.
The shaded area represents 95 % confidence intervals for the respective estimations.
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also find no significant differences in the functional form of interest rates between subsamples, based on the ECB base interest rates.
However, we observe that the impact of stock market returns is significantly higher for non-zero interest rate periods compared to zero
interest rate periods (based on the ECB base interest rates). The severity of the impact of market returns and interest rates is found to be
significantly different based on the level of FinTech adoption as well as the level of banking sector distress.

Our study makes the following remarks on the generalisability of its findings and its limitations. Although the Mintos platform used
in this study is based in Latvia, it issues loans and accepts investments across the European Union (EU). Therefore, the findings should
be relevant to other P2P lending platforms in the European Union (EU). The time span of the database in our study extends to five years
which could be problematic in capturing macroeconomic tendencies. However, the model's framework is developed from well-proven
traditional financial markets, with investor incentives not generally changing. Thus, the generalisation of findings to 2020 and beyond
should also be relevant.

Several aspects with regard to macroeconomic indicators, such as GDP growth, and their impact on default probability require this
study to make several reservations. Firstly, existing studies have provided rather contradictory results on the impact of macroeconomic
factors on defaults. For instance, Croux et al. (2020) and Louzis et al. (2012) indicated a negative relationship of GDP growth rate with
consumer and mortgage NPLs, as well as with the delinquency of P2P loans. On the other hand, the study of Avgeri and Psillaki (2023)
indicated a positive relationship with loan defaults, implying that an improvement in the growth of GDP results in a higher likelihood

Table 14
Impact of stock market returns and interest rates on probability of default: Survival time of issued loans.

Panel A: Survival analysis

(1) (2)

DV=SURVIVAL_TIME DV=SURVIVAL_TIME

Parameter estimate Hazard ratio Parameter estimate Hazard ratio

MARKETRET 3.0453*** 0.0476***
(0.0128) (0.0006)

INTRATE 1.2857*** 0.36171***
(0.0023) (0.0084)

LOANVOL 0.8609*** − 0.1498*** 0.8555*** − 0.1561***
(0.0005) (0.0006) (0.0005) (0.0006)

AVEAMNT 0.9931*** − 1.0501*** 1.2209*** − 1.0648***
(0.0001) (0.0010) (0.0036) (0.0010)

AVEDUR 0.3499*** 0.0351*** 0.3448*** 0.0654***
(0.0003) (0.0009) (0.0003) (0.0009)

AVERATING 1.5170*** − 0.0731*** 1.2209*** − 0.3728***
(0.0044) (0.0041) (0.0036) (0.0041)

EARNINGS 0.9295*** 0.8412*** 0.6888*** 0.8692***
(0.0038) (0.0012) (0.0028) (0.0012)

GDP 2.3190*** 5.0224*** 2.3851*** 8.9978***
(0.0028) (0.0307) (0.0028) (0.0288)

ESI 1.7745*** − 0.0369*** 8.3947*** − 0.0658***
(0.0058) (0.0003) (0.0051) (0.0003)

INFLATION 0.9638*** 0.0921*** 0.9363*** 0.0757***
(0.0002) (0.0002) (0.0002) (0.0002)

NPL 1.0965*** − 0.0420*** 1.0786*** 0.0085***
(0.0002) (0.0004) (0.0002) (0.0004)

Pseudo-R-squared 0.0348 0.0372
N 3,829,464 3,829,464

Panel B: Subsamples based on loan closure
(1) (2)

DV¼BADLOAN DV¼BADLOAN
Variables Up to 100 days More than 100 days Up to 100 days More than 100 days
MARKETRET 0.9516*** 0.3993***

(0.0884) (0.0355)
INTRATE 1.7679*** 0.3552***

(0.0555) (0.0243)
Controls Yes Yes Yes Yes
Constant, Yr. & Ind. effects Yes Yes Yes Yes
R-squared 0.0544 0.0585 0.0913 0.0607
N 3,484,956 475,474 3,484,956 475,474
Test of equality of coefficients: Chow test chi-squared statistic
MARKETRET/INTRATE 22.09*** 11.40***

Note: Table 14 presents the results from the survival time of issued loans. Panel A provides the Cox regression analysis for the survival time of issued
loans. Panel B provides the results for subsamples based on realised loan closure. Refer to Table 1 for descriptions of variables. Number of listings
analysed: 3,829,464. Failed: 736,406 (19.23 %). Successful: 3,093,058 (80.77 %). All model specifications employ robust standard errors in pa-
rentheses; *p < 0.10, **p < 0.05, ***p < 0.01.
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of delinquency. This could be attributed to the trade-off between economic growth and increasing debt in the economy.
Secondly, if macroeconomic conditions change, such as the GFC, defaults are no longer independent events and require a different

framework for analysis. The impact of macroeconomic factors, such as GDP growth, could be better analysed under conditions of
economic distress, as in the study of Nigmonov and Shams (2021). Finally, the diversity of countries in the database used in this study
in terms of geographical scope and FinTech development requires further evaluation. Existing studies that provided consistent evi-
dence on the impact of macroeconomic variables on defaults (e.g., Figlewski et al., 2012; Kukuk & Rönnberg, 2013) considered
corporate defaults in a single country and/or in traditional financial markets. However, due to limited available data, it was not
possible to further investigate the control variables. Although this issue was beyond the scope of the current study, it may provide some
direction towards promising fields for further research.

Fig. 2. Survival function for respective groups based on explanatory variables.
Note: Fig. 2 presents estimates of the survival function for subsamples based on interest rates and market returns. Estimation parameters are based
on the findings reported in Table 14.
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The study's findings should also be applied with caution during periods of financial distress. The P2P lending market experienced a
challenging period during 2020. The COVID-19 pandemic and related turmoil in traditional financial markets, as well the resulting
economic recession, created significant problems for the burgeoning P2P lending market. This study mainly explores the insolvency of
borrowers which is expected to skyrocket as the current adverse economic conditions persist. The study's findings on macroeconomic
variables may offer some clues about the expected impact of economic conditions on the P2P lending market. At the same time, we
cannot observe the full scale of the problems related to insolvency in the short term, as various government policies are shielding
borrowers and providing liquidity to investors. Additionally, the database used in this study proved to have a limited scope when
analysing subsamples.

Considering the limitations of this research, future studies could enhance and extend this study in several directions. Firstly, the
LASSO machine learning method could be enhanced with further extensions. Machine learning models, such as XGBoost and neural
networks, tend to surpass traditional ones, such as logistic regression and linear discriminant analysis. However, the causal inter-
pretation of machine learning model parameters remains a challenge for future research. Secondly, understanding how machine
learning models perform over time is of interest, especially during financial crises when default rates rapidly increase, such as the
liquidity risk faced by platforms and investors in the short term. Therefore, future studies could explore the liquidity risk in the P2P
lending market when faced with contagion-type external conditions. Finally, future studies could extend the database by collecting
data from a larger number of platforms. In doing so, these studies could investigate tendencies that were not explored in this study.
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Appendix A. Appendix

Table A1
Breakdown of loans by country and loan originators.

Country Loan originator N %

Bulgaria CashCredit 76,263 1.70 %
Bulgaria Credissimo 26,912 0.60 %
Bulgaria ITF Group 62,978 1.40 %
Bulgaria Mogo 9267 0.21 %
Bulgaria StikCredit 4070 0.09 %
Denmark Creamfinance 48,692 1.09 %
Denmark Mozipo Group 2080 0.05 %
Denmark Simbo 282,494 6.30 %
Estonia Capitalia 252 0.01 %
Estonia Creditstar 29,677 0.66 %
Estonia ESTO 14,644 0.33 %
Estonia Mogo 22,393 0.50 %
Estonia Placet 17,387 0.39 %
Finland BB Finance Group 42,431 0.95 %
Finland Creditstar 11,074 0.25 %
Latvia AgroCredit 202 0.00 %
Latvia Banknote 854,288 19.05 %
Latvia Bino 692,587 15.44 %
Latvia Capitalia 1741 0.04 %
Latvia Creamfinance 17,086 0.38 %
Latvia Hipocredit 1255 0.03 %
Latvia Mogo 62,385 1.39 %
Latvia Mogo Renti 7032 0.16 %
Latvia VIZIA 25,660 0.57 %
Lithuania Capitalia 1827 0.04 %

(continued on next page)
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Table A1 (continued )

Country Loan originator N %

Lithuania Debifo 2967 0.07 %
Lithuania EBV Finance 41,244 0.92 %
Lithuania Hipocredit 229 0.01 %
Lithuania Mogo 29,801 0.66 %
Lithuania Mozipo Group 51,899 1.16 %
Lithuania Placet 18,637 0.42 %
Poland Aasa 35,196 0.78 %
Poland Aforti 1049 0.02 %
Poland Alfakredyt 30,936 0.69 %
Poland Capital Service 105,919 2.36 %
Poland Creamfinance Poland 34,973 0.78 %
Poland Creditstar 152,298 3.40 %
Poland Dziesiatka Finanse 3593 0.08 %
Poland Efaktor 100 0.00 %
Poland Eurocent 1392 0.03 %
Poland Everest Finanse 89,936 2.01 %
Poland GetBucks 11,129 0.25 %
Poland Invipay 932 0.02 %
Poland Kuki 644,027 14.36 %
Poland Leaselink 1953 0.04 %
Poland Mogo 5054 0.11 %
Romania Credius 25,303 0.56 %
Romania Extra Finance 79 0.00 %
Romania Mikro Kapital Romania 260 0.01 %
Romania Mogo 7206 0.16 %
Romania Mozipo Group 10,344 0.23 %
Spain Creamfinance Spain 19,318 0.43 %
Spain Creditstar 66,073 1.47 %
Spain Dindin 12,878 0.29 %
Spain Dineo Credito 60,196 1.34 %
Spain Fireof 63 0.00 %
Spain ID Finance 452,319 10.08 %
Spain Lendrock 1 0.00 %
Spain Rapido Finance 82,109 1.83 %
Sweden Aasa 6831 0.15 %
United Kingdom 1 pm 19 0.00 %
United Kingdom Evergreen 3655 0.08 %
United Kingdom Novaloans 21,414 0.48 %
United Kingdom Peachy 139,523 3.11 %
Total 4,485,532 100.00 %

Table A2
Breakdown of loans by rating and loan status.

Rating N %

A 143,157 3.19 %
A- 1,100,013 24.52 %
B 1,008,766 22.49 %
B+ 108,285 2.41 %
B- 1,748,919 38.99 %
C 13,889 0.31 %
C+ 127,301 2.84 %
C- 11,129 0.25 %
D 224,073 5.00 %
Total 4,485,532 100.00 %
Loan status N %
Current 93,060 2.07 %
Default 85 0.00 %
Finished - Bad Debt 152 0.00 %
Finished as scheduled 442,645 9.87 %
Finished prematurely 3,361,770 74.95 %
Finished prematurely - Buyback 555,418 12.38 %
Grace Period 2206 0.05 %
Late 1–15 9569 0.21 %
Late 16–30 9089 0.20 %
Late 31–60 9373 0.21 %
Late 60+ 2165 0.05 %
Total 4,485,532 100.00 %
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