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ABSTRACT
In a context of market volatility, the growing complexity of financial products, and a
shift towards self-employment, there is an increasing demand for inclusive financial
services for sole traders and micro-organizations. To address this need, we conducted
a study using real-time data from a Fintech lender in the Czech Republic to assess the
effectiveness of a new financial literacy basedpsychometric credit scoringmodel (PSM)
in improving access to finance for micro, small and medium sized enterprises (MSME)
sector, particularly sole traders, andmicro-organizations, during volatile market condi-
tions. This study affirms that PSMs play a significant role in responsibly including this
underserved sector. Specifically, we observed a 30% higher approval rate and a 23%
lower default rate when utilizing the PSM versus the traditional credit scoring model
(TCSM). Moreover, during the period of substantial market volatility and instability,
such as the state-of-emergency during the COVID-19 pandemic, the PSM exhibited a
13% higher approval rate at a 20% lower default rate than the TCSM. This evidence
supports the proposition that PSMs offer a viable option for promoting financial inclu-
sion and targeted financial education among MSMEs in the face of instable financial
markets.
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1. Introduction

Micro, small and medium-sized enterprises (MSMEs) play an exclusive role and prominence in the world
economy, wherein global prosperity is anchored on the continued growth of a thriving MSME sector (Rao
et al. 2023). The Organization for Economic Cooperation and Development (OECD) categorizes MSMEs into
micro-enterprises, including sole traders or self-employed (fewer than 10 employees), small enterprises (10–49
employees) and medium-sized enterprises (50–249 employees) (OECD 2023). Moreover, MSMEs can provide
substantial contributions toward the United Nations Sustainable Development Goals (SDGs) through employ-
ment generation, sustainable industrialization, innovation nurturing, and incomedisparity reduction (Šebestová
and Sroka 2020). SDGs are crucial aspirations and endeavours while sustaining MSMEs and improving their
financial performance (Bartolacci, Caputo, and Soverchia 2020). Likewise,MSMEs constitute 90% of the world’s
economy and create 60–70%of employment and 55%ofGDP and drive inclusion, which highlightsMSMEs con-
tinued importance as drivers of economic growth and development now, and in the future (The World Trade
Report 2016; 2023, 63, 66). Despite these statistical reports and contributions, MSMEs face multiple challenges
and constraints to survive during periods of volatility (The World Trade Report 2023, 66). Extant literature
reveals that access to finance is one of the most, if not the most, pressing issue that currently hinders MSMEs
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growth trajectories (Ang 1991, 1992; Baker and Judge 2020; Carpenter and Petersen 2002; Chittenden, Hall,
and Hutchinson 1996; Gibson 1992; Guariglia, Liu, and Song 2011; Gupta and Barua 2018; Hall and Hutchin-
son 1993; Hamilton and Fox 1998; Hughes 1997; Hutchinson and Xavier 2006; Jordan, Lowe, and Taylor 1998;
Lopez-Gracia and Aybar-Arias 2000; Moscalu, Girardone, and Calabrese 2020; Rao et al. 2023; Robson and
Bennett 2000).

In addition, the digital transformation of financial services via digital technologies (machine learning and
artificial intelligence) can be leveraged to help increase financial access and broaden inclusion. For instance,
Open Banking (OB) tools via Application Programming Interfaces (APIs) enable data sharing and functionality
to literally ‘open’ the marketplace and increase consumers and entrepreneurs’ ability to compare and select
preferred product and service offers (e.g. OECD 2023). McKinsey (2017) espouse that OBmay facilitate benefits
and encourage sustainable service models, particularly for underserved markets, such as MSMEs (Long et al.
2020).

The range of OB data sources moves beyond banking data to public data – images from satellites, company
data, socialmedia, andmessenger services. Thus, interactional big datasets permit creating an arbitrary profile of
the consumer using artificial intelligence (AI) (Mhlanga 2021). These profiles assist lenders in assessing the gen-
eral behaviours of applicants and verify the probability of potential borrowers defaulting on a loan repayment,
in essence reducing the lender’s risk in granting loans (Biallas and O’Neill 2020). Research supports OB-based
payment models (Rishabh 2022); mobile phone data (Liu et al. 2017; Óskarsdóttir et al. 2019; San Pedro, Proser-
pio, and Oliver 2015; Shema 2019) and social media data (Tan and Phan 2018; Wei et al. 2016; Yuan et al. 2018;
Zhang et al. 2016) in producing higher predictive credit performance and repayment likelihood compared to
traditional credit scoring models (TCSMs).

This obvious, but overlooked data emanates from established psychometric models, affording insights into
an individual’s skills, abilities, personality traits, attributes, competencies, and intelligence levels. Such attributes
have been linked to predicting human behaviour – crucial in assessing credit worthiness and predicting default
behaviours which could lead to an accrual of arrears for lenders, therefore, predicting an applicant’s propensity
to default on repayments (Aitken 2017; Arráiz, Bruhn, and Stucchi 2017; Djeundje et al. 2021; Goel and Rastogi
2023). The use of psychometric data to predict financial behaviour, is not new, however, a holistic but granular
financial behavioural approach for responsible lending toMSMEs during period of market instability is missing
(Bernards 2019).

Small businesses face a liability of ‘smallness’, thus, when crises create volatility and unstable market condi-
tions, resource, and liquidity contracts to stifle MSMEs access to finance and therefore, growth (Eggers 2020).
The situation is compounded by consumer market contraction as spending reduces, and financiers become
more risk averse in their investment and lending protocols (Eggers 2020). For example, the lingering effects
of the global financial crisis 2008–2009, combined with persistent financial instability and emergent economic
crises, diffused risk in credit markets, impacts the levels of job creation and income security in many OECD
economies (Bakhtiari et al. 2020). Smaller FS/FinTech businesses bear the brunt, as the marketplace contracts
throughmergers into larger enterprises or even their disappearance. This could potentially lead to greatermarket
concentration among larger businesses in the FS/FinTech sector (see The World Trade Report 2023, 66).

Simultaneously, digital transformation has changed workforce structures from traditional- to self-
employment following the 2008 recession, and the recent pandemic, disrupting the traditional employee-
employer relationship (Robison 2013), paving the way for the digital and gig economies to emerge (Istrate and
Harris 2017). Consequently, theMSME sector haswitnessed rapid growth anddemand for digital freelancers and
gig workers, anticipated to surpass traditional employment by 2027 (Kässi and Lehdonvirta 2018; Pew Research
Center 2019). This seismic shift away from traditional employment is driven by 46% of Generation Z (born
1996–2012) members preferring the flexibility of independent work (Upwork 2023). At the other end of the
generational spectrum, the ‘baby boomers’ (born 1946–1964) are increasingly turning to self-employment as
a transition to, and means of funding their retirement (Pew Research Center 2019; Robison 2013). If this sec-
tor is unable to access finance, the sector will be monopolised by larger organizations and create the reverse of
inclusion.

Previous research supports this observation, that the access to finance gap widens for sole traders and
micro-organizations, when applying for bank loans, venture capital, and government support during economic
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volatility (Demirel and Parris 2015). In summary, while FinTech has accelerated financial inclusion, the key cus-
tomer base centres on small borrowers, most affected by market instability. We have chosen a FinTech lender to
test our novel PSM solution to assess bridging the access to finance gap utilizing data from a Czech (CZ) FinTech
lender during market instability (e.g. COVID-19).

CZ was selected as a representative EU country based on several factors: (i) Gross Domestic Product (GDP)
to debt ratio, (ii) levels of digital technological innovation, readiness and adoption, (iii) an identified 50% access
to finance gap for small businesses that shares similarities with comparable EU countries and the UK (WBES,
2023), and (iv) CZ is a technologically advanced Eastern European country and ranks among the world’s most
innovative countries (Hlomane 2022). Alternative lending leveraging digital technologies are suggested as a
viable solution for closing the access to finance gap for small businesses per se (Mhlanga 2021; Sahay et al. 2020).
Thus, CZproffers an ideal testbed to explore the use of our PSM solution.Our central research question therefore
specifically, asks:

To what extent can psychometric credit scoring models predict the likelihood of arrears, and increase access to finance for micro-
organizations and sole traders during market instability?

This paper makes three contributions to the field of PSMs, utilizing FS/FinTech innovation to facilitate finan-
cial inclusion for small businesses and their associated lenders. First, despite attention towards the value of PSMs
for small business lending, ours is the first that counterfactually explores the stability of a PSM during a period
of high macro-economic instability. Second, at the time of writing, this study is the first to consider the Euro-
pean lending sector. Finally, where prior studies have applied small back-test experiments (e.g. use of traditional
financial data sources) for probability of default testing, we employ dynamic near real-time psychometric and
financial data from a CZ-based FS/FinTech firm (August 2019-February 2022) to not only assess the validity
of the PSM for incorporation in both FS/FinTech and mainstream credit scoring procedures for probability of
default testing, but translate the results into profit impact of lenders.

This remainder of this paper is structured as follows. Section 2 illustrates the context, concepts, and com-
ponents underpinning the PSM and builds our hypotheses. Section 3 describes the empirical methodology and
methods employed in developing the PSM, the subsequent CZ sample and variables used to further test and vali-
date the model. Section 4 presents and discusses the main results including discussing our hypotheses. Section 5
concludes our study, providing closing remarks and examines the PSM in relation to extant literature. Section 6
discusses research limitations and insights for FinTech practitioners to considerwhile offering newPSM research
avenues to pursue.

2. Literature review

2.1. Credit scoring classification: a historical perspective

Since the mid-twentieth century, both researchers and practitioners have emphasized developing empirical
models that assist retail lenders to engage in responsible practices, offering affordable credit to consumers and
businesses. Today, commercial banks retain billions in capital via consumer loans and the consumer credit sec-
tor are now of substantial economic importance to the global economy. The large volume of loans illustrates that
incremental improvements in the accuracy of credit scoringmodels can result in considerable financial gains for
lenders and consumers. Hence, developing accurate credit scoring models is a major priority for financial insti-
tutions to optimize profits while effectively managing exposure to lending risk (Baesens et al. 2003; Jiang et al.
2019; Lessmann et al. 2015; Luo, Wu, and Wu 2017; Thomas, Allen, and Morkel-Kingsbury 2002). Historically,
managers evaluated an applicant’s creditworthiness based on their intuitive experience. However, with the sup-
port of empirical models, managers can now evaluate credit applicants efficiently, consistently, and accurately.
Consequently, attention has been paid to empirical credit scoring (cf. prior citations), resulting in several tech-
niques, referred to as credit scoring models (CSMs). CSMs classify credit applicants into a dichotomous group
of ‘good’ or ‘bad’ applicants, indicating their respective likelihood of repaying or defaulting on a loan agreement.
Credit scoring problems can be positionedwithin the scope of themorewidely discussed classification issues and
bias reducing access to credit for applicants (Akkoç 2012; Baesens, Roesch, and Scheule 2016; Saberi et al. 2013;
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Verbraken et al. 2014). The emergence of machine learning and sophisticated classification techniques, such
as neural networks, support vector machines and random forests classifiers has led to extensive benchmarking
studies aimed at improvingCSMs statistical performance and accuracy (Óskarsdóttir et al. 2019). Lessmann et al.
(2015), concludes that multiple studies found that traditional credit scoring models (TCSMs) based on simple
logistic regression models, performed very well and newer classification techniques offer marginal performance
gains. Among statistical techniques, Multivariate discriminant analysis (MDA) (Altman 1968; Fisher 1936) and
logistic regression (LR) (Baesens et al. 2003; Wiginton 1980) are two popular methods, because they are easy to
implement and interpret (Xiao, Xiao, andWang 2016). However, limitations emerge in application, because the
data should be linear separable and strictly follow certain distribution.Whereas, AI techniques, such as k-nearest
neighbours (KNN) (Henley and Hand 1996), genetic algorithm (GA) (Ong, Huang, and Tzeng 2005), support
vector machines (SVM) (Huang, Chen, andWang 2007), decision trees (DT) (Wang et al. 2012), random forest
(RF) (Malekipirbazari and Aksakalli 2015; Van Thiel and van Raaij 2019) and artificial neural network (ANN)
(Lee and Chen 2005) now provide alternatives to prior statistical techniques based on improved performance.
This is achieved via the combination of individual classifiers and ensemblemodels for credit scoring application,
which perform better than individual classifiers in accuracy and stability and are now mainstream for CSMs.

The digitization of credit eliminates the traditional ability of lenders to evaluate a borrower’s personality. Con-
sequently, a common drawback of all Credit ScoringModels (CSMs) is their inability to quantify the importance
of the borrower’s character. Among the ‘six Cs’ of granting credit criterion—Condition, Collateral, Credit, Char-
acter, Capacity and Currency, the assessment of the most crucial ‘C’, namely, the borrower’s character, remains
questionable, inadequately considered, and measured to evaluate an applicant’s creditworthiness (Capon 1982).
We argue that to enhance Credit Scoring Models (CSMs), the solution lies in adopting advanced classification
techniques and, even more crucially, in harnessing innovative big data sources like psychometrics to incorpo-
rate the borrower’s character traits as evaluation criteria in both traditional and contemporary classification
methods. This approach can lead to the development of comprehensive credit scoring models.

Traditional credit scoring models (TCSMs) predominantly rely on demographic and financial data, creating
limitations for assessing the creditworthiness of MSMEs and specifically, sole traders and micro-organizations.
As a result, TCSMs are undergoing rapid transformations to broaden financial inclusion via access to finance
(Goel andRastogi 2023). Recent innovations include adopting alternative variables, such as the borrower’s social
media data (DeCnudde et al. 2019;Hendricks andBudree 2019), utility data (Djeundje et al. 2021),mobile phone
data (Agarwal andAlam2020), psychometric data (Azma et al. 2019; VanThiel, Goedee, and Leenders 2023) and
so on. The idea behind utilizing open and alternative data sets is to serve underbanked sectors and populations
who face financial constraints due failing to meet the ‘Know your Customer’ (KYC) financial data requirements
to verify customer identity (Elliott et al. 2022). Such studies have shown that credit scoring is not limited to
demographic and economic variables, other variables can be explored that increase the accuracy in predicting
the default traits of borrowers. A systematic literature review examining CSMs suggests that a minimal number
of articles have considered alternative variables to assess the borrower’s creditworthiness (Onay and Öztürk
2018). For the above reasons, and drawing on theoretical insights from psychometrics in identifying the stable
‘character traits’ of sole traders andmicro- business entrepreneurs to informCSMs, our core research hypothesis
is:

H1. Psychometric credit scoring models increase responsible access to finance for small businesses in unstable market
conditions.

2.2. Psychometric credit scoring

Extant psychometric literature suggests variables and constructs that could assist in improving the accuracy of
OB data for AI-enabled credit scoringmodels. To explain, the human trait of impatience is found to be correlated
with defaulting behaviours (Meier and Sprenger 2007). Similarly, sixty-six psychometric variables (not defined
in the study) were applied to data relating to credit applicants from MSMEs in Peru (N = 275), to establish
psychological traits linked to the repayment traits an Area Under the Curve (AUC)measure of 0.7 was reported,
indicating excellent levels of discriminatory model power ( Goel and Rastogi 2023, see methodology section
for AUC description). To test the resultant default model premised on psychological constructs, the authors
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estimated a similar model with data from four African countries—Kenya, South Africa, Ghana, and Nigeria,
and the prior Peruvian data set. The findings reported an AUC of 0.56-0.58 in relation to an average default
period of ≥ 60 days which indicates low model discrimination effects and limits the usability of the model for
these data sets. Furthermore, the lack of clarity regarding which sixty-six variables applied to the two data sets
raises questions of internal and external validity to warrant replicating the protocol for this study.

This problematic trend of psychometric variables within the literature providing interesting insights but
failing to define which variables were tested is reflected in Arráiz, Bruhn, and Stucchi (2017). The authors
used a larger sample (N = 1993) investigating psychometric variables integrated into TCSMs and concluded
that psychometric models’ predictive capabilities for repayment or default proved worse in rejecting appli-
cants in contrast to traditional models alone. A limitation emerges in terms of sample which contained banked
entrepreneurs and excluded underbanked entrepreneurs. For financial inclusion of this latter group and facili-
tating their access to finance, data relating to micro-entrepreneurs in Kenya was explored from a psychometric
perspective (Dlogosch, Klinger, and Frese 2017). The psychometric variables were based on the ‘big five’ psycho-
metric model constructs to measure the role of conscientiousness, emotional stability, openness to experience
and integrity in defaulting behaviour of micro-entrepreneurs (Tupes and Christal 1992). Findings reported an
AUC of 0.67, signifying acceptable levels of discriminatorymodel power including psychometric predictors and
concluded that psychometrics created additional predictive power for identifying defaulting traits of MSME
entrepreneurs. Such studies combined psychometric covariates with traditional financial variables like business
credit history, financial statements, business assets, market conditions and a business plan. Nevertheless, while
some studies indicate that there is no advantage in incorporating psychometric measures with established target
segments, the majority contend that psychometrics can improve the prediction of default risk, particularly for
underbanked customer segments such as small businesses.

Recent research has supported the inclusion of behavioural traits and attitudes to substantially influ-
ence financial behaviour (Liberati and Camillo 2018). The authors extracted six psychological constructs
from responses to a questionnaire administered by an Italian bank. These were (i) preference for advice, (ii)
duty/pleasure, (iii) attachment/detachment, ( iv) sublimation/materialism, (v) idealization/pragmatism, and (vi)
humility/sovereignty scale items. The study showed that when these constructs are integrated with TCSMs to
assess access to banking services, cash flow, and creating a solvency score, the AUC increased considerably, from
0.554 to 0.850 indicating excellent discrimination effect of the model. Likewise, a PSM trained on a dataset from
a pilot study with a Mexican bank included psychometric variables and produced an AUC of 0.6 (acceptable
discrimination) indicating that the inclusion of defined psychometric attributes has the potential to improve the
accuracy of TCSMs prediction capabilities (Djeundje et al. 2021).

Reflecting on the somewhat conflicting findings and design omissions regarding undefined psychometric
variables in the literature, the next section presents and justifies the variable selection for our psychometric
scoring model (PSM), tested in CZ.

Within the next decade, the current levels of self-employed workers, is predicted to surpass that of traditional
employees. Managing finances (financial literacy) is therefore an important skill set for self-employed workers
to attain (Struckell et al. 2022). To understand the role that financial literacy plays in MSME entrepreneurs
obtaining credit, we create a novel psychometric credit scoring model (PSM), providing predictive finan-
cial behavioural insights for the current generation of self-employed entrepreneurs, during unstable market
conditions.

Our psychometric credit scoring model (PSM), centres on the importance of financial literacy reflecting
global recognition of a skills gap in this area (Lusardi and Mitchell 2007, 2008, 2011; Lusardi, Hasler, and
Yakoboski 2021). Financial literacy is defined as follows:

‘[Financial literacy is] the knowledge and understanding of financial concepts and risks, and the skills, moti-
vation, and confidence to apply such knowledge and understanding in order to make effective decisions across
a range of financial contexts, to improve the financial well-being of individuals and society, and to enable
participation in economic life’ (OECD 2012).

Between 2009 and 2019,more than 500 peer-reviewed articles on financial literacywere published (Goyal and
Kumar 2021). To inform the PSM in predicting loan repayment behaviours, we analyzed this body of research to
understand financial literacy attributes that influence financial behavioural traits.We concluded that consumers’
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ability tomake informed financial decisions translates into enhanced personal financial behaviours (Klapper and
Lusardi 2020; Lusardi 2019; Lusardi, Hasler, and Yakoboski 2021).

Currently, demand for access to affordable credit is increasing, especially in relation to superannuation (pen-
sions), increasing consumer longevity, and the lasting impacts of financial crises. MSMEs are seeking credit to
expand and drive economic recovery post-pandemic (Bocanet, Alpenidze, and Badran 2021; Dasewicz, Simon,
and Ramanujam 2020). This heightened demand underscores the importance of promoting and supporting
proficient financial literacy (FL) skills as a fundamental prerequisite for individuals and society. Such skills are
crucial for optimizing financial decisions and safeguarding against financial scams, fraud, and exploitation in
today’s digitalized financial landscape (Goyal and Kumar 2021).

Building upon the OECD’s definition, the PSM has a strong emphasis on assessing the creditworthiness of
vulnerable consumer sectors includingMSME entrepreneurs (Van Thiel, Goedee, and Leenders 2023). Building
on our previous work by refining and enhancing the PSM framework for MSMEs, illustrated in Figure 1 below,
the updated framework incorporates relevant attributes formeasuring personality traits associatedwith financial
literacy among entrepreneurs. Consequently, the PSMmodel, informed by an exploration of existing psychologi-
cal literature, has revealed relationships between constructs of financial personality, financial behaviour, literacy,
and debt. This enables us to hypothetically classify MSME credit applicants into categories of ‘good’ and ‘bad’
payment behaviours. The PSM model has confirmed hypotheses of positive correlations between gratification,
materialism, debt attitude, confidence, social desirability, and debt, as well as a negative correlation between

Figure 1. Conceptual PSM attributes with their hypothesized relationships with arrears (overdue payments).



THE EUROPEAN JOURNAL OF FINANCE 7

financial skills, age, and debt accumulation (Van Thiel, Goedee, and Leenders 2023). In the following sections,
we provide a detailed exploration of the model’s attributes.

2.2.1. Financial skills
In their extensive financial literacy research (Lusardi andMitchell 2007, 2008, 2011), it is suggested that financial
skills (FSs) drive financial literacy by encompassing capabilities associated with money management, including
budgeting and expense tracking. Other research argues that better FSs are associated with possessing higher
savings and lower debt (Dew and Xiao 2011; Moore 2003). Hence, those with a paucity of FL or FSs (or a com-
bination) are financially vulnerable customers, defined in the recent Financial Conduct Authorities (FCA 2019,
2021, 2022) work in this topic and consequently suffer severe financial problems. We therefore hypothesize the
following:

H0a: Lower levels of financial skills (FL/FSs) increases arrears.

2.2.2. Financial self-efficacy
The FL literature revealed the construct of self-efficacy as an aspect of FL, FSs, and behaviour. Financial self-
efficacy, based on Bandura’s (1986) social cognitive theory, refers to a person’s confidence in managing their
own finances, in acting with certainty premised on knowledge accumulation. Support is found for financial self-
efficacy as vital in translating financial literacy into financial behaviour (Dans and Haberman 2007). Financial
confidence (aka self-efficacy) and skills required to apply financial knowledge are the key psychological tenets
that underpin the transition from knowledge into behaviour. A caveat is that financial self-efficacy can also lead
to risky financial behaviour. Debt-related research reveals that students get into deeper debt because they over-
estimate how much they will earn post-graduation (Seaward and Kemp 2000). Similarly, consumer cohorts are
shownmore likely to obtain a new credit card if they perceive repayment as easy (Yang, Markoczy, and Qi 2007).
Simply put, consumers take higher risks because they are overconfident in their perceived abilities to manage
financial matters (Nosić and Weber 2010). We examine the differing types of attitudes such as positive, neutral,
and negative in relation to whether this impacts accrual of arrears. Therefore, we hypothesize the following:

H0b: Higher levels of self-efficacy (confidence) increases arrears.

2.2.3. Debt attitudes
Associated with FL is the construct of financial attitude. Research has explored student and household debt,
highlighting that more positive attitudes toward debt are associated with accruing more debt (Almenberg et al.
2021; Haultain, Kemp, and Chernyshenko 2010). Studies state that there were two different types of attitudes
associated with debt. On the one hand, fear of debt was associated with less debt, whereas seeing the utility of
debt was associated with higher debt. We argue that vulnerable customers with positive attitudes toward debt
face a high risk of indebtedness, consequently exacerbating payment difficulties. We therefore hypothesize the
following:

H0c: Positive debt attitudes increase arrears.

2.2.4. Materialism
Part of the psychological constructsmodel includes the impact of personal factors on financial literacy and finan-
cial behaviour. Evidence showed that debt attitude (as discussed) has a consistent relationship with materialistic
value, where materialism is conceptualized as the extent to which people value the acquisition and consumption
of material objects (Norvilitis et al. 2006; Garðarsdóttir & Dittmar 2012). Materialism reflects the prime impor-
tance an individual affords to possessions, whereby the acquisition of goods is a central objective and symbolic
of perceived positivity, success, and (psychological) happiness for the individual (Belk 1984; Richins 2017, 2011;
Richins andDawson 1992).Materialism can create negative consequences, such as a propensity to regularly over-
spend (Donnelly, Iyer, and Howell 2012; Khare 2014) in the pursuit of luxurious purchases and non-essential
items (Watson 2003), thus, accruing higher debt. Furthermore, materialistic traits have been shown to be associ-
ated with poor financial management skills, higher financial worries, and debt but unsurprisingly, more positive
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attitudes towards borrowing (Donnelly, Iyer, and Howell 2012; Garðarsdóttir and Dittmar 2012; Pham, Yap, and
Dowling 2012; Pirog and Roberts 2007; Ponchio and Aranha 2008: Richins 2011;Watson 2003). Similar findings
were reflected within the USA and UK populations (Brown, Garino, and Taylor 2013), Finland (Garðarsdóttir
and Dittmar 2012) and Brazil (Ponchio and Aranha 2008). We therefore hypothesize the following:

H0d: Higher levels of materialism increase arrears.

2.2.5. Gratification
Linked to above constructs, impulsive and compulsive buying traits also leave numerous borrowers in high levels
of debt (Joji and Raveendran 2008; Khare 2016; O’Guinn and Faber 1989; Phau andWoo 2008). Recent research
revealed a link between financially vulnerable customers and increased levels of impulse buying (O’Connor et al.
2019). Thus, people with underlying psychological constructs of low self-control and self-esteem lead to com-
pulsive buying behaviours, resulting in higher debt (Achtziger et al. 2015), whereas those consumers possessing
high self-control were found to save a portion of their salaries from each paycheque (Strömbäck et al. 2017).
Likewise, people who have difficulty in delaying gratification have higher amounts of debt and are prone to
problematic gambling behaviours (Norvilitis et al. 2006; Parke, Griffiths, and Irwing 2004). Gratification refers
to the process in which a person foregoes engaging in immediate reward behaviour to receive a larger reward
later (aka., deferred gratification). We therefore hypothesize the following:

H0e: Higher levels of immediate gratification increases arrears.

2.2.6. Fluid intelligence
Cognitive ability is one of the fundamental factors in explaining financial literacy (Muñoz-Murillo, Álvarez-
Franco, and Restrepo-Tobón 2020). Likewise, that fluid intelligence is a personality characteristic that drives
financial literacy (Djeundje et al. 2021; Dlogosch, Klinger, and Frese 2017; Liberati and Camillo 2018). Fluid
intelligence is the innate ability of an individual to respond to complex and unexpected situations (Chen et al.
2020; Muñoz-Murillo, Álvarez-Franco, and Restrepo-Tobón 2020). Thus, fluid intelligence (FI) we interpret as
the ability, regardless of prior skills or experience, to grasp relationships between abstract concepts and employ
problem-solving abilities, pattern recognition, and working memory or the innate ability of an individual to
respond to unexpected situations (Chen et al. 2020; Snow and Yalow 1982). FI is positively correlated with inno-
vation and indicates a relationship with high-IQ and high levels of innovative traits, premised on measures of
utility (US) patents registered (Squalli and Wilson 2014). Hence, FI has a positive relationship with business
profits, and statistically significant returns to higher FI remained robust when including factors pertaining to
entrepreneurship. A 1% standard deviation increases in performance of Raven’s FI test led to higher profits of
around 5.7% and a higher business value of about 7% for entrepreneurs. Raven’s progressive matrices consist of
images with simple 2D shapes governed by underlying abstract rules tomeasure someone’s FI. To solve them, the
test-taker must identify and often understand never-encountered abstract patterns and generalize them to new
settings, an unexpected condition. Although there exists a wide range of abstract visual reasoning (AVR) tasks, in
the cognitive literature, evidence places attention to the Raven’s Progressive Matrices (RPMs), finding a highly
diagnostic of abstract and relational reasoning abilities and representative for human intelligence in general
(Małkiński andMańdziuk 2022). Considering these observations, recent works have investigated whether auto-
matic pattern discovery algorithms can achieve performance comparable to humans in solving RPMs (LeCun,
Bengio, and Hinton 2015). The present research adapts aspects of the Raven test within the PSM to measure FI.
We hypothesize that the following:

H0f: Higher levels of fluid intelligence decreases arrears.

2.2.7. Social desirability
Aligned with materialism, social desirability bias is the tendency to present oneself and one’s circumstances
in a socially acceptable but not entirely accurate way (Bergen and Labonté 2020). This creates a gap between
how participants truly perceive reality and how they portray it. It’s important to differentiate between social
desirability as a personality trait (like a superiority complex) and social desirability as a response mode, where
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Table 1. Hypotheses model with core literature per PSM attribute.

Hypothesis number Hypothesis Hypothesized relationship Core Literature

H0 H0: Psychometric credit scoring
models do not increase responsible
access to finance for small businesses
in unstable market conditions

Goel and Rastogi (2023); Van Thiel, Goedee,
and Leenders (2023); Djeundje et al. (2021);
Liberati and Camillo (2018); Dlogosch, Klinger,
and Frese (2017)

H0a Lower levels of financial skills increases
arrears

Negative relation Struckell et al. (2022); Lusardi, Hasler, and
Yakoboski (2021); Klapper and Lusardi (2020);
Lusardi (2019)

H0b Higher levels of self-efficacy
(confidence) increases arrears

Positive relation Nosić & Weber (2010); Yang, Markoczy, and Qi
(2007); Dans and Haberman (2007); Seaward
and Kemp (2000)

H0c Positive debt-attitudes increases
arrears

Positive relation Almenberg et al. (2021); Haultain, Kemp, and
Chernyshenko (2010)

H0d Higher levels of materialism increases
arrears

Positive relation Garðarsdóttir & Dittmar (2012); Pham, Yap,
and Dowling (2012); Donnelly, Iyer, and Howell
(2012); Pirog and Roberts (2007); Ponchio and
Aranha (2008); Richins (2011); Norvilitis et al.
(2006); Richins and Dawson (1992); Belk (1984)

H0e Higher levels of immediate
gratification increases arrears.

Positive relation O’Connor et al. (2019); Stroömbäck et al. (2017);
Khare (2016); Achtziger et al. (2015); Phau and
Woo (2008); Joji and Raveendran (2008)

H0f Higher levels of fluid intelligence
decreases arrears

Negative relation Małkiński and Mańdziuk (2022); Djeundje et al.
(2021); Muñoz-Murillo, Álvarez-Franco, and
Restrepo-Tobón (2020); Dlogosch, Klinger, and
Frese (2017); Liberati and Camillo (2018)

H0g Higher levels of social desirability
increases arrears

Positive relation Norvilitis et al. (2006); Ganster, Hennessey, and
Luthans (1983)

H1 Psychometric credit scoring models
increase responsible access to
finance for small businesses in
unstable market conditions

Goel and Rastogi (2023); Van Thiel, Goedee,
and Leenders (2023); Djeundje et al. (2021);
Liberati and Camillo (2018); Dlogosch, Klinger,
and Frese (2017)

individuals try to create a favourable impression to alter how others perceive their reality (Pauls and Stemm-
ler 2003). When discussing social desirability bias in research, the focus is primarily on the latter aspect – the
impression (Paulhus 1984, 2001).

For assessing attitudes toward debt, two types of socially desirable responses are evident: a person gen-
uinely believes the reported information (self-deception) or provides ‘fake’ responses to conform to expected
behavioural norms. Consequently, social desirability can introduce false correlations with debt and influence
the strength or suppression of an individual’s relationship with debt (Ganster, Hennessey, and Luthans 1983).
Norvilitis et al. (2006) did not directly measure social desirability, however, suggest that this factor can affect
whether individuals accurately report their debt attitudes and debt levels. We argue for the importance of mea-
suring social desirability and mitigating its bias for responsible lending practices. As a result, we propose the
following hypothesis (Table 1):

H0g: Higher levels of social desirability increases arrears.

3. Data andmethods

3.1. Data

To compare the performance of the PSM model with that of the TCSM, we gathered real-time data from 2,884
applicants (N = 2,884) who applied to a CZ FS/FinTech lender between 19 August 2019 and 12 February 2022.
Among these applicants (N = 2,884), we computed a psychometric credit score. Out of these, 826 applicants
were approved for a loan, representing an acceptance rate of 28.6%. Our research focuses on these 826 accepted
applicants since we have default data from them, unlike the rejected applicants.1 Among the approved loans,
68 applicants defaulted, which accounts for 8.2% of the sample. We define ‘default’ as any occurrence of late
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loan repayment or partial repayment observed up to 12 February 2022, spanning the entire period. We also
counterfactually analyse the performance of both models during a period of extreme stress in the market. The
period of the state-of-emergency at the COVID-outbreak between March 2020 and November 2020. In this
period 1395 small businesses applied for a loan. Out of these applicants 356 were approved for a loan which is
an acceptance rate of 25.5%. Among the approved loans 20 defaulted, which accounts for 5.6% of the sample. The
lender provides invoice financing for small businesses that typically issue a limited number of invoices each year.
To measure the state of financial literacy of the sole trader or micro-entrepreneur we developed a psychometric
credit score based on the psychometric traits and attitudes described in this paper (Table 2).

To subsequently compute a psychometric credit score, we developed a digital psychometric questionnaire
(outlined in Table 3). The questionnaire consists of 15 questions assessing personality traits and attitudes using
a 5-point Likert scale, measuring the degree of agreement with each statement. Additionally, two questions
use a six-alternative pattern recognition test, three questions in a binary format, and one question asks for the
respondent’s age (demographic metric). For the final two intelligence-related questions, respondents selected
the pattern that best matched their perception. Similarly, for social desirability questions, respondents indicated
whether they agreed or disagreed with the statement. To calculate the psychometric score on a scale ranging
from 0 to 1000, we allocate a maximum of 50 points to each of the 20 questions and then add up the scores for
each question to determine the total psychometric score.

All applicants granted consent during the application process and were required to complete the question-
naire as a prerequisite for loan eligibility.

To ensure fairness, we employed a random sampling technique, as described by Bell, Brennan and Allen
(2001), to provide an equal chance of selection for all 2,884 CZ lender applicants in this study. To safeguard
applicant privacy, AdviceRobo’s dynamic personality data collection tool2 pseudonymized applicant data by
assigning a customer ID. Personal data remained under the lender’s control, while psychometric data was trans-
mitted to AdviceRobo for the purpose of conducting psychometric credit score assessments using the PSM.
The system automatically collected questionnaire responses via a data collection API, processed the data via
the PSM to generate psychometric credit scores and sub-scores for each psychometric attribute of applicants,
and the resultant scores transmitted back to the lender through another API. Subsequently, the lender made
credit decisions based on their conventional credit decisioning method. This allowed the researchers to make a
counterfactual assessment of the quality of both the TCSM and PSM for sole traders and micro-organizations.

The PSM scores were linked to applicant IDs to discern their acceptance status, with 826 being accepted and
2,058 being rejected. We then differentiated between sole traders (N = 507) and micro-organizations (small
businesses, N = 319) based on their entity type. Our research primarily concentrated on newly accepted cus-
tomers, where we aligned their psychometric credit scores with their payment history, which was supplied by
the lender at the end of every quarter. To stress-test the results, we specifically examined the period fromMarch
2020 toNovember 2020, which included the ‘states of emergency’ and nationwide lockdowns at the beginning of
the pandemic. During this high-stress state-of-emergency period, the lender gathered data from loan applicants
(N = 1,395), loan approvals (N = 356), and defaulting applicants (N = 20) from March 2020 to November
2020. The relevant statistical summaries for the analysis are presented in Table 4.

3.2. Method

To test our hypotheses, we employed a four-step approach. First, we conducted a Pearson correlation anal-
ysis between the different psychometric attributes and arrears to examine their relationship. A correlational
relationship ranges between the value of −1 (indicating a negative relationship) and +1 (indicating a positive
relationship). A value of – or +1 indicates a perfect relationship between the two variables. A value of 0 indi-
cates no relationship. Correlations are independent of scale(s) and can be used to compare the effects of different
responses (e.g. Likert scales versus binary choices). Although technically, a correlation can range between −1
and +1, this is very rare in psychological research. For example, within the social sciences, a correlation of .1 is
seen as a small effect, .3 as a moderate effect, and .5 as a large effect (Cohen 1988). The higher the correlation,
the stronger the effect of the construct on having arrears.
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Table 2. Variable descriptions.

Age Definition Measurement Source

Financial literacy Knowledge, understanding of financial
concepts and risks but also the skills,
motivation, and confidence to apply
such knowledge and understanding in
order tomake effective decisions across
a rangeof financial contexts, to improve
the financial well-being of individuals,
their enterprises and society, and to
enable participation in economic life

Psychometric Credit Score OECD; Van Thiel, Goedee, and Leen-
ders (2023); Lusardi and Mitchell
(2007, 2008, 2011)

Dependent variable
Default Any instance of late repayment of the

loan or a portion thereof
Actual loan repayment data Lender; AdviceRobo

Independent personality
variables
Financial skills The practical abilities and competen-

cies entrepreneurs possess to manage
their finances effectively. These skills
encompass various aspects of finan-
cialmanagement, includingbudgeting,
saving, investing, debt management,
financial planning, and the ability to
make informed and wise financial deci-
sions. Financial skills enable individuals
tonavigate complexfinancial situations
and work towards their financial goals,
ultimately contributing to their finan-
cial well-being

5-point Likert scale Lusardi and Mitchell (2007, 2008,
2011)

Self-efficacy Self-efficacy refers to a sense of per-
sonal agency, the belief that one can
achieve and succeed at a given task
and is related to self-confidence, moti-
vation, optimism, and the belief that
one can copewith a variety of life’s chal-
lenges

5-point Likert scale Bandura (2012)

Materialism The importance an entrepreneur places
on possessions and their acquisition as
a necessary or desirable form of con-
duct to reach desired end states

5-point Likert scale Richins (2017, 1992)

Gratification The process in which an entrepreneur
foregoes engaging in immediate
reward behaviour to receive a larger
reward later

5-point Likert scale Norvilitis et al. (2006)

Fluid intelligence The innate ability of an entrepreneur
to respond to complex and unexpected
situations

6-point categorical Muñoz-Murillo, Álvarez-Franco, and
Restrepo-Tobón (2020)

Social desirability Social desirability refers to the ten-
dency to present oneself, one’s enter-
prise and one’s social context in a way
that is perceived to be socially accept-
able, but not wholly reflective of one’s
reality

Dichotomous variable Bergen and Labonté (2020)

Independent attitude vari-
ables
Debt attitude An entrepreneur’s emotional repsonse

to debt
5-point Likert scale Almenberg et al. (2021)

Independent demographic
variables
Age The number of years an entrepreneur

has been alive since birth
Continous variable
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Table 3. Psychometric attributes and their questions.

Attribute Question

Financial skills I review my bills for accuracy
Sometimes I forget to pay my bills on time
If I have an incidental expense, I have enough savings to cover the expense

Self-efficacy It is easy for me to stick to my aims and accomplish my goals
I can stay calm if I have problems because I trust myself that I can handle it well
When I am confronted with a problem, I can usually find several solutions

Debt attitude Taking out a loan can be a good thing, if it helps people to enjoy their life
For many people, debt is a normal part of life.
In today’s society, it is almost impossible to live without debts

Materialism I admire people who own expensive homes, cars, and clothes
I place much emphasis on the amount of material objects people own as a sign of success
I like to own things that impress people

Gratification I am guided by my immediate desires and do not dwell on what the future may look like.
My convenience is a big factor in the decisions I make or the actions I take
I don’t think about future problems because I think the future will take care of itself

Fluid intelligence (1) What is the logical image in the open space?
(2) What is the logical image in the open space?

Social desirability I sometimes feel resentful when I don’t get my way
There have been occasions when I felt like smashing things
There have been times when I was quite jealous of the good fortune of others

Table 4. Descriptive data.

Variable Coding N Mean Min Max

1. Entity type (0 = small business; 1 = sole trader) 2884 0.57 – –
2. Psychometric score Sum of the finanical psychometric attributes/ total of attributes 2884 0.43 0.02 0.97
3. Entity status 1 = accepted; 0 = rejected 826 0.29 – –
4. Default 1 = default; 0 = no default 68 0.24 – –
5. Financial skills 1 = very low to 5 = very high 2884 3.74 0 5
6. Self-efficacy 1 = .very low to 5 = very high 2884 4.21 1 5
7. Debt attitude 1 = very low to 5 = very high 2884 2.85 1 5
8. Materialism 1 = very low to 5 = very high 2884 2.45 1 5
9. Gratification 1 = very low to 5 = very high 2884 2.17 1 5
10. Fluid intelligence Choose the right pattern 2884 2.79 0 6
10. Social desirability 0 = no social desirability; 1 = social desirability 2884 0.60 0 1
11. Period 0 = pre-covid period; 1 = covid period 2884 0.48 - -
12. Age 18 – 76 2884 35.09 18 76

While these correlations provide initial insights into the predictive value of each attribute, we did not delve
into further investigation in this paper. In our previous study (Van Thiel, Goedee, and Leenders 2023), we exten-
sively explained the creation and verification of the PSM for evaluating the creditworthiness of low-income
consumers, utilizing data from two different credit scoring markets: the USA and The Netherlands. For the cur-
rent study, which concentrates on PSM forMSME entrepreneurs, we use a linearmodel in which the credit score
is the total of points obtained by an applicant based on the individual questions presented in Table 3. The logistic
regression model is presented below.

Y = 1
1+e−(β1X1+β2X2+...β20X20) (1)

In which Y is the dependent variable ‘Probability of Repayment Score’, β the coefficients, X1 the independent
variable score for question 1, X2the independent variable score for question 2, X20 the independent variable for
score question 20, and the sum of the 20 independent variable scores give the credit score for the probability of
repayment.

Next, we aim to gain insights into the precise classification of sole traders and micro-organizations (from
the MSME sector), determining a suitable decision threshold for our linear model, and assessing the overall
effectiveness of the PSM. To evaluate our binary classification model, we employ the Receiver Operating Char-
acteristic (ROC) curve. This curve visually illustrates the balance between correctly identifying positive cases
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(non-creditworthy) and minimizing false positives (creditworthy businesses misclassified as non-creditworthy)
at different classification thresholds (Ho 2017).

In our context of classifying small business probability of repayment, the ROC curve demonstrates how well
the system distinguishes between good paying and late paying businesses. Thus, allowing an evaluation of the
PSM’s ability to accurately identifywell repaying caseswhileminimizing the risk of false positives (misclassifying
defaulters as good payers; Ho 2017).

Subsequently, we determine the cut-off point, also known as the decision threshold. By plotting the TPR
(Sensitivity (4)) against the FPR (1-Specificity (7)) at various classification thresholds, the ROC curve provides
a visual representation of how the model’s performance changes as the threshold for classifying a data point
as positive or negative is adjusted. This threshold determines whether an individual or business is classified as
good loan repayer or defaulter, striking a balance between accepting higher-risk applicants (higher sensitivity
in (4)) and reducing the risk of defaults (higher specificity in (5)). The choice of the decision threshold involves
a trade-off between these considerations, considering associated costs and optimizing the desired balance. In
selecting our cut-off point, we prioritize both sensitivity and specificity equally. We choose the point closest to
the top-left corner of the ROC curve, which is referred to as the Youden Index (Schisterman et al. 2005). This
leads us to set our cut-off point at 0.33.

We calculate the Area Under the Curve (AUC) and the corresponding confusion matrix for the ROC curve
and decision threshold. The equation for AUROC is not a simplemathematical formula like some othermetrics,
but it is based on the ROC curve, a graphical representation of the model’s performance at different thresholds.
The ROC curve plots the True Positive Rate (Sensitivity) against the False Positive Rate (1 – Specificity) for
various threshold values. We define the AUC as:

AU ROC =
∫ 1

0
Sensitivity(FPR)d(FPR) (2)

TheAUC is a singlemetric that quantifies the overall performance of a credit scoring system, ranging from0 to 1,
with a higher value indicating better discriminatory power (Yang andBerdine 2017). A higherAUC suggests that
the system is more effective at ranking and distinguishing creditworthy from non-creditworthy applicants. Gen-
erally, an AUC of 0.5-0.6 indicates poor discrimination, 0.6-0.7 is considered acceptable discrimination, 0.7–0.8
reflects excellent discrimination, and an AUC greater than 0.8 signifies outstanding discriminatory power of the
categorical model (Yang and Berdine 2017).

To assess the performance of our classificationmodel, we employed a confusionmatrix. This matrix provides
a structured overview of the binary classification model functions and offers a comprehensive breakdown of
PSM’s predictions in comparison to actual outcomes. The main objective is to drive financial inclusion of sole-
traders and micro-organizations, the matrix categorizes results into four groups:

(1) True Positives (TP): prediction of creditworthy applicants.
(2) False Positives (FP): prediction of creditworthy applicants, who are non-creditworthy.
(3) True Negatives (TN): prediction of non-creditworthy applicants, who are non-creditworthy.
(4) False Negatives (FN): prediction of non-creditworthy applicants, who are creditworthy.

From the confusionmatrix, we can calculate various performance metrics to assess the model’s effectiveness.
The accuracy in (3) is an overall measure of the model’s correctness in classifying applicants as creditworthy or
non-creditworthy (conducted on accepted lenders data).

Accuracy := TP+TN
TP+FP+TN+FN (3)

While the notion of ‘good’ accuracy can be subjective, industry standards generally consider accuracy above
70% to be ‘good’ (Obviously.Ai 2023).



14 D. VAN THIEL ET AL.

In addition to accuracy, sensitivity (e.g. recall or true positive rate) in (4) gauges the model’s capacity to
correctly identify creditworthy applicants, while specificity in (5) evaluates its capability to accurately spot non-
creditworthy applicants.

Sensitivity := TP
TP + FN

(4)

Specificity := TN
TN + FP

(5)

The combined metrics offer a comprehensive analysis of the PSM’s performance, especially regarding its
ability to minimize the risk of defaults. By examining accuracy, sensitivity, and specificity, the PSM’s capacity
to make precise classifications and informed decisions regarding applicants’ creditworthiness is evaluated for
reliability.

Third, we carried out a counterfactual analysis (CFA), to draw causal inferences regarding the impact of X
on Y within a specific case. Thus, ‘within-case’ counterfactual analysis is a crucial tool for causal inference in
small-N and case-study analyses (Mahoney and Barrenechea 2019). In our CFA, we evaluated whether the PSM
outperforms the traditional credit scoringmodel for sole traders andmicro-organizations in the Czech Republic
during themarket turbulence caused by COVID-19. Our analysis primarily focused on default rates in (6) (often
referred to as ‘bad rates’) between the PSM and the TCSM, especially during times of heightened volatility such
as lockdowns and the broader crisis period.

Defaultrate := FP
FP+TP (6)

Additionally, we evaluated the extent to which the PSM accurately identifies both well-paying and late-paying
applicants within the accepted customer base.

Fourth, we assessed the effectiveness of the PSM for two distinct sectors within MSMEs: sole traders, and
micro-organizations. Again, comparing the lender’s default rates with the default rates generated by the PSM.
Expanding on our prior analysis, we examined performance during both the stressed ‘state of emergency’ period
from March 2020 to November 2020 and the overall crisis period from August 2019 to February 2022 to gain
a comprehensive understanding. Python 3.10.0, along with the Pandas and NumPy libraries, was used for the
analyses (Fuhrer, Solem, and Verdier 2021). These tools and libraries were employed for tasks like data loading,
preprocessing, calculating performance metrics, plotting ROC curves, and conducting analyses.

4. Results

4.1. Psychometric model features

In support of the conceptual model presented in Figure 1, we reference baseline correlations from our pre-
vious paper (Van Thiel, Goedee, and Leenders 2023). The columns in the table represent psychometric
attributes accompanied with correlations for arrears, significance levels, and conclusive statements regarding
these relationships.3

We observe a robust correlation between financial skills and arrears, with a negative value of −0.57
(p < 0.001), indicating that higher financial skills are associated with lower levels of arrears. This aligns with
Hypothesis 0a, suggesting that lower financial skills are linked to increased arrears.

Furthermore, we find that self-efficacy (−0.25, p = 0.001), debt attitude (0.22, p = 0.01), and social desir-
ability (−0.31, p = 0.001) exhibit moderate relationships with arrears. However, only 22-31% of the variation in
arrears is explained by the PSM in the sampled population. Consequently, we offer partial support for Hypothe-
ses H0b and H0 g, indicating that higher levels of self-efficacy and social desirability are associated with lower
arrears. On the contrary, debt attitude has a positive relationship with arrears (0.22, p = 0.01), suggesting that
greater openness to debt correlates with increased arrears, in line with Hypothesis 0c.

In contrast, psychometric attributes such as materialism (0.11, p = 0.08), delayed gratification (0.08,
p = 0.58), and fluid intelligence (−0.12, p = 0.17) exhibit weak correlations with arrears and lack statistical
significance. As a result, we reject Hypotheses H0d, H0e, and H0f.
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Table 5. Overview of correlations between PSM attributes and arrears.

Variable Arrears r p <

Financial skills −0.57∗∗∗ −0.55 0.001
Self-efficacy −0.25∗∗∗ 0.23 0.001
Debt attitude 0.22∗∗ 0.28 0.001
Materialism 0.11 0.12 0.08
Delay of gratification 0.08 0.04 0.58
Fluid intelligence −0.12 0.10 0.17
Social desirability −0.31∗∗∗ 0.28 0.001
Age −0.28∗∗∗ 0.28 0.001
∗∗∗Significant at < 0.001 level.

∗∗Significant at < 0.01 level

In summary, our findings provide evidence that financial skills, self-efficacy, debt attitude, and social desir-
ability factors exhibit statistically significant correlations with arrears, both positively and negatively. Previous
research has also indicated relationships between financial skills and financial fragility (Lusardi, Hasler, and
Yakoboski 2021), financial skills and financial education (Lusardi and Mitchell 2007, 2008), self-efficacy (Sea-
ward and Kemp 2000), debt attitude (Almenberg et al. 2021; Azma et al. 2019), and social desirability (Norvilitis
et al. 2006) in the context of debt. Moreover, the positive correlation with debt attitude suggests areas for further
investigation, implying that certain attitudes toward debt may predispose individuals to higher risk of arrears.
The non-significant results formaterialism, delay of gratification, and fluid intelligence suggest that these factors
may not be as closely related to arrears, and that PSM can be further improved by revising attributes and explor-
ing further relationships between attributes. For example, the non-significant relationships do not preclude their
importance but indicate a need for more nuanced research designs, such as integrating longitudinal data and
experimental methods to capture the dynamics of these variables over time and in different socioeconomic con-
texts. This research contributes to the existing body of knowledge by establishing a connection between financial
literacy related attributes financial skills, self-efficacy, debt attitudes as well as social desirability and arrears and
provides insight for future research. As a result, we reject the null hypothesis (H0) that there is no significant
correlation between psychometric attributes and arrears (Table 5).

4.2. Psychometric model performance

To examine the core research question andH1, we assess the performance of themodel through a ROC (Receiver
Operating Characteristic) analysis. This evaluation encompasses the PSM’s overall performance and specifically
for sectors sole-traders and micro-organizations access to credit assessments.

Our findings reveal that the PSM model demonstrates acceptable discriminatory power (AUC, 0.71) in pre-
dicting arrears for all small business sole-trader customers combined. Within the context of our ROC curve, we
establish a decision threshold to determine whether to accept new customers, aiming to strike a balance between
the true positive rate (TPR) and false positive rate (FPR) The specific threshold that balances TPR and FPR on
our ROC curve is set at 0.33.

FPR := FP
TN+FP (7)

Given the significant impact of credit scoring on lending decisions and potential financial losses, careful consid-
eration of the threshold and its implications is crucial in the context of credit assessment and risk management.
By setting a threshold of 0.33 on the ROC curve for both PSM and TCSM, it signifies that the PSM places a
higher emphasis on sensitivity or recall because it shifts the balance in favour of correctly identifying positive
cases, even if it results in a higher false positive rate. In other words, the model strives to detect a larger portion
of true positive cases, which are individuals less likely to default on their credit commitments (based on the
available accepted applicant dataset. Data for rejected applicants was not collected by the lender). The primary
objective of the PSM is by introducing psychometric data into the credit scoring data, increase the prediction of
creditworthy applicants and their likelihood to default on payments and accrue arrears, compared to TCSMs.
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Figure 2. ROC-curve total period (August 2019–February 2022).

Table 6. Confusion Matrices PSM versus TCSM total period.

Confusion matrices total period

PSM Cut off threshold: 0.33

Predicted \ Actual Default No default Total

Default 40 341 381
No default 28 417 445
Total 68 758 826

Traditional model Cut off threshold: 0.33

Predicted \ Actual Default No default Total

Default 0 0 0
No default 68 758 826
Total 68 758 826

By setting this threshold, the model is designed to be more cautious in identifying potential defaulters, captur-
ing a greater number of individuals who may pose a credit risk. As a result, it outperforms the TCSM in both
acceptance and default rates.

The ROC curve, presented in Figure 2, serves as a straightforward yet comprehensive empirical representa-
tion of the impact of this decision threshold. The illustration provides all possible combinations of the relative
frequencies of various types of correct and incorrect decisions (Gerke and Zapf 2022; Martínez-Camblor and
Pardo-Fernández 2019). With the Roc-curve the confusion matrix of the total period is presented in Figure 2.

Initially, the PSMwas assessed for accuracy, in binary classification, accuracy is defined in (3). Here, TP stands
for True Positives, TN for True Negatives, FP for False Positives, and FN for False Negatives (Table 6).

Our findings show that the PSM has lower accuracy when considering all customer sectors during the entire
period from 2019 to 2022 (0.55) compared to the TCSM (0.92). However, when we focus on the accuracy of
customers predicted to accept small business credit (those predicted to have good payment behaviour), the
accuracy is 0.93, slightly better than the TCSM.
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Table 7. PSMmetrics. Overall, per period and per customer segment.

Micro-businesses+ self employed Micro-businesses only Self-employed only

PSM Total period COVID-period Total period COVID-period Total period COVID-period

AUC 0.61 0.59 0.58 0.40 0.62 0.69
Gini 0.22 0.18 0.16 0 0.24 0.38
Accuracy 0.55 0.51 0.51 0.44 0.58 0.57
Precision 0.87 0.91 0.84 0.92 0.88 0.90
Recall 0.55 0.51 0.51 0.44 0.58 0.57
F1 0.65 0.63 0.60 0.59 0.68 0.67
N 826 356 319 169 507 187
Arrears 68 20 31 6 37 14

Furthermore, a more detailed assessment of the model’s performance reveals that it excels in avoiding false
positives (Precision 0.94, as shown in (8)). This means the model supports financial inclusion while keeping
default costs low. Given that false positives result in significant costs, this metric is essential for the effectiveness
of a high-performing credit scoring model.

Precision in (8), defined as the proportion of correctly predicted positive instances out of all positive
predictions made by the model (Fawcett 2005), reflects the model’s precision in positive predictions.

Precision := TP
TP+FP (8)

Subsequently, in examining the model’s recall, defined as ‘the fraction of all real anomalies that are successfully
detected’ (Tatbul et al. 2018, 1; Zhang and Zhang 2009), in terms of precision in the PSM, recall aligns appro-
priately (0.55). The F1 metric in (9), defined as the harmonic mean of precision and recall, further confirms the
model’s high precision.

F1 := 2×Precision×Recall
Precision+Recall (9)

It is noteworthy that ‘precision is the fraction of all detected good customers that are real good customers,
whereas recall is the fraction of all real good customers that are successfully detected’ (Tatbul et al. 2018, 1; Zhang
and Zhang 2009).

The analysis was repeated for each customer segment and Table 7 provides an overview of the overall met-
rics and metrics specific to each period and segment. Despite the model’s lower overall accuracy, we conclude
that it exhibits remarkable accuracy and acceptable discriminatory power in predicting good customers with
strong precision. Therefore, we believe that the PSM presents an intriguing opportunity to enhance traditional
credit scoringmodel (TCSM) practices for the financial inclusion of sole traders andmicro-organizations.While
we recommend further modelling and parameter tuning to improve the accuracy of the generic model, we
argue that PSM can significantly benefit MSME lenders. First, incorporating PSM as a secondary layer to the
credit scoring engine can effectively assess rejected applicants with low or no traditional credit scores, such as
sole traders, micro-organizations, or small businesses. Second, integrating PSM with TCSM (Traditional Credit
Scoring Models) can enhance MSME lenders’ risk segmentation and refine MSME scorecards. Third, applying
PSM can advance scenario analysis approaches by incorporating additional data, particularly financial literacy-
related information like financial skills, self-efficacy, and delay of gratification. This, alongwith insights into debt
attitudes, can support more detailed MSME stress testing.

4.3. Psychometric model robustness

To evaluate the PSMs resilience in the face of extreme crisis conditions, we conducted a stress test during the
‘state of emergency’ period at the onset of the COVID-19 pandemic, spanning fromMarch to November 2020.
During this challenging time in the Czech Republic (CZ), historical data lost its reliability for credit scoring, as
past performance could no longer accurately predict future outcomes.

To stress test the PSMs performance in this stressed state-of-emergency period, we conducted the same eval-
uation procedures, including the creation of a ROC curve and confusionmatrices for this specific period (Figure
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Figure 3. ROC-curve period of ‘state of emergency’ (March 2020–November 2020).

Table 8. Confusion matrices PSM versus TCSM state-of-emergency period.

PSM COVID-period Cut off threshold: 0.33

Predicted \ Actual Default No default Total

Default 12 166 178
No default 8 170 178
Total 20 336 356

Traditional model Cut off threshold: 0.33

Predicted \ Actual Default No default Total

Default 0 0 0
No default 20 336 356
Total 20 336 356

3 and Table 8). The PSM maintained acceptable discriminatory capabilities, achieving an AUC of 0.69 despite
the high volatility witnessed during the COVID-19 period (March-November 2020). A decision threshold of
0.33 for both PSM and TCSM was set by maintaining a balance between the true positive rate (TPR) and false
positive rate (FPR) throughout this high-stress period.

Turning to test the PSM during this ‘state of emergency’ period (March – November 2020) characterized by
high volatility, we found that the PSM’s accuracy during this period was similar to its accuracy over the entire
duration, with an overall accuracy of 0.51, which is relatively low. However, upon closer examination of the
model’s performance, it effectively minimized false positives during the ‘state of emergency’ period (Precision
0.91). The PSM’s accuracy in correctly predicting good customers stands at 0.96, surpassing the TCSM’s accu-
racy in predicting good customers (0.94). Given the lender’s focus on curtailing false positives due to associated
costs, the recall rate was deemed appropriate at 0.51. Additionally, the F1 metric confirmed the model’s elevated
precision, as detailed in Table 6.

These findings underscore the PSM’s robustness during periods of heightened volatility, exemplified by the
‘state of emergency’ during March to November 2020. Consequently, this suggests that replacing TCSMs with
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PSMs during times of volatility is a viable strategy. TCSMs frequently fail to adapt to evolving customer cir-
cumstances, prompting banks to resort to temporary measures such as expert adjustments of default rates at
portfolio-segment levels during similar periods (McKinsey 2022).

4.4. Psychometric profit contribution

In assessing the profit contribution of the PSM, a counterfactual analysis (CFA) was conducted to compare the
PSM’s performance against the TCSM. The analysis utilized the entire scored base (N = 2884) for comparing
acceptance rates and the accepted customer base (N = 826) for comparing default rates. This facilitated the
cross-validation of the ‘bad’ or default rates, as described in (6), for both models using the same dataset. The
CFA reveals that the PSM raised the acceptance rates to 37.3%, as opposed to 28.6% with the traditional model,
resulting in N = 1077 (PSM) compared to 826 (TCSM) predicted good customers out of N = 2884 applicants
(Table 9).

To validate the effectiveness of the scoring models we now validate their default rates. Out of the N = 826
accepted small businesses, the TCSM recordedN = 68 false positives over the entire period (2019–2022), result-
ing in an 8.2% bad rate for the TCSM. Conversely, among the 826 accepted customers, PSM predicted 381
MSMEs as defaulters and rejected them, representing 46% of the total. This suggests that PSM may be consid-
ered a conservativemodel, potentially impacting profitability.However, Table 9 shows that TCSM rejected 71.7%
of the 2,884 applicants, indicating it is more conservative than PSM. Additionally, of the 68 actual defaults, PSM
accurately predicted 40 customers and made incorrect predictions for 28 customers. Among the 445 predicted
good customers, this resulted in a 6.3% bad rate. Therefore, we argue that PSM not only proves less conserva-
tive than TCSM but also achieves a 23.2% lower default rate. Similarly, during the state of emergency period,
we observe a similar trend. Out of 356 accepted customers, PSM predicted 178 small businesses as defaulters,
comprising 50% of the total. Once again, Table 9 illustrates that TCSM rejected 74.5% of the 1395 applicants,
indicating that even during periods of severe stress, TCSM is more conservative than PSM. Furthermore, of
the 20 actual defaults, PSM accurately predicted 8 customers and made incorrect predictions for 12 customers.
Among the 178 predicted good customers, this resulted in a bad rate of 4.5%. Therefore, we argue that even
during the high-stress state of emergency period, PSM proves to be not only less conservative than TCSM but
also achieves a 20% lower default rate. This analysis further demonstrates the PSM’s capacity to enhance access
to finance for the small business (MSME) sector (see Table 10).

Turning to assess the robustness of the PSM versus TCSM during high volatility periods, specifically the
state of emergency fromMarch to November 2020, and to evaluate whether profits increased, we replicated the
analysis conducted for the total period.

Table 9. Acceptance rates PSM & TCSM total period and state of emergency period.

Overall PSM Traditional score

State Predicted State Predicted

Total Period Actual No default Default Actual No default Default

No default 1049 1767 2816 no default 727 /
Default 28 40 68 default 88 /
Total 1077 1807 2884 Total 815 2069 2884
Acceptance rate 37.34% Acceptance rate 28.26%

PSM Traditional score

Predicted Predicted

State-of-emergency Actual No default Default Actual No default Default

No default 526 849 1375 No default 336 /
Default 8 12 20 Default 20 /
Total 534 861 1395 Total 356 1039 1395
Acceptance rate 38.28% Acceptance rate 25.52%
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Table 10. Default rates PSM & TCSM total period and state-of emergency.

PSM Traditional score

Predicted State Predicted

Total period Actual No default Default Actual No default Default

No default 417 341 758 No default 758 /
Default 28 40 68 Default 68 /
Total 445 381 826 Total 826 826
Default rate 6.29% Default rate 8.23%

PSM Traditional score

Predicted Predicted

State-of-emergency Actual No default Default Actual No default Default

No default 170 166 336 No default 336 /
Default 8 12 20 Default 20 /
Total 170 178 356 Total 356 356
Default rate 4.49% Default rate 5.62%

First, the TCSM accepted N = 356 applicants out of the total of during this state-of-emergency period.
Among them, N = 20 were incorrectly predicted as good customers, resulting in a bad rate of 5.6%. On the
other hand, the PSM accepted N = 178 customers during this state-of-emergency period and incorrectly pre-
dicted 8 applicants as non-defaulters, resulting in a bad rate of 4.5% (Table 10). Notably, the PSM demonstrated
resilience during this high-stress state of emergency and outperformed the TCSM with a 20% lower bad rate,
effectively reducing default costs and contributing to lender profit margins during market volatility.

Tables 9 and 10 provide a detailed breakdown of the analysis of the state-of-emergency model performances.
In conclusion, stress tests reveal the effectiveness of the PSM during market volatility, confirming our core
hypothesis H1.

4.5. Profit contribution per small business segment

Having established the effectiveness of the PSM in promoting financial inclusion for small businesses, we pro-
ceed to evaluate its performance across different small business segments, specifically self-employed individuals,
and small businesses. We conduct a repeat of the previous counterfactual tests (CFA) for both segments, recog-
nizing that both face distinct challenges in accessing capital to support their growth. These challenges encompass
limited collateral, sparse credit history, limited financial management capabilities, and restricted access to finan-
cial networks. Additionally, regulatory barriers and the perception of being high-risk applicants by lenders
employing traditional Credit Scoring Models (CSMs) contribute to these constraints.

When we compare the default rates of these two segments in a counterfactual manner, the results reveal that
the PSM leads to a substantial 20.3% lower default rate for sole-traders. This noteworthy improvement can be
attributed to the PSM’s consideration of non-financial factors, such as the more stable personality attributes and
attitudes of entrepreneurs, as opposed to relying solely on less informative traditional financial drivers for this
segment.

Furthermore, concerningmicro-organizations, we observed a similar trendwhere the PSMoutperformed the
traditional model, resulting in a remarkable 24.4% lower default rate for the Total period. For a comprehensive
breakdown, please refer to Tables 11 and 12. These findings underscore the PSM’s capacity to enhance credit
risk assessment and reduce default rates for both segments.

We repeated the Counterfactual Analysis (CFA) to subject the results to a stress test and validate the default
rates for both sectors during the period of extreme uncertainty, characterized by the ‘state of emergency’ due
to COVID-19. Table 11 illustrates that again higher acceptance rates are observed in this period of state of
emergency between March 2020 and November 2020 (48.5% for micro-organizations versus 51.4% for sole
traders). However, Table 12 reveals contrasting outcomes: the PSM exhibited a 46.2% higher default rate for
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Table 11. Acceptance rates per sector PSM TCSM total period and state-of-emergency.

PSM Traditional score

State Predicted State Predicted

Total Period Micro-organisation Actual No default Default Actual No default Default

No default 671 934 1605 No default 288 /
Default 16 21 37 Default 31 /
Total 687 955 1642 Total 319 1323 1642
Acceptance rate 41.84% Acceptance rate 19.43%

Sole Trader Actual No default Default Actual No default Default

No default 378 833 1211 No default 439 /
Default 12 19 31 default 68 /
Total 390 852 1242 Total 507 735 1242
Acceptance rate 31.40% Acceptance rate 40.82%

PSM Traditional score

State-of-emergency Micro-organisation Actual No default Default Actual No default Default

No default 247 449 696 No default 163 /
Default 4 2 6 Default 6 /
Total 251 451 702 Total 169 533 702

Acceptance rate 35.75% 24.07%

Sole Trader Actual No default Default Actual No default Default

No default 279 400 679 No default 173 /
Default 4 10 14 Default 14 /
Total 283 410 693 Total 187 506 693
Acceptance rate 40.84% Acceptance rate 26.98%
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Table 12. Default rates PSM & TCSM per sector for both periods.

PSM Traditional score

State Predicted State Predicted

Total Period Micro-organisation Actual No default Default Actual no default Default

No default 274 196 470 No default 470 /
Default 16 21 37 Default 37 /
Total 290 217 507 Total 507 507
Bad rate 5.52% Bad rate 7.30%

Sole Trader Actual No default Default Actual No default Default

No default 143 145 288 No default 288 /
Default 12 19 31 Default 31 /
Total 155 164 319 Total 319 319
Bad rate 7.74% Bad rate 9.72%

PSM Traditional score

Predicted Predicted

State-of-emergency Micro-organisation Actual No default default Actual No default default

No default 73 90 163 No default 163 /
Default 4 2 6 default 6 /
Total 77 92 169 Total 169 169
Bad rate 5.19% Bad rate 3.55%

Sole Trader Actual No default Default Actual No default Default

No default 97 76 173 No default 173 /
Default 4 10 14 Default 14 /
Total 101 86 187 Total 187 187
Bad rate 3.96% Bad rate 7.49%
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micro-organizationswhile demonstrating a 47.1% lower default rate for self-employed individuals (3.96% versus
7.49%).

As we delve into the stress-tested situation for the ‘state of emergency’ during the COVID-19 period, we find
that our findings hold firm for self-employed individuals. In this context, the PSM consistently outperforms the
TCSM, resulting in a notably lower default rate.

However, the scenario differs for micro-organizations, where the stress-test results reveal a PSM default rate
of 5.19%, which is 46% higher than the TCSM default rate. Several factors may contribute to this discrepancy,
including potential model bias due to the limited number of defaults observed (N = 6), as indicated in Table
12. Another plausible explanation could be the implementation of more rigorous management oversight on the
traditional model during the high uncertainty period.

We argue that these observations indicate the importance of context and specific circumstances in credit risk
assessment, underscoring the need for adaptable models that can respond effectively to varying conditions.

The study examined the relationship between psychometric attributes and credit arrears, finding strong neg-
ative correlations between higher financial skills and lower arrears. The Psychometric Scoring Model (PSM)
demonstrated acceptable discriminatory power in predicting arrears for small business sole-trader customers,
with an emphasis on sensitivity. During a stress test in the state of emergency (March–November 2020), the PSM
maintained its capabilities and displayed remarkable accuracy in predicting good customers. A counterfactual
analysis (CFA) showed that the PSM increased acceptance rates and reduced default rates, making it a promising
tool for enhancing access to finance for small businesses. However, results during the stress test period varied
betweenmicro-organizations and self-employed individuals, emphasizing the importance of context and adapt-
able models in credit risk assessment. This study underscores the potential of psychometric attributes in credit
risk assessment and the flexibility offered by the PSM in adapting to changing circumstances.

5. Discussion and conclusion

In an environment of growing macroeconomic volatility, increasingly complex financial products, and a widen-
ing access to finance gap for small businesses (MSMEs), this research explores whether a novel financial
literacy-based psychometric credit scoring model (PSM) can effectively address the access to finance challenges
faced by small businesses, including sole traders and micro-organizations, in unstable market environments.
Therefore, incorporating dynamic psychometric data into the application process of a Czech fintech lender
indicates the potential to improve financial inclusion in this sector and support the growth of micro, small
and medium-sized enterprises (MSMEs). In our data collection, we obtained both PSM and TCSM data from
all accepted applicants. However, since PSM is applied in addition to TCSM, we only have default data from
customers accepted by TCSM (see limitations for discussion). Nevertheless, we provide support for our first
hypothesis (H1), indicating that the psychometric credit scoring model (PSM) offers an opportunity to respon-
sibly expedite access to finance for self-employed individuals and micro-organizations in the Czech Republic
by assessing applicants’ likelihood of credit default and reducing credit risk for lenders. While we recommend
further modelling and parameter tuning to improve the accuracy of the generic model, we argue that PSM can
significantly benefit MSME lenders. First, incorporating PSM as a secondary layer to the credit scoring engine
can effectively assess applicantswith lowor no traditional credit scores, such as sole traders,micro-organizations,
or small businesses. Second, integrating PSMwithTCSM(traditional credit scoringmodels) can enhanceMSME
lenders’ risk segmentation and refine MSME scorecards. Third, applying PSM can advance scenario analysis
approaches by incorporating additional data, particularly financial literacy-related information like financial
skills, self-efficacy, and delay of gratification. This, along with insights into debt attitudes, can support more
detailed MSME stress testing.

Notably, the PSM outperformed Traditional Credit Scoring Models (TCSM) in identifying risky customers
throughout the entire pandemic period from 19 August 2019 to 12 February 2022. To assess the robustness of
our model, we conducted specific stress tests during the ‘state of emergency’ period at the COVID-outbreak
between March 2020 and November 2020. Our findings suggest that the PSM effectively distinguishes the cred-
itworthiness of small businesses, including sole traders and micro-organizations in this period of high stress.
These findings align with previous evidence advocating for the inclusion of psychometric factors to enhance
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credit scoring decision-making processes (Djeundje et al. 2021; Dlogosch, Klinger, and Frese 2017; Goel and
Rastogi 2023; Liberati and Camillo 2018).

To the best of our knowledge, this study provides the first evidence that PSMs improve credit accessibil-
ity for underserved MSMEs and sub-sectors during high market volatility within the Czech Republic, Europe.
Such evidence carries particular significance for global MSMEs, given the continually shifting macroeconomic
landscape and the growing gap in access to finance for sole-traders and micro-organizations.

Furthermore, this study provides the first demonstration of PSM effectiveness in high-income markets (CZ
EU). The core research question and Hypothesis 1 receive support, indicating that the implementation of PSMs
expedites responsible access to finance for sole-traders and micro-organizations. By harnessing dynamic psy-
chometric data and FinTech innovation, this evidence contributes to advancing financial inclusion for MSMEs
and sub-sectors in increased accuracy for predicting credit risk factors, beyond the capabilities of TCSMs.

Specifically, our findings suggest that adopting PSMs results in higher acceptance rates, especially under
extreme market and global volatility, while simultaneously leading to significantly lower defaults and, conse-
quently, increased profits for further lending. A closer examination by sector over the total period (August 2019
– February 2020) reveals that the PSM enhances access to finance versus TCSM for micro-organizations when
compared to sole-traders (a 115% increase vs. a 23% decrease). Moreover, PSM defaults rates are notably lower
during this total research period (6.3% PSM default rate versus 8.3% TCSM default rate).

Furthermore, in the effort to narrow the financial access gap in uncertain markets marked by cautious credit
risk management, the PSM outperforms TCSMs for underserved small business segments, achieving a signif-
icantly higher acceptance rate (48.5% for micro-organizations compared to 51.4% for sole traders) during the
challenging state of emergency period (March 2020 – November 2020). In developing a new PSM model for
MMSME lending based on constructs drawn from financial literacy and skills literature, PSM explored how
psychometric attributes are related to instances of arrears (Klapper and Lusardi 2020 Lusardi 2019; Lusardi,
Hasler, and Yakoboski 2021; Struckell et al. 2022; Van Thiel, Goedee, and Leenders 2023;). Consistent with ear-
lier research, the findings support H0a and H0c, as the constructs incorporated in the PSM, indicating that
higher levels of financial skills are associated with reduced instances of arrears, while higher levels of debt atti-
tudes are linked to increased arrears (Klapper and Lusardi 2020; Lusardi 2019; Lusardi, Hasler, and Yakoboski
2021; Struckell et al. 2022).

The PSMcontributions to research examining the relationship between psychometric attributes of applicants,
and the likelihood of late payment of debt and arrears accrual, whereas previous research primarily examined
the connection between these attributes and overall debt levels or financial education needs. We found partial
support forH0b andH0 g, suggesting that higher levels of self-efficacy and social desirability are associatedwith a
decrease in arrears.Moreover, prior research had identified a relationship between these psychometric attributes
and debt but failed to specifically explore their predictive power regarding the likelihood of debt repayment
based on individual characteristics and traits (Dans andHaberman 2007; Ganster, Hennessey, and Luthans 1983;
Norvilitis et al. 2006; Nosić and Weber 2010; Seaward and Kemp 2000; Yang, Markoczy, and Qi 2007).

We reject H0d, H0e, and H0f as evidence did not support a significant relationship between materialism,
gratification, fluid intelligence, and instances of arrears. The summarized results are presented in Table 13.

A series of counterfactual analyses (CFA) conducted between theTCSMs employed by aCzech-based FinTech
lender and the PSM reveals a significant business opportunity. Evidence suggests the potential to increase loan
applicants by > 30% and reduce the applicant default rate by > 20%. The PSM results remain consistent across
the period of extreme volatility of ‘states of emergency’ (March-November 2020). The accrued evidence illus-
trates the PSM’s capacity to bridge the finance gap and responsibly promote inclusion within the underserved
MSME sector, especially during periods of higher market volatility.

Aligned with prior literature, we support the inclusion of psychometrics in credit scoring models, leading
to enhancements in predictive accuracy, albeit metrics should be clearly defined to thoroughly test all configu-
rations to enhance the PSMs predictive power (Djeundje et al. 2021; Dlogosch, Klinger, and Frese 2017; Goel
and Rastogi 2023; Liberati and Camillo 2018). Likewise, for accuracy metrics (Accuracy, Precision, Recall, F1;
Altman and Bland 1994; Schisterman et al. 2005; Yang and Berdine 2017), we conducted live and automated
application design, and provide insights into the potential business growth for the Financial Services/FinTech
lender.
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Table 13. Research findings.

Hypothesis number Hypothesis Conclusion Result 1 Result 2 Literature

H0 There is no significant difference
between the psychometric attributes
and arrears

Rejected H0a/ H0c accepted H0b/ H0 g partly accepted Goel and Rastogi (2023); Djeundje et al.
(2021); Liberati and Camillo (2018); Dlo-
gosch, Klinger, and Frese (2017)

H0a Low levels of financial skills increases
arrears

Accepted Negative relation Significant correlation Struckell et al. (2022); Lusardi, Hasler,
and Yakoboski (2021); Klapper and
Lusardi (2020); Lusardi (2019)

H0b High levels of self-efficacy (confidence)
increases arrears

Partly accepted Negative relation Significant correlation Nosić and Weber (2010); Yang,
Markoczy, and Qi (2007); Dans and
Haberman (2007); Seaward and Kemp
(2000)

H0c Positive debt-attitudes increases
arrears

Accepted Positive relation Significant correlation Almenberg et al. (2021); Haultain,
Kemp, and Chernyshenko (2010)

H0d High levels of materialism increases
arrears

Rejected Positive relation Low correlation Garðarsdóttir and Dittmar (2012);
Pham, Yap, and Dowling (2012); Don-
nelly, Iyer, and Howell (2012); Pirog and
Roberts (2007); Ponchio and Aranha
(2008); Richins (2011); Norvilitis et al.
(2006); Richins and Dawson (1992);
Belk (1984)

H0e Immediate gratification increases
arrears

Rejected Positive relation Low correlation O’Connor et al. (2019); Strömbäck et al.
(2017); Khare (2016); Achtziger et al.
(2015); Phau and Woo (2008); Joji and
Raveendran (2008)

H0f Higher levels of fluid intelligence
decreases arrears

Rejected Negative relation Low correlation Małkiński and Mańdziuk (2022); Dje-
undje et al. (2021); Muñoz-Murillo,
Álvarez-Franco, and Restrepo-Tobón
(2020); Dlogosch, Klinger, and Frese
(2017); Liberati and Camillo (2018);

H0g Higher levels of social desirability
increases arrears

Partly accepted Negative relation Significant correlation Norvilitis et al. (2006); Ganster, Hen-
nessey, and Luthans (1983)

H1 Psychometric credit scoring increases
the financial inclusion of small busi-
nesses in unstable Central European
markets

Accepted Acceptable discrimination Acceptable discrimination
in stress test period

Goel and Rastogi (2023); Djeundje et al.
(2021); Liberati and Camillo (2018); Dlo-
gosch, Klinger, and Frese (2017)
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At a granular level, this study demonstrates the first investigation that PSMs facilitate access to finance for
MSMEs and sub-sectors sectors of sole traders and micro-organizations, especially during market volatility
where traditional credit datamay be unreliable and/or unavailable. Prior research has explored the application of
psychometric scoring in low-incomemarkets (Goel and Rastogi 2023), we are, to the best of our knowledge, the
first to illustrate its business impact in a high-incomeEuropeanmarket (CzechRepublic). In the currentmacroe-
conomic environment, as Europe teeters on the edge of a recession, lenders are more risk averse in scrutinizing
the quality of their investment portfolios while aiming to reach valuable yet underserved customer sectors.

We argue that the PSM represents the first steps towards developing informed and responsible small business
lending practices, enabling profitable and sustainable growth strategies, particularly during current and future
periods of instability. Albeit, that there are limitations of this study, we call for further research to extend and
contribute evidence to the evolution of PSMs in promote fairer and transparent lending.We now turn to address
these issues.

6. Limitations and future research

The present correlation analysis reveals significant relationships between financial skills, self-efficacy, social
desirability, debt attitude, and age with the frequency of falling into arrears. These findings underscore the mul-
tifaceted nature of financial behaviour and suggest several avenues for further research. Future studies could
explore the causal pathways that link financial skills and self-efficacy to financial outcomes, potentially illuminat-
ing the psychological and educational processes that contribute to better financialmanagement. The unexpected
positive correlation between a positive debt attitude and arrears warrants an in-depth qualitative inquiry to
unpack individuals’ perceptions and cognitive biases towards debt. Furthermore, the role of social desirability
points towards the influence of cultural and social norms on financial behaviour, a relatively underexplored area
in financial research. The non-significant relationships with materialism, delay of gratification, and fluid intel-
ligence do not preclude their importance but indicate a need for more nuanced research designs, integrating
longitudinal data and experimental methods to capture the dynamics of these variables over time and in differ-
ent socioeconomic contexts. Last, the significant negative correlation with age suggests that financial behaviour
and risk of arrears change across the lifespan, calling for a life-cycle perspective in future financial behavioural
research.

The first limitation of this study is that the data sample is confined to default data from accepted customers
only. Furthermore, the applicability of the findings beyond the Czech sample and population should also be
further researched. That said, the PSM warrants application and testing across different upper middle to high
income countries with increasing percentages of sole traders andmicro-organizations to examine the predictive
power within and between cohorts to increase financial inclusion and promote growth in these MSME sectors
(i.e. UK, France, Germany, etc.).

Second, the study investigated the PSMperformance during periods of unprecedented volatility and financial
instability caused by the COVID-19 pandemic. Entrepreneurs, and risk managers across the world experienced
financial shock, necessitating new risk assessment strategies to develop to account for the ‘new normal’ (McK-
insey 2022). We recommend performing additional research in the post-covid era to validate the robustness of
the PSM across differing time frames and financial market conditions.

Third, the series of CFAs to stress test the PSM against the performance of TCSMs produced evidence in
support of prior studies integrating psychometric data with traditional and alternative credit data to facilitate
responsible and fair credit decisionmaking processes from lenders (Djeundje et al. 2021; Dlogosch, Klinger, and
Frese 2017; Goel and Rastogi 2023; Liberati and Camillo 2018). Nonetheless, it is essential to acknowledge the
relatively limited sample size, consisting of 2,884 psychometric credit scores and 826 credit scores accompanied
by behavioural payment data from accepted customers. Consequently, we recommend expanding the research
sample size and enhancing the integration of psychometrics with various dynamic open data sources for more
comprehensive insights. For instance, open banking transactions, social media, mobile phones, biometrics, and
search engines to develop consumer behavioural insights. In so doing, use and re-use of datamust adhere to eth-
ical data standards, abiding by GDPR and similar data privacy regulations and compliance to uphold consumer
protection (Elliott et al. 2021).



THE EUROPEAN JOURNAL OF FINANCE 27

Finally, as artificial intelligence (AI) models evolve, psychometric data should be considered to address the
untapped underserved and underbankedMSME sector and low-income customer segments (VanThiel, Goedee,
and Leenders 2023). This aligns to FinTech’s claims of innovation and driving greater financial inclusion, adopt-
ing the PSM can increase access to basic bank accounts and financial services creating an inclusive digital society
(Arner et al. 2020, 2021; Banna, Hassan, and Rashid 2021). A final caveat and suggested research avenue(s), is on
the one hand, engaging in the responsible use of dynamic data automation via AI-enabled credit scoring (Van
Thiel and van Raaij 2019), whilst on the other hand, ensuring that ‘we’ uphold consumer privacy to reduce not
widen the current financial and digital divide affecting citizens and MSMEs (Elliott et al. 2021).

Notes

1. We acknowledge this brings limitations to the results of this research due to its default focus solely on accepted customers.
2. Advicerobo’s applicant data collection tool is a software system designed to gather and compile information from individuals

and entrepreneurs who are applying for financial products or services. This tool streamlines the process of collecting and orga-
nizing dynamic applicant data, making it easier for financial institutions to profile applicants, assess creditworthiness, make
lending decisions, and manage the application process efficiently.

3. Based on the accepted loan applicant’s dataset throughout the results. Limitations are discussed in the final sections of this
paper.
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