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Introduction: Modern FinTech tools (e.g., instant payments, blockchain,

roboadvisor) represent the new frontier of digital finance. Consequently, the

evaluation of the knowledge level of the population about these topics is a crucial

concern. In this context, several exogenous factors may influence individual

di�erences in financial literacy. In particular, the territorial characteristics can

have an impact on FinTech. In this work, we investigate individual heterogeneity

in subjective financial knowledge in Italy, specifically focusing on modern FinTech

tools, and exploring the di�erences at the individual and regional levels.

Methods: A sample of 598 Italian individuals from 10 di�erent Italian regions was

involved. A multilevel IRT model is performed to evaluate the level of FinTech

individual knowledge and the di�erences according to Italian regions to account

for the hierarchical structure of the data.

Results: Results reported a weak regional e�ect, revealing that heterogeneity

in financial knowledge can be mainly attributed to individual characteristics. At

the individual level, age, economic condition, knowledge of traditional financial

objects and numeracy showed a significant e�ect. In addition, a scientific field of

study and work have an impact on respondents’ knowledge level.

Discussion: What is shown and discussed in this contribution can inspire

policymakers’ actions to increase financial literacy in the population. In particular,

the obtained results imply that policymakers should improve the population’s

awareness of less popular FinTech tools and foster individuals’ literacy about

numbers and traditional financial tools, which proved to have a great influence

in explaining FinTech knowledge di�erences.

KEYWORDS

FinTech, financial products, financial literacy, latent variablemodels, multilevel IRTmodel

1. Introduction

Financial technology, or FinTech, is a new sector that has emerged as a result of the

new issues that the modern digital transition has presented to financial systems worldwide

[1]. The diffusion of digital technology determined economic and social implications

in all sectors. There is an increasing interest in national governments supporting the

automation of financial services for more sustainable approaches to financial management

and customized solutions to meet individual demands. The swift evolution of FinTech

has forced traditional financial institutions, i.e., banks and insurance companies, to shift

toward more open business models, transforming their role in the market through a

re-intermediation process [2].

Making better economic judgments should be a result of understanding financial

systems, according to Robb and Woodyard [3], and the available literature usually
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corroborates this; in particular, numerous studies indicated that

well-developed financial abilities are necessary for effective money

management [refer to Barroso and Laborda [4] for an extensive

review of the topic].

Encouraging individual knowledge of these new financial tools

and services allows for achieving more equitable economic growth.

Indeed, people having access to the financial system are better

equipped to launch and grow enterprises and expand businesses,

invest in their children’s education, and withstand financial shocks.

Italy is significantly affected by the spread of digital technologies in

financial intermediation. Due to both rapid technical advancement

and governmental initiatives to boost payment efficiency and

security (even before the pandemic crisis), there has been a

progressive growth in the use of alternative payment instruments

to cash, especially cards. Nonetheless, the Italian government is

showing the willingness to move forward with the objectives

outlined in the 2018 FinTech Action Plan1, aiming to expand the

functionality and security of traditional electronic payments to

address and cope with new instruments (such as crypto-assets).

The literature highlighted several individual differences in

financial inclusion and literacy [5, 6]. Among them, the gender

gap is crucial, especially when combined with further socio-

demographic features and/or with country-based attributes. In

addition, other individual aspects, such as attitude and affinity with

numbers (numeracy), can influence financial literacy. The proven

significant effect of these attributes has brought questions regarding

their impact, also in the new contests of FinTech. However,

much remains to be understood. For example, within the topic

of gender equality in finance, even if some researchers highlight

the persistence of a gender gap in the FinTech context [7], newly

published studies prove that FinTech is able to drive more women

into employment and enable them to increase their wages [8, 9].

In this work, we intend to contribute to this research line

by further investigating individual heterogeneity concerning the

knowledge of FinTech tools. To assess the level of FinTech

knowledge, amultilevel IRTmodel [10] is performed to evaluate the

level of FinTech individual knowledge, the differences according

to Italian regions, and the effect of individual and regional

characteristics. It is realistic to assume that people’s financial literacy

is more similar for those who belong to the same region because

the Italian regions may differ at the national level regarding their

updating and advancement in FinTech.

The paper is organized as follows: Section 2 introduces the

data adopted for the study while Section 3 describes the theoretical

framework. In Section 4, the main results are discussed, while the

concluding remarks are summarized in Section 5.

2. Data

Data used in this work are part of the survey on “Knowledge

and Use of Fintech Products” belonging to the European project

CA19130 Fintech and Artificial Intelligence in Finance2. Data are

collected in the form of a self-administered questionnaire to a

1 “FinTech Action plan: For a more competitive and innovative European

financial sector”, COM/2018/0109.

2 Source: www.cost.eu/actions/CA19130.

sample of respondents selected by a non-probabilistic convenience

sampling. The considered sample consists of 598 Italian individuals

from 10 different Italian regions. Participants were asked to indicate

their knowledge level of several financial tools (FT) on a 6-point

Likert response scale, ranging from 1 = “no knowledge” to 6 =

“expert”.

The considered variables contribute to a wide understanding of

the individual subjective financial knowledge (SFK) referred to in

the modern FinTech framework. They include the following digital

services and tools:

• Crowdfunding (FT1), the use of small amounts of capital

from a large number of individuals to finance a new business

venture;

• Cryptocurrencies (FT2), digital verified currencies maintained

by a decentralized system using cryptography;

• Instant insurance (FT3), micro-insurance policy that covers

specific and often imminent events, covering a limited time

frame, even daily, in conjunction with particular events;

• Instant payments (FT4), electronic payment solutions that

solve the transaction in the immediate or close-to-immediate

interbank clearing;

• Roboadvisor (FT5), digital algorithm-driven platform that uses

the data to offer advice and to provide automated financial

planning and investment services with little to no human

supervision;

• Peer to peer services (FT6), a form of financial technology that

allows people to lend or borrow money from one another

without going through a third-party service, such as a bank;

• Cloud computing (FT7), an on-demand service that offers

online access to pooled resources, including data storage,

servers, databases, networking and software;

• DLT/Blockchain (FT8), decentralized databases using ledgers

stored on separate, connected devices in a network to ensure

data accuracy and security;

• Artificial Intelligence (FT9), it refers to the software or

systems that mimic human intelligence to perform tasks to

significantly enhance human capabilities and understandings

in most difficult tasks;

• Internet of Things (FT10), it is a broad concept referring to

a network of interrelated devices that connect and exchange

data with other devices;

• Machine Learning (FT11), a branch of artificial intelligence

that uses statistical models to make predictions, detect fraud,

and automate trading activities;

• Biometric Identification (FT12), a technology that uses

biometric authentication based on physical characteristics to

determine a person’s identity.

In addition, a set of individual characteristics were also assessed:

socio-demographic information (sex, age, education level, field

of study, occupational status, field of work, income), knowledge

of traditional financial objects and numeracy. The knowledge of

traditional financial objects is a construct composed of seven 6-

point Likert scales questions about the individual knowledge level

concerning some classical financial concepts (i.e., inflation rate,

gross domestic product, rating, spread, etc.). Regarding numeracy,

the Berlin Numeracy Test in the multiple choice format was used
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FIGURE 1

Map of the co-occurrencies network. Cluster 1 is colored in red, cluster 2 in blue, cluster 3 in green and cluster 4 in violet.

[11], comprising four multiple choice questions about fractions,

proportions, percentages, and probabilities.

To obtain a preliminary investigation of the FinTech framework

in literature, a bibliometric analysis was conducted by extracting

the data from the Web of Science Core Collection3 and using the

R package bibliometrix for the elaborations [12]. A total of 2,092

papers having the term “FinTech” in their title or in their abstract

have been selected for this analysis. Starting from the raw data, the

keyword co-occurrence network has been extracted by selecting the

subset of terms with a frequency at least equal to 20.

The co-occurrences map of the keywords is depicted in

Figure 1. Each node in the network represents a keyword. The

size of the node indicates the number of times the keyword

occurs; the link between the nodes represents the co-occurrence

between keywords; the thickness of the link is proportional to

the co-occurrence of keywords (i.e., the number of times the

keywords occur together). Subsequently, the Leiden community

detection algorithm has been applied to cluster the keywords,

which guarantees that communities are well-connected [13]. The

clustering algorithm detected a total of four clusters. The first

group, depicted in red in Figure 1, is represented by keywords

related to digital currencies and digital encryption. The second

3 Source: www.webofscience.com/wos/woscc.

(in blue) mainly focuses on digitalization and financial inclusion,

referring to population access to the most widespread financial

tools promoted for example by banks, like payment services, e-

commerce and open banking. The green cluster is mostly associated

with technical keywords belonging to financial investments (credit

risk, portfolio management, household savings and personal

finance) and modern statistical techniques (big data, machine

learning, deep learning, data modeling and statistical models).

Finally, the last cluster, colored in violet, is more related to the

political sphere. Keywords such as sociology, liberalism, state and

governance suggest that the related papers focus the discussion on

a conceptual level.

To highlight the importance of the nodes in the network, the

betweenness centrality measure of the top-5 terms of each cluster

is summarized in Table 1. Moreover, keyword matching has been

performed to investigate whether the financial tools considered in

this work belonged to the keyword list of the clusters. Based on

the results, the majority of the considered financial tools in this

work belong to clusters 1 and 3, while only three of them are not

present: it is the case of Instant insurance (FT3), Instant payments

(FT4), Biometric Identification (FT12). While FT3 and FT12 are

not present at all in the keyword list, terms related to “payment”

(mobile payment, payment service, and payment system) appear in

clusters 1 and 2.
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TABLE 1 Results of the Leiden algorithm of the co-occurrencies network.

Cluster Top-5 terms Financial Tools (FT)

1 Blockchain (2400.1), COVID-19 (1277.7), peer-to-peer (573.5)

trust (281.9), security (201.4)

Blockchain (2400.1), peer-to-peer (573.5), crowdfunding (158.5),

cryptocurrencies (128.2)

2 Bank (1549.1), financial inclusion (772.0), financial service (734.1)

digitalization (674.2), regulation (655.9)

—

3 Artificial intelligence (1381.2), finance (998.4), investment (557.5)

machine learning (553.9), risk (431.5)

Artificial intelligence (1381.2), machine learning (553.9), internet of things

(263.6), cloud computing (82.3), roboadvisor (62.2)

4 Economy (1021.7), money (437.6), governance (336.9)

Defi (239.1), future (42.7)

—

The keywords’ betweenness centrality measure is reported in parentheses.

To further explore the heterogeneity in SFK at the regional

level, we also considered secondary data collected by the OECD

(https://stats.oecd.org/) and included in the Regional Economy

dataset (Regional gross domestic product (GDP), Regional Gross

Value Added (GVA) for total activities, GVA in financial and

insurance activities), and in the Regional WellBeing dataset

(disposable income per capita, unemployment rate, share of labor

force with at least secondary education, perception of corruption).

Thus, the considered variables embrace information on both

individual and regional levels.

Starting from the observed frequencies of respondents’

behaviors depicted in Figure 2, it is possible to notice a high ratio

of respondents that declare to possess no knowledge at all about

most of the considered topics. In some cases, the percentage of

respondents that answered “1” (corresponding to no knowledge at

all) exceeded 50%, with higher scores observed for the items FT5,

FT3, and FT8 (that are roboadvisor, DLT/blockchain and instant

insurance, respectively). However, cloud computing and artificial

intelligence (FT7 and FT9) show an opposite trend, meaning that

respondents declare to possess at least a minimal knowledge of

these modern financial tools.

The median age of the respondents is 22 years old, which are

predominantly females (56%) and with a mean age of m = 24.44

(sd = 7.36). Themain descriptive statistics are presented in Table 2.

The majority of the respondents reside in Campania, Lombardia,

and Lazio, which are the most populated Italian regions. More in

general, the quota of people living in the Northern regions (Emilia

Romagna, Lombardia, Piemonte, and Veneto) sum up to 36.9%

of the sample, the same count reaches 50.8% for the Southern

regions (Campania, Puglia, and Sicilia), while the remaining 12.3%

respondents live in the Center, i.e., Lazio, Toscana, and Umbria.

The educational attainment is at high school graduation

for approximately one-half of the respondents, while seven

respondents (equivalent to 0.8%) declared not having at least

a high school degree. In the other half, 34% has a bachelor’s

degree; the others have at least a master’s degree. The share

of interviewees enrolled in a Scientific degree program is

comparable to that of those enrolled in a Humanities faculty

(41.5 and 43.0%, respectively), while the remaining 15.5% at

the time of the interview were either not enrolled in a

university or attending another type of course (e.g., training

program and job initiation course). Given the young average

age of the sample, it is not surprising that their occupational

status comprises 56% of students and 17.9% of working

students, 97 (16.2%) employees, and only 4.4% of self-employed

workers. For the same reason, the majority of respondents

(334) declared that they were not working at the time of the

interview.

3. Methodology: multilevel IRT model

Subjective financial knowledge (SFK) represents an

unobservable (i.e., latent) construct that can be measured by

a set of observable (manifest) indicators. Accordingly, latent

variable models represent suitable statistical models for their

assessment, allowing obtaining a reliable estimate of the latent

trait. Among them, IRT models [14] stand out as a reference when

nominal or ordered categorical indicators are considered, such as

Likert-type scales.

In addition, a multilevel approach to data analysis [15] is useful

in the case of hierarchical data structures, as in our application,

where individuals (first level) are nested within regions (second

level). Indeed, multilevel models make it possible to investigate the

influence of the group-level units on the low-level units’ outcomes,

decomposing the total variance in within-group and between-

group variation. This means that a measurement of individuals’

SFK and, simultaneously, a rank of Italian regions according to the

knowledge levels of their citizens can be obtained.

In this vein, multilevel IRT modeling [10] offers a unique

framework for jointly considering the latent nature of SFK and the

hierarchical structure of the data. Moreover, a set of covariates at

the individual and cluster levels can be added to model the effect of

individual and regional characteristics on SFK.

In a multilevel IRT model, we can distinguish two components:

a measurement part following an IRT parameterization and

a regression component accounting for the hierarchical data

structure and covariates effect. More formally, let Yijk be the

response on item k (k = 1, . . . , 12) of individual i (i = 1, . . . , n)

belonging to the Italian region j (j = 1, . . . , 10). Each item has

m = 6 response categories indicated with c = 0, . . . ,m − 1.

Moreover, let θij denote the SFK of individual i belonging to region

j, where θij is a normally distributed random variable. Finally, let

X and Z be the two matrices including the covariates at individual

and regional level, respectively.
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FIGURE 2

Empirical distribution of the FT items.

The measurement part of the model specifies the conditional

probability of the observed item responses given the latent financial

knowledge P(Y|θ). According to the adjacent-categories approach

[16], the probability that individual i in the region j selects the

response category c of item k is based on a local comparison

between category c and category c− 1:

P(Yijk = c|θij,Yijk ∈ {c−1, c}) = F[γk(θij−δck)], c = 1, . . . ,m−1,

where γk and δck are the discrimination and the step-difficulty

parameters, respectively. Specifically, γk denotes how strongly the

item discriminates among different levels of the latent trait, whereas

δck is the value of θij at which the probability of answering by

category c equals the probability of answering by category c−1 [17].

F[ ] is a cumulative probability distribution function; when the

logistics distribution is considered, the Generalized Partial Credit

Model (GPCM) results [18]. The latter reduces to the Partial Credit

Model [19] when discrimination parameters γk are constrained to

1 for all items.

On the other hand, the regression component models the

relation between the latent SFK and the considered covariates,

namely P(θ |X,Z), concurrently considering the hierarchical

structure of data. In particular, we specify a random-intercept linear

model [20] for the latent SFK:

θij = β0j + β ′Xij + eij,

β0j = β0 + ζ ′Zj + uj,

where β0j is the random intercept accounting for the effect

of region j on SFK, β and ζ are the vectors of regression

coefficients regarding the effects of individual-level and regional-

level covariates on the SFK, respectively. The values uj and eij
are the normally distributed random effects indicating the error

components at regional- and individual-level, respectively.

Thus, the complete specification of latent regression multilevel

PCM can be expressed, in terms of logit, as:

log
P(Yijk=c|θij ,Xij ,Zj)

P(Yijk=c−1|θij ,Xij ,Zj)
= β0 + β ′Xij + ζ ′Zj − δck + uj + eij,

c = 1, . . . ,m− 1.

Model parameters estimation was performed through the

maximum marginal likelihood with adaptive Gaussian quadrature

and Newton-Raphson iterative algorithm implemented in the

GLLAMM routine [21] of STATA software.

4. Results

In what follows, we first report the results of themultilevel PCM

estimated without covariates, providing details about item difficulty

parameters and regional ranking according to the SFK of their

citizens. Second, we illustrate the findings of the latent regression

multilevel PCM to shed light on the role of individual and regional

features in explaining regional differences and individual-level

heterogeneity regarding SFK.
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TABLE 2 Descriptive statistics.

n %

Gender

Female 332 55.5

Male 266 44.5

Education

Compulsory education 5 0.8

High school diploma 299 50.0

Bachelor’s degree 203 34.0

Master’s degree 73 12.2

Post-degree training 18 3.0

University degree type

Healthcare 52 8.6

Humanistic 257 43.0

Scientific 248 41.5

Not enrolled 15 2.5

Other 26 4.4

Occupational status

Employee 97 16.2

Self-employed 26 4.4

Student 335 56.0

Working student 107 17.9

Other 33 5.5

Region of residence

Campania 290 48.5

Emilia Romagna 24 4.0

Lazio 51 8.5

Lombardia 142 23.7

Piemonte 23 3.8

Puglia 6 1.0

Sicilia 8 1.3

Toscana 14 2.3

Umbria 8 1.3

Veneto 32 5.4

Field of work

Economics 48 8.0

STEM 56 9.4

Social/Humanistic 160 26.8

None 334 55.9

4.1. Multilevel PCM

The estimates related to the measurement part of the model,

namely item-step parameters, are shown in Figure 3. It is possible

to notice unordered item-step difficulty parameters for the majority

of items, mainly related to the high unbalance between the first

category (no knowledge) vs. the remaining ones (see Figure 2).

Indeed, considering the item response category characteristic

curves (IRCCCs; [22]), we have that the item-step difficulty

parameters represent the point on the latent continuum where two

consecutive IRCCCs cross each other [17]. Thus, starting from the

observed result, we can derive that the characteristic curve of the

first category dominates the remaining. In addition, this could also

be a sign of the presence of redundant response categories, which

are categories perceived as similar to the adjacent ones. Conversely,

item FT9 shows the opposite behavior, presenting ordered item-

step difficulty parameters and being the only item in which the

observed frequency for category 1 is not modal in the considered

sample.

In addition, average item difficulty (also called item location)

provides some insights into the most widely known (less popular)

digital financial services and tools. Looking at Figure 3, items

FT7-FT9-FT4 emerged as the easiest items, indicating that

Cloud computing, Artificial Intelligence and Instant payments

are the most popular modern financial tools. On the other

hand, the most difficult items (less popular services) are

FT5 and FT3 referring to Roboadvisor and Instant insurance,

respectively.

Regarding regional differences, the caterpillar plot in Figure 4

shows the ranking of the 10 considered Italian regions according

to the estimates of second-level random effect uj (and the

related 95% confidence interval), where increasing values of uj
indicate increasing levels of SFK. Results reveal that the region of

belonging weakly affects individual SFK, reporting overlapping

confidence intervals for almost all regions except for Campania,

Lombardia, and Veneto which are at the two extremes. In

particular, individuals in the Campania and Lombardia regions

present an SFK significantly worse than those belonging to the

Veneto region.

4.2. Latent regression multilevel PCM

In the latent regression multilevel PCM, we added individual-

and cluster-level covariates to have a deeper understanding

of the differences observed in SFK. In particular, at the

individual level, we included gender, age, educational level,

field of study, occupational status, field of work, economic

condition, knowledge of traditional financial tools (such

as spreads and GDP), objective financial knowledge and

numeracy. At the regional level, we entered the GVA in

financial and insurance activities and the disposable income

per capita.

The finally selected model encompasses all the covariates

with significant estimated coefficients plus gender and second-

level covariates. Figure 5 displays regression coefficients estimate

for the covariates at the individual level. As can be seen, older

participants exhibit a lower level of SFK, as can be expected.

Additionally, FinTech literacy is particularly lacking for people

with a Humanistic background of study. Also, individuals not

specialized in a particular field of study or work reported a more
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FIGURE 3

Estimates of item-step di�culty parameters for all items (FT1-FT12). The symbol × indicates the average item di�culty, whereas numbers indicate

the steps.

FIGURE 4

Caterpillar plot: Estimated second-level random e�ects with 95% confidence interval.

impaired SFK. Conversely, those who have a better economic

condition, possess greater familiarity with traditional financial

instruments and are adept with numbers (numeracy) present

higher SFK. Finally, surprisingly, no significant effect resulted

for gender and regional-level covariates. It is worth noting that

in latent regression multilevel PCM, regional gaps are even less

substantive than those found in the model without covariates.

Indeed, when covariates were added to the model, no significant

differences between the estimates of second-level random effect uj
emerged.

5. Discussion and conclusion

The objective of the present study was to examine heterogeneity

in SFK in the Italian context. Italy is significantly affected by the

spread of digital technologies in financial intermediation. Even

before the pandemic crisis, there had already been a gradual

growth in the use of alternative payment instruments to cash,

especially cards, both as a result of rapid technological development

and regulatory interventions to support payment efficiency and

security. The spread of the COVID-19 contagion has profoundly
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FIGURE 5

Latent regression multilevel PCM: Regression coe�cients estimate for covariates at the individual level. Red bars indicate negative e�ects, whereas

green bars denote positive e�ects. P-values are also reported: · p < 0.10; ∗ p < 0.05; ∗∗ p < 0.01, ∗∗∗ p < 0.001.

affected purchasing and payment habits, persistently intensifying

the use of electronic payment solutions and contributing to

reducing Italy’s gap in comparison with other Eurozone countries

in terms of the number of transactions per capita settled by means

other than cash. There has been a gradual increase in online

purchases, as well as greater relative use of the card at the POS,

and rapid growth in contactless transactions, which have risen from

35% in the pre-lockdown period to more than 55% [23].

Since other studies about financial knowledge reported

differences according to geographical macro-areas [24, 25], we

accounted for regional differences by exploiting a multilevel

approach. Indeed, we aimed to investigate if individual differences

also reflect a regional-level difference in FinTech advancement.

Based on the multilevel PCMmodel estimates, artificial intelligence

(FT9) is the most popular modern financial tool, followed by

cloud computing (FT7) and instant payments (FT4), while Instant

insurance (FT3) and roboadvisor (FT5) are the most difficult items

(less popular services). Results showed a weak regional effect,

revealing that heterogeneity in SFK can be mainly attributed to

individual characteristics. In particular, we observed that older

people reported lower levels of SFK (in line with what is reported in

Jünger and Mietzner [26], Nguyen [27], Choudrie et al. [28]). This

result confirms what is highlighted in Hauk et al. [29] regarding

older customers who are less prone to use new technological devices

and services. Indeed, as pointed out in [30, 31], younger people are

more curious (and skilled) about digital innovations, whereas older

individuals experience more technological discomfort. Economic

conditions also proved to have a significant influence on individual

SFK, contributing to techno-financial inequality. In this vein,

research on digital financial capability and wellbeing (see [32,

33] among others) underlined that the digital divide due to

socio-economic status also forecloses disadvantaged people from

access to various forms of digital finance technologies [34]. As a

consequence, low family income correlates with poor knowledge

of FinTech instruments and a lacking capability to utilize them for

financial management. Low affinity with numbers (numeracy) also

represents a barrier to digital financing. The literature generally

reports a strong relation between numeracy and financial literacy,

see [35–37] among others. Indeed, lowly numerate consumers often

make bad economic choices because of erroneous calculations, such

as a mistaken evaluation of percentage changes [38]. Our results

confirm this relation even in the modern FinTech context.

In Italy (and, more in general, in other EU countries [39–41]),

many students receive inadequate financial literacy education prior

to entering the workforce. This negative effect is more evident for

those who were not enrolled in a STEM course, since they usually

have less financial and mathematical literacy, and therefore, more

difficulties in understanding even the traditional financial products

[24, 42]. The negative effects registered for respondents who have a

weak (or no) familiarity with STEM professions and/or scientific

instruction support the above discussion. On the other hand,

respondents that declare a deeper understanding of traditional

financial topics, such as the financial crisis, sustainable finance,

quantitative easing and purchasing power, present higher SFK

scores. This research also evidenced a non-significative gender bias

in SFK. Although this result may be initially surprising, it is in line
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with some recent findings in literature [9], supporting that FinTech

adoption significantly improves female employment and reduces

gender inequality.

The results provide insights regarding predictors of individual

differences in SFK, which can inspire policymakers’ actions with the

aim of increasing financial literacy in the population. In particular,

this research firstly implies that policymakers should improve

the population awareness of less popular FinTech tools, such as

instant insurance and roboadvisor. Moreover, as highlighted in the

bibliometric analysis, researchers also should turn their attention

more toward less-known FinTech services (e.g., instant insurance)

to further enrich the discussion on the use and implications of

these tools, for example posing them in the financial inclusion

debate. The second implication is that individuals’ literacy about

numbers and traditional financial tools is expected to have a greater

influence in explaining FinTech knowledge differences compared

to socio-demographic characteristics such as region of belonging

and gender. Such financial basic knowledge should be introduced

in the secondary school curricula, reducing a subsequent potential

impairment in favor of people enrolled in the STEM field of study

(or work). In this regard, the results from the OECD survey on

students’ financial literacy [43] report that about 21% of students

in Italy did not reach the baseline level of proficiency and that

generally students obtain information about money matters from

their parents, highlighting the need for a deeper involvement of

school in fostering financial literacy. Third, the weak regional

differences support national homogeneity in FinTech advancement

and concurrently trigger new questions about national differences

in an international scenario where different regulatory frameworks

and restrictions can affect the growth of FinTech.

We recognize that our study has various limitations to

consider, particularly in terms of sampling and response bias.

Firstly, we considered a convenience sample, making it difficult to

generalize the results obtained to the general reference population.

In addition, the sample shows a regional unbalance that does

not reflect the real population distribution among the regions.

Secondly, the use of online self-report measures might affect

response quality. Despite these limitations, our study merits

attention because, to our knowledge, no previous research has

investigated the effects of regional differences on the knowledge

levels of FinTech tools in Italy from a multilevel perspective. A

probabilistic sampling conducted in a more appropriate way, i.e.,

taking into account the regional strata, would positively affect the

consistency of the estimates. Moreover, as a further improvement

of this work, response bias can be addressed by exploiting latent

trait models that extend the PCM to account for responders’

response styles and uncertainty [44, 45]. In conclusion, a possible

extension of this study to a more general population (e.g. European

countries) can prove the validity and reliability of the findings in

an international dimension to discover whether similar behaviors

occur in other nations.
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