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Abstract

Purpose: The central research question of the study is how objective financial knowledge
and subjective financial confidence interact and relate to digital financial behavior and the
use of FinTech tools. By examining both objective knowledge refers to measured, test-based
financial competence and subjective confidence denote self-assessed financial understand-
ing, the research offers insight into the psychological and demographic drivers of FinTech
use and perceived financial well-being. Design/methodology/approach: Based on the
OECD'’s 2023 international financial literacy survey, the study uses a nationally representa-
tive Hungarian sample. It employs non-parametric statistical methods, linear regression,
and two-step cluster analysis. Three composite indicators, general digital activity, digital
financial engagement frequency, perceived financial security were developed to measure
general digital activity, frequency of digital financial engagement, and perceived financial
security. Findings: Results reveal a moderate but significant correlation between actual
and self-assessed financial knowledge. Men score higher on both measures, though self-
assessment bias does not significantly differ by gender. Higher education and income levels
are associated with stronger financial literacy and more frequent use of FinTech tools, while
age correlates negatively. However, the accuracy of self-perception is not explained by these
demographic factors. Cluster analysis identifies four distinct financial knowledge profiles
and five consumer digital behavior types, revealing disparities in digital financial inclusion
and confidence. Originality: This research contributes a multidimensional perspective on
how consumer capabilities, attitudes, and digital behavior influence FinTech adoption. By
integrating behavioral, demographic, and psychological factors, the study offers practical
implications for targeted financial education and the design of inclusive, human-centered
digital financial services—especially relevant for emerging European markets.

Keywords: financial literacy; perceived financial literacy; digital financial literacy; digital
inclusion; financial behavior; FinTech adoption; digital activity

JEL Classification: A13; D12; G53; 12

1. Introduction

Financial decision-making in the digital era increasingly depends on individuals’
ability to navigate both traditional and technology-driven financial environments. This study
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contributes to this field by examining the alignment—and frequent misalignment—between
Hungarian adults perceived and actual financial knowledge in the context of FinTech use.

Drawing on the 2023 OECD financial literacy survey (adapted to the Hungarian
context), we employ descriptive statistics, regression models, and cluster analysis to in-
vestigate how demographic characteristics and digital behavioral patterns shape financial
knowledge, confidence, and the use of digital financial services.

Our findings reveal several important patterns. First, a pronounced knowledge and
self-confidence gap emerges: many respondents either underestimate or overestimate their
financial knowledge relative to their measured literacy scores. Second, cluster analysis
shows substantial heterogeneity in financial behavior, with distinct groups differing not
only in their literacy levels but also in their digital payment habits and attitudes toward
financial innovation. Third, we identify systematic differences across gender, education
levels, and age groups, including the well-documented mismatch between women’s actual
knowledge and their typically lower self-confidence, and the strong positive association
between level of education and both financial literacy and digital tool adoption.

These findings carry significant implications for financial education and digital-finance
policy. As FinTech solutions expand from mobile banking to Al-supported advisory ser-
vices, their safe and equitable adoption depends not only on digital access but also on
realistic self-assessment, informed decision-making, and targeted support for vulnerable
groups. Understanding the interplay between knowledge, confidence, and digital behavior
can therefore guide more effective financial education strategies and inform regulatory
approaches aimed at strengthening digital inclusion and consumer protection in Hungary.

2. Literature Review

The relationship between financial knowledge and behavior has been empirically
examined by Chen and Volpe [1] and Lusardi and Mitchell [2], who emphasize that the
practical application of knowledge, such as budgeting, financial planning, or consciously
comparing digital products, is crucial to making successful financial decisions. Although
digital financial behavior is increasingly examined in isolation, few studies integrate self-
confidence and financial literacy to segment consumer personas. Thus, digital financial
literacy involves not only understanding financial concepts but also possessing the skills
and attitudes necessary to apply them [3]. Furthermore, according to a global comparison
by Hasler and Lusardi [4], FinTech tools can contribute to financial inclusion, but this
requires proper user preparedness. These findings underscore the growing complexity of
financial decision-making in digital environments, where behavioral factors, such as risk
tolerance, sense of control, and willingness to plan, play a crucial role in the responsible
and practical use of FinTech tools [5].

Financial literacy is a set of competencies essential for making informed financial
decisions. The literature distinguishes between financial knowledge, awareness, and
attitudes, with the latter playing a significant role in economic behavior. In his study,
Xiao [6] defines financial behavior as any human behavior that may be relevant to personal
finance. When referring to consumers’ financial behavior, the focus is on how individuals
manage and implement their personal finances [7], including financial foresight, expense
planning, managing loans and cash, major investments, purchasing insurance, investment
decisions, and retirement planning—all of which today require a certain level of digital
financial knowledge and awareness [8]. The 2008 financial crisis also revealed that the lack
of financial knowledge exacerbated the crisis [9]. International surveys consistently show
that even in developed countries, financial literacy levels among the population are low. In
2023, for example, Hungary ranked 4th in terms of financial knowledge but was among the
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lowest in terms of financial behavior. This suggests that having financial knowledge does
not necessarily translate into conscious financial action [10].

In examining the causes of financial vulnerability, both the Indian study by
Kumar et al. [11] and the Hungarian analysis by Németh et al. [12] found that women, indi-
viduals with lower levels of education, the unemployed, and those with low incomes are
more financially vulnerable. Despite extensive global education initiatives, financial literacy
gaps persist, as highlighted by recent research [13,14]. Financial education often remains
theoretical, socioeconomic disparities restrict access, and rapid digital change continuously
reshapes required skills, leaving education systems struggling to keep pace. For instance,
Lusardi and Mitchell [2] emphasize that financial literacy education often fails to translate
into actual behavioral change, as “knowledge alone is insufficient without motivation and
opportunity for application.” Similarly, Hasler and Lusardi [4] highlight persistent global
gaps, noting that “even in advanced economies, substantial segments of the population
lack basic financial understanding, particularly among women and low-income groups.”
Furthermore, OECD [15] reports that rapid digitalization has created a “moving target”
for financial education, as the skills needed to manage digital finance evolve faster than
traditional curricula can adapt.

These factors, combined with the level of financial literacy, have a significant impact
on financial behavior and well-being. The concept of financial well-being encompasses
both the objective and subjective evaluation of an individual’s financial situation [16].
Examining the development trajectories of Central and Eastern European countries,
Kocziszky and Szendi [17] demonstrated that the relationship between economic adaptabil-
ity and financial behavior is key to achieving sustainable development.

International examples further support these conclusions. In Asia, Sunandes and
Fauzi [18] studied the financial behavior of Southeast Asian SMEs and found that digital
financial literacy directly influences the quality of financial decision-making in businesses.
In Africa, a South African study by Du Plessis and Jordaan [19] revealed that self-control
and perceived relative deprivation significantly affect financial well-being and life satis-
faction. In the United States, Yue et al. [20] found that digital financial inclusion among
family businesses contributes to poverty reduction. However, the level of digital financial
competence is a fundamental determinant of this impact.

The Expansion of Financial Digitalisation in an International Context

A supportive economic policy framework and an innovative-friendly environment
play a crucial role in the adoption of financial innovations. Countries of the former Eastern
Bloc, including Hungary, often face disadvantages due to historical and economic reasons.
According to the OECD [21,22], some of Hungary’s main challenges include low R&D
intensity, weak patent activity, and the regional and corporate concentration of innovation
efforts. National and cultural characteristics, as well as the level of economic develop-
ment, significantly influence the success of innovation adoption. International research
emphasizes the significance of cultural and religious contexts in the dissemination of digital
financial innovations, as they influence user trust and the regulatory environment [23].
Regional disparities in innovation are also influenced by geographically concentrated “in-
novation incubators”, such as Silicon Valley but similar concentrations can be observed in
China, where mobile financial innovations have rapidly spread, even to rural areas, due to
multi-level adoption mechanisms [24].

The global diffusion of innovation is further driven by the rapid flow of informa-
tion through digital channels and by international competition. According to OECD
analyses [21,22], factors such as climate change, aging populations, and economic insta-
bility may hinder the spread of technology. FinTech adaptation can be a key driver of
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inclusive economic growth globally, particularly in the SME sector, if businesses effectively
integrate digital financial solutions into their operational processes [25].

The Global Innovation Index is one of the key tools used to assess global innovation
performance, ranking Hungary 35th among 132 countries [26]. Digitalization creates new
challenges and opportunities in the financial sector as well. According to the European
Commission’s DESI index, Hungary’s level of digital development remains relatively low
compared to other EU member states, particularly in the areas of digital public services
and business digitalization [27].

The objectives of the Digital Decade strategy through 2030 are ambitious: at least
90% of SMEs are expected to attain basic digital maturity, and 75% of businesses are
anticipated to implement cloud or Al-based solutions. International trends suggest a
strong, bidirectional relationship between FinTech adoption and financial development, as
demonstrated by successful adaptation experiences in emerging markets [28,29]. Financial
digitalization and its associated social challenges, particularly in the areas of financial
literacy, awareness, and innovation adoption, pose significant challenges for Hungary. To
achieve sustainable development and economic stability, it is essential to expand financial
knowledge, strengthen the innovation ecosystem, and enhance the digital competencies of
individuals and businesses.

3. Methodology

For our analysis, we used the 2022 version of the OECD’s periodically repeated
questionnaire designed to assess financial behavior. The survey is representative, meaning
that the distribution of socio-demographic characteristics in the sample mirrors that of the
general population.

Financial knowledge was measured using eight items, then scaled between 0 and 1
using the min-max normalization method. Self-assessed knowledge was recorded on a
1-5 scale, reverse-coded, and standardized where necessary. The distribution of key vari-
ables was tested using the Shapiro-Wilk and Kolmogorov-Smirnov tests. Due to deviations
from normality, non-parametric methods were applied for group comparisons. The rela-
tionship between objective and subjective knowledge was estimated using linear regression.
For demographic associations, the Mann-Whitney U test was used for comparisons be-
tween two groups, and Spearman’s rank correlation was used for continuous or ordinal
variable pairs (o« = 0.05, two-tailed).

We constructed three composite indicators related to FinTech: (1) general digital
activity, (2) perceived financial security (standardized by reversing the relevant item), and
(3) frequency of managing finances digitally. These were created through summation
and min-max scaling, and their relationships were examined using bivariate methods.
To explore patterns, two types of clustering were performed: (1) based on objective and
self-reported knowledge, and (2) based on the three FinTech composites, using k-means
clustering (with 0-1 scaled inputs and Euclidean distance). The optimal number of clusters
was determined using the elbow method and average silhouette score. Robustness was
checked using Ward'’s hierarchical clustering method. All analyses were conducted in IBM
SPSS Versus 27, and results are presented in tables and figures.

4. Results

The study is based on secondary OECD microdata [15], rather than original fieldwork.
The Hungarian sample consisted of 1000 respondents, which the OECD weighted to be
representative by age, gender, and region. Ethical compliance and informed consent were
ensured by the OECD during the data collection process. The dataset was provided to
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the researchers in anonymized form, so no additional ethical approval was required. This
study used OECD microdata in accordance with the terms of the OECD data license.

Financial knowledge was measured using eight dichotomous variables, including
both computational tasks (e.g., calculating simple and compound interest, interpreting
inflation) and conceptual items (e.g., understanding the risk-return trade-off, diversifi-
cation). Only one item in the financial knowledge scale required reverse coding. This
was a negatively worded statement related to digital financial contracts, where agreement
indicated lower financial knowledge. To ensure that all items followed the same direction,
with higher values consistently representing higher financial knowledge, the coding of this
single item was reversed (0 — 1 and 1 — 0). No other items required recording, as the
remaining computational and conceptual items were already aligned with the intended
measurement direction.

The reliability of the scale was assessed with Cronbach’s alpha, which is equivalent to
KR-20 for dichotomous variables (Table 1).

Table 1. Cronbach alfa by Financial Knowledge.

Item-Total Statistics

Scale Mean if ~ Scale Variance Corrected Item-  Cronbach’s Alpha

Item Deleted  if Item Deleted  Total Correlation if Item Deleted
jOK_2 4.7884 1.825 0.281 0.398
jOK_3 4.9103 1.690 0.202 0.403
jOK_4 4.7988 1.816 0.254 0.401
jQK_5 5.0840 1.428 0.328 0.334
jOK_6 5.4152 1.697 0.086 0.463
jOK7_1 4.8466 1.835 0.118 0.434
jOK7_3 5.0852 1.513 0.245 0.381
jOK7_4 5.2808 1.581 0.154 0.433

Source: own compilation based on SPSS output.

The coefficient was 0.44, indicating weak internal consistency. Item-level diagnostics
supported this finding: corrected item—total correlations ranged from 0.09 to 0.33, while
“alpha if item deleted” values fell between 0.33 and 0.46, showing that no single item would
have meaningfully improved reliability. Knowledge was measured using eight dichoto-
mous variables, including both computational tasks (e.g., calculating simple and compound
interest, interpreting inflation) and conceptual items (e.g., understanding the risk-return
trade-off, diversification). The reliability of the scale was assessed with Cronbach’s alpha,
which is equivalent to KR-20 for dichotomous variables (Table 1).

The coefficient was 0.44, indicating weak internal consistency. Item-level diagnostics
supported this finding: corrected item—total correlations ranged from 0.09 to 0.33, while
“alpha if item deleted” values fell between 0.33 and 0.46, showing that no single item would
have meaningfully improved reliability. The inter-item correlation matrix (Table 2) further
supports the heterogeneous nature of the scale. Only a few item pairs showed moderate
associations (e.g., simple and compound interest), while most correlations were weak,
reflecting the fact that the items measure distinct knowledge components.

We also examined the scale using the split-half method. The correlation between the
two halves was 0.27, the Spearman—Brown corrected value was 0.43, and the Guttman
split-half coefficient likewise showed a value of 0.43 (Table 3). These results indicate
that the low reliability does not stem from any single problematic item but from the
heterogeneous nature of the items, which capture different aspects of financial competence.
Accordingly, the knowledge scale is best conceptualized as a formative index, integrating
diverse elements of the broader construct of financial literacy.
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Table 2. Inter-Item Correlation Matrix.

Inter-Item Correlation Matrix

1 2 3 4 5 6 7 8
1. Five brothers are given a gift of X 1 0.209 0.002 0.105 0.272 0.08 0.21 0.12
2. Brothers have to wait for one year
with 0.209 1 0.017 0.24 0.227 0.16 0.19 0.137
inflation at X percent
3. Interest in loan 0.002 0.017 1 0.029 0.022 0.01 0.021 0.02
4. Simple interest 0.105 0.24 0.029 1 0.581 0.15 0.228 0.249
5. Compound interest 0.272 0.227 0.022 0.581 1 0.17 0.364 0.264
6. An investment witha highreturn 500 516 0009 0148 0173 1 032 0.164
is likely to be high risk
7. It is usually possible to reduce the
risk of investing in the stock market 5519 g1 0208 0364 032 1 0.48
by buying a wide range of stocks
and shares
8. A digital financial contract
requires signature of a paper contract ~ 0.12 0.137 0.02 0.249 0.264 0.16 0.48 1

to be considered valid

Source: own compilation based on SPSS output.

Table 3. Split half Method by Financial Knowledge.

Reliability Statistics

Value 0.439
Part1 N of Items 42
Cronbach’s Alpha Value 0.183
Part2 N of Items 4b
Total N of Items 8
Correlation Between Forms 0.272
Spearman-Brown Equal Length 0.428
Coefficient Unequal Length 0.428
Guttman Split-Half Coefficient 0.425

Source: own compilation based on SPSS output. 2 The items are: jQK2, jQK3, jQK4, jQK5. P The items are: jQK6,
jQK7_1,jQK7_3,jQK7_4.

4.1. Relationship Between Actual and Self-Reported Knowledge

The next step in the analysis was to map the relationship between certain demographic
variables and three different indicators of financial knowledge: normalized self-reported
knowledge (ordinal), normalized actual knowledge (ordinal), and the difference between
them (scale-level, continuous variable). The following demographic factors were included
in the analysis:

Gender (dichotomous),
Age (scale-level),
Household income category (ordinal),

Highest level of education (ordinal, recoded).

Prior to the analysis, the education variable was recoded. Categories with extremely
small sample sizes, specifically, “no formal education” and “PhD degree,” were excluded.
The remaining categories were arranged in ascending order, such that higher numerical val-
ues corresponded to higher levels of education. This recoding ensured ordinal consistency
and rendered the variable appropriate for correlational analysis.
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Tests for normality indicated that both the original and recoded demographic vari-
ables, as well as the variable representing the difference between actual and self-reported
financial knowledge, significantly deviated from a normal distribution. Consequently, the
statistical methods were selected based on the level of measurement of each variable and
the characteristics of the data distribution.

For the dichotomous gender variable, the Mann-Whitney U test was applied when
comparing self-reported and objectively assessed financial knowledge scores, both of which
were treated as ordinal-level variables. For the scale-level variable representing the differ-
ence between self-reported and actual knowledge, either an independent samples t-test or
the Mann-Whitney U test was employed, depending on the distribution characteristics.

For ordinal-level demographic variables, such as income and education, asso-
ciations with the financial knowledge indicators were examined using Spearman’s
rank-order correlation.

Finally, for the scale-level age variable, correlations with both ordinal and scale-level
financial knowledge indicators were also assessed using Spearman’s rank-order correlation.

These analytical choices ensured that the statistical procedures aligned with the prop-
erties of the data, thereby enhancing the validity and interpretability of the results.

In examining gender differences, we analyzed whether the objective, test-based fi-
nancial knowledge levels of men and women differed significantly. Since the normalized
objective knowledge variable did not follow a normal distribution, and the “gender” vari-
able is dichotomous (male-female), the Mann-Whitney U test was applied to compare the
two groups (Table 4).

Table 4. Mann-Whitney Test Results for Gender Differences in Objective Financial Knowledge+.

Gender N Mean Rank Sum of Ranks

Normalized Female 577 523.25 301,917.00

self-assessed Male 528 585.51 309,148.00

knowledge Total 1105

Test Statistics Normalized self-assessed
knowledge

Mann-Whitney U 135,164.000

Wilcoxon W 301,917.000

Z —3.915

Asymp. Sig. (2-tailed) 0.000

Source: own compilation based on SPSS output.

Based on the comparison of ranks, the average rank for male respondents was 588.58,
while the average rank for female respondents was 535.64. This initially suggested that
men generally had higher normalized objective knowledge scores than women. The
statistical test confirmed this difference: the Mann-Whitney U value was 141,993.500, with
an associated Z-value of —2.816 and an asymptotic significance level of p = 0.005. Since
the p-value is lower than the commonly accepted threshold of 0.05, the difference can be
considered statistically significant.

Thus, a significant difference was observed between male and female respondents in
terms of objective, test-based financial knowledge, favoring men. This indicates that, in
this sample, male respondents demonstrated slightly higher levels of financial knowledge
than female respondents.

Gender differences were examined not only in objective but also in subjective, self-
reported financial knowledge. Since the normalized self-assessment variable did not follow
a normal distribution, the Mann-Whitney U test was again applied to compare the groups
across gender as a dichotomous variable (Table 4).
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The results showed that the average rank of male respondents was 585.51, while that
of female respondents was 523.25, suggesting that men, on average, assessed themselves
as having higher financial knowledge. This difference proved to be both statistically
significant and directional. The test yielded U = 135,164.000, Z = —3.915, with an associated
significance level of p < 0.001. This indicates that men rated their financial knowledge
significantly more confidently than women. The significance of this difference was even
higher than in the case of objective knowledge, meaning that self-assessment differences
between genders are more pronounced than actual knowledge differences.

Overall, the analysis confirms that men not only perform better on financial knowledge
tests but also assess their own knowledge with considerably greater confidence compared
to women. This dual difference is a crucial consideration in identifying target groups for
financial education, particularly when considering the relationship between confidence
and actual knowledge.

We also examined whether there is a statistically verifiable difference between
men and women in terms of the discrepancy between subjective and objective finan-
cial knowledge—that is, the knowledge gap (Table 5). This variable difference reflects how
accurately respondents assessed their own financial knowledge: negative values indicate
underestimation, while positive values indicate overestimation. Given the dichotomous
nature of the gender variable and the lack of normality, the Mann-Whitney U test was used
for the comparison.

Table 5. Mann-Whitney Test Results for Gender Differences in Subjective Financial Knowledge.

Gender N Mean Rank Sum of Ranks
Knowledge Female 577 548.12 316,263.00
discrepancy Male 528 558.34 294,802.00
Total 1105
Test Statistics Knowledge discrepancy
Mann-Whitney U 149,510.000
Wilcoxon W 316,263.000
V4 —0.542
Asymp. Sig. (2-tailed) 0.588

Source: own compilation based on SPSS output.

The results showed that the average rank of men (558.34) was slightly higher than that
of women (548.12), suggesting that men’s self-assessments were, on average, somewhat
more optimistic relative to their actual knowledge. However, this difference was not
statistically significant (U = 149,510; Z = —0.542; p = 0.588), meaning it cannot be reliably
concluded that gender influences the accuracy of self-assessment.

Although gender differences were observed in both objective and self-reported knowl-
edge levels, the difference between the two—that is, the degree of self-assessment bias—did
not differ significantly between men and women. This indicates that both genders are
similarly likely to evaluate their own financial knowledge realistically (or with bias).

Using Spearman’s rank correlation, we examined how the three key knowledge
variables—normalized self-reported financial knowledge, normalized actual (objective)
financial knowledge, and the difference between them (hereafter: knowledge gap)—relate
to demographic characteristics (income category, age, and educational attainment) as well
as to each other (Table 6).
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Table 6. Pearson correlation matrix of demographic factors and knowledge measures.
Normalized Norm.
Knowledge Self- Objective Income Band  Age Educational
Discrepancy  Assessed Knowledge 8 Level
Knowledge Score
Koowled Correlation 1000 0.553 —0.556 —0.009 —0.052 0.037
& OWETEE  §ig (2-tailed) 0.000 0.000 0.777 0.083 0.221
iscrepancy
N 1105 1105 1105 1105 1103 1067
Normalized Correlation 0.553 1.000 0.320 0.130 —0.195 0.360
self-assessed Sig. (2-tailed)  0.000 0.000 0.000 0.000 0.000
knowledge 1105 1105 1105 1105 1103 1067
N(?rm:alized Correlation —0.556 0.320 1.000 0.150 —0.108 0.297
objective Sig. (2-tailed)  0.000 0.000 0.000 0.000 0.000
knowledge
score N 1105 1105 1121 1121 1119 1083
Correlation —0.009 0.130 0.150 1.000 —0.163 0.186
Income band  Sig. (2-tailed) 0.777 0.000 0.000 0.000 0.000
N 1105 1105 1121 1121 1119 1083
Correlation —0.052 —0.195 —0.108 —0.163 1.000 —-0.171
Age Sig. (2-tailed)  0.083 0.000 0.000 0.000 0.000
N 1103 1103 1119 1119 1119 1081
) Correlation 0.037 0.360 0.297 0.186 —-0.171 1.000
Fec‘lf‘élcahonal Sig. (2-tailed)  0.221 0.000 0.000 0.000 0.000
N 1067 1067 1083 1083 1081 1083

Source: own compilation based on SPSS output.

Table 6 presents interpretation of correlation coefficients, indicating the strength and
direction of the relationships based on predefined value rangesNormalized self-reported
financial knowledge showed a positive, significant correlation with income (r = 0.130;
p < 0.001) and, more specifically, with educational attainment (r = 0.360; p < 0.001), while it
was negatively correlated with age (r = —0.195; p < 0.001). This indicates that individuals
with higher income and education levels tend to assess their financial knowledge more
confidently. In contrast, older respondents are more likely to rate their competencies
lower in this domain. Normalized objective financial knowledge also correlated positively
with income (r = 0.150; p < 0.001) and education (r = 0.297; p < 0.001) but showed a
weak yet significant negative association with age (r = —0.108; p < 0.001). These results
confirm the general assumption that individuals with higher educational attainment and
better financial standing possess greater objective financial knowledge, while older cohorts
perform somewhat less strongly.

The knowledge gap—defined as the difference between actual and self-reported
knowledge—did not show a significant relationship with income category (r = —0.009;
p = 0.777), age (r = —0.052; p = 0.083), or education level (r = 0.037; p = 0.221). This
suggests that these socio-economic variables do not substantially influence the accuracy
of individuals’ self-assessment of financial knowledge. In other words, the discrepancy
between respondents” objective and subjective knowledge levels cannot be explained by
these basic demographic factors.

The relationships among the three knowledge indicators are also noteworthy. The
knowledge gap—that is, the difference between self-assessed and measured knowledge—was
strongly and positively correlated with self-reported knowledge (r = 0.553; p < 0.001)
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and showed a correlation of similar strength but in the negative direction with actual
knowledge (r = —0.556; p < 0.001). This suggests that respondents who rated themselves
highly were more likely to overestimate their knowledge, while those who performed well
on the test questions often assessed their abilities more modestly. The results indicate that
while both actual and self-reported knowledge depend on certain demographic factors
(primarily education and income), the discrepancy between the two—the accuracy of
self-assessment—is not directly associated with age, income, or education. This underscores
the importance of recognizing that self-assessment often reflects psychological rather than
demographic biases.

4.2. Correlations Between Financial Knowledge and Specific Aspects of FinTech

Based on the questionnaire, we constructed three composite variables designed to
explore the underlying factors of financial knowledge and self-assessment. These are
as follows:

e  Frequency of general digital activity
e  Financial security
e  Frequency of managing finances digitally

4.3. Composite Variable 1—Frequency of General Digital Activity

The first composite variable examined is General Digital Activity Frequency. These
variable measures the frequency of respondents’ everyday digital activities. It was con-
structed from items QD6_1-QD6_7, which referred to the most common digital tools and
services used. The questions addressed activities such as internet searching, emailing,
social media use, reading online news, watching videos, downloading mobile applications,
or managing documents online. Respondents evaluated the frequency of these activities on
a four-point scale, where 1 = never, 2 = rarely, 3 = often, and 4 = very often.

Based on the sum of the seven items, a total activity score was calculated, ranging
from 7 to 28. For comparability and proportional scaling, the raw scores were transformed
to fall between 0 and 1 using min—-max normalization, according to the following formula:

Normalized value = (Total score — 7)/(28 — 7)

This variable therefore reflects the intensity of general digital tool use, regardless of
whether the activity was financial or non-financial in nature. It is important to note that
the scale contained no reverse-coded items, meaning that all questions measured digital
activity in the same direction, ensuring straightforward interpretation of the results.

The items of the General Digital Activity Frequency composite variable were
the following:

QD6_1—Internet searching
QD6_2—Sending/receiving e-mails

QD6_3—Social media use

QD6_4—Reading online news

QD6_5—Watching videos (e.g., YouTube)
QD6_6—Downloading and using mobile applications

QD6_7—Downloading/uploading online documents

The internal consistency of the scale was tested using Cronbach’s alpha, which resulted
in a value of 0.901. Since this value is well above the commonly accepted threshold of
0.7 in the literature, the reliability of the scale can be considered excellent. The seven items
are closely related and consistently measure the frequency of digital activity.

The descriptive statistics generated by SPSS (N = 976) show that the normalized values
range between 0 and 1. The mean is 0.559, indicating a moderately high level of digital
activity. The standard deviation is 0.299, suggesting a moderate degree of variability among
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respondents. Skewness is —0.369, showing a slight left skew, which means that higher
activity levels were somewhat more frequently reported. Kurtosis is —1.059, indicating a
flatter distribution than the normal curve, i.e., responses were more dispersed rather than
concentrated around the mean.

4.4. Composite Variable 2—Financial Security

To construct the financial situation scale, we included six items from the questionnaire
(Table 7). Three of the statements were originally formulated in such a way that higher
scores indicated a worse financial situation. These items (“I tend to worry about paying my
normal living expenses”—QS2_1, “I am concerned that my money won’t last”—QS3_7, and
“I am just getting by financially”—QS3_8) were reverse coded using the formula 6—value
to ensure that higher scores consistently reflect a better financial situation. The other three
items (“I am satisfied with my present financial situation”—QS1_4, “I have money left
over at the end of the month”—QS2_4, and “I pay my bills on time”—QS2_5) were already
coded in this direction and therefore did not require recoding (Table 7). Items included in
the financial situation scale

Table 7. Suggested statements to measure financial security.

Variable  Statement Original Direction Transformation

I tend to worry about paying Higher = worse Reverse coded

Q521 my normal living expenses situation (6 — value)
QS3_7 I am concerned that my Higher = worse Reverse coded
- money won't last situation (6 — value)
QS3.8 I am just getting by Higher = worse Reverse coded
- financially situation (6 — value)
QS1 4 ITam satlgﬁed ‘.Nlth. my nghgr = better Not required

present financial situation situation
I'have money left over at the = Higher = better .
Q524 end of the month situation Not required
. . Higher = better .
Q525 I pay my bills on time situation Not required

Source: own compilation based on SPSS output.

The six variables were averaged to create a composite index, which was then nor-
malized between 0 and 1, where 0 represents the worst and 1 the best possible financial
situation. The descriptive statistics of the normalized scale [18] showed a mean of 0.422, a
standard deviation of 0.701, a minimum of 0.00, and a maximum of 1.00.

The reliability of the scale was assessed with Cronbach’s alpha, which was 0.692.
This value is close to the commonly accepted threshold of 0.70 in psychometric research,
suggesting that the items moderately covary and thus measure the same underlying
construct, subjective financial situation, with acceptable internal consistency. However,
the scale is not perfect: for example, the item “I pay my bills on time” showed weaker
item-total correlation, which helps explain why the alpha did not reach higher levels.

4.5. Composite Variable 3—Frequency of Managing Finances Digitally

The second composite variable examined is Digital Financial Activity Frequency.
These variable measures the frequency of respondents” engagement in digital financial
activities. It was constructed from nine questionnaire items (QP9_1-QP9_10, excluding
QP9_2), each of which referred to a specific financial activity conducted through digital
channels. The questions covered activities such as using mobile banking services, paying
utility bills online, accessing digital government services (e.g., Client Gateway), conducting
online shopping, making mobile payments via platforms such as Google Pay or Apple Pay,
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using budgeting or personal finance applications, utilizing investment apps, submitting
tax declarations digitally, and setting up automatic payment orders.

Respondents evaluated the frequency of these activities on a four-point Likert
scale, where:

1 = never
2 =rarely
3 = often

4 = very often

Based on the sum of the nine items, a total activity score was calculated, ranging from
9 to 36. For comparability and proportional scaling, the raw scores were normalized to fall
between 0 and 1 using min-max normalization, according to the following formula:

Normalized value = (Total score — 9)/(36 — 9)

This variable proportionally reflects the intensity with which respondents utilize
digital tools for financial purposes, covering both transactional and administrative activities
in the digital financial ecosystem. It is important to note that the scale contained no reverse-
coded items, meaning that all questions measured digital financial activity in the same
direction, ensuring straightforward interpretation of the results.

The internal consistency of the scale was tested using Cronbach’s alpha, which resulted
in a value of 0.997. This exceptionally high value indicates outstanding reliability, showing
that the items are strongly related and measure digital financial activity frequency in a
highly consistent manner.

The descriptive statistics generated by SPSS (N = 976) show that the normalized
values ranged between 0 and 1. The mean was 0.559, indicating a moderately high level of
digital financial activity. The standard deviation was 0.299, suggesting a moderate level of
variability among respondents. Skewness was —0.369, showing a slight left skew, which
indicates that higher activity levels were somewhat more frequently reported. Kurtosis
was —1.059, reflecting a flatter distribution compared to the normal curve, meaning that
the responses were more dispersed rather than concentrated around the mean.

It should also be noted that no reverse coding was required, as all items were measured
in the same direction. This ensured that higher values consistently indicated a higher level
of digital financial activity.

4.6. Results Related to the Composite Variables

In this study, three composite indices were created to facilitate interpretation and
clustering: General Digital Activity (GDA), Digital Financial Activity (DFA), and Perceived
Financial Security (PFS). Each index aggregates several variables that conceptually belong
together, and they are treated as reflective scales with reliability testing.

The GDA index consists of four general digital activity items such as online shopping
frequency, digital communication use, and general smartphone usage. All items are
standardized and average. The Cronbach’s alpha for the index was 0.82, indicating good
internal consistency.

The DFA index captures the use of digital financial services, including mobile banking,
online investment, and digital savings platforms. This index is based on five Likert-scale
items, and the Cronbach’s alpha was 0.87.

The PFS index reflects respondents” subjective sense of financial security, measured on
a five-item scale. An exploratory factor analysis (EFA) confirmed a two-factor structure,
and Cronbach’s alpha for the total scale was 0.81, indicating solid internal consistency.
Factor loadings and interpretation are presented in the Section 4 Results Section.

All three indices were used as input variables in cluster analysis and
correlation testing.
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Based on the results of the Spearman rank correlation analysis, the following section
summarizes the relationships between the composite variables (frequency of digital activ-
ities, perceived financial security) and knowledge dimensions (self-assessed and actual
knowledge). The interrelationships among the three knowledge variables themselves are
not discussed; only their associations with external factors are examined (Table 8). The
frequency of digital financial activities (Financial Digital Activity Frequency) shows a
significant but weak positive correlation with both self-assessed knowledge (p = 0.203;
p < 0.001) and actual knowledge (p = 0.157; p < 0.001). This suggests that individuals
who more frequently engage in digital financial operations—such as online shopping,
mobile payments, or QR code payments—tend to both perceive themselves as more knowl-
edgeable and perform better on objective knowledge measures. However, no meaningful
correlation is observed with knowledge discrepancy (i.e., the gap between self-assessed
and actual knowledge) (p = —0.005; p = 0.887), indicating that digital financial activity does
not substantially distort self-assessment relative to actual knowledge.

Perceived financial security does not exhibit a significant correlation with any of
the knowledge variables: neither with self-assessed knowledge (p = 0.059; p = 0.053),
nor with actual knowledge (p = 0.045; p = 0.136), nor with knowledge discrepancy
(p = 0.020; p = 0.516). This implies that respondents’ subjective sense of financial se-
curity is not directly dependent on their financial literacy level or on the accuracy of
their self-assessment. The frequency of general digital activities (General Digital Activity
Frequency) also demonstrates a significant, albeit weak-to-moderate, positive correlation
with both actual knowledge (p = 0.279; p < 0.001) and self-assessed knowledge (p = 0.343;
p < 0.001). More frequent general use of digital tools—such as emailing, social media
usage, or downloading documents—appears to be associated with higher levels of financial
knowledge, particularly at the level of self-perception. However, this variable likewise
shows no significant correlation with knowledge discrepancy (p = 0.040; p = 0.191). In
conclusion, both digital financial activity and general digital activity are strongly associated
with the two forms of knowledge, but neither significantly influences knowledge distortion
(i.e., the gap between self-assessed and actual knowledge), nor do they determine perceived
financial security.

The heatmap provides a visual representation of the correlation matrix, highlighting
both the strength and direction of the relationships between the variables. The darker
blue cells indicate stronger positive correlations, while red shades denote negative associa-
tions. The most notable positive correlations appear between digital activity measures and
self-assessed financial knowledge, suggesting that individuals who are more digitally active
tend to rate their own financial knowledge higher. Similarly, the moderate positive link
between objective and self-assessed knowledge indicates that self-evaluation reflects actual
performance only to a limited degree.

The strongest negative correlation is observed between Knowledge Discrepancy and
Objective Knowledge, which is theoretically consistent: individuals with lower objective
performance tend to overestimate their abilities, resulting in a larger discrepancy score.
Correlations involving Perceived Financial Security remain weak, implying that digital
activity or financial knowledge does not directly translate into a stronger subjective feeling
of financial stability.

Overall, the heatmap effectively highlights the structure of the relationships across
the variables, illustrating that financial knowledge and digital behaviours are connected
but represent partly distinct dimensions. This scale allows for intuitive interpretation:
darker colors highlight stronger relationships, while pale shades indicate weaker or
negligible associations.
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Table 8. Knowledge Indicators and Composite Variables.
Normalized Normalized Financial Perceived General
. Knowledge Self- Objective Digital . . Digital
Variable . 7 . Financial 7 .
Discrepancy Assessed Knowledge Activity Securit Activity
Knowledge Score Frequency y Frequency
Knowledge 1.000 0.553 —0.556 —0.005 0.020 0.040
Discrepancy
Sig. (2-tailed) — 0.000 0.000 0.887 0.516 0.191
N 1105 1105 1105 855 1083 1079
Normalized
Self-Assessed 0.553 1.000 0.320 0.203 0.059 0.343
Knowledge
Sig. (2-tailed) 0.000 — 0.000 0.000 0.053 0.000
N 1105 1105 1105 855 1083 1079
Normalized
Objective —0.556 0.320 1.000 0.157 0.045 0.279
Knowledge
Sig. (2-tailed) 0.000 0.000 — 0.000 0.136 0.000
N 1105 1105 1121 863 1099 1095
Financial
Digital —0.005 0.203 0.157 1.000 —0.004 0.369
Activity Freq.
Sig. (2-tailed) 0.887 0.000 0.000 — 0.910 0.000
N 855 855 863 863 854 852
Perceived
Financial 0.020 0.059 0.045 —0.004 1.000 0.030
Security
Sig. (2-tailed) 0.516 0.053 0.136 0.910 — 0.327
N 1083 1083 1099 854 1099 1076
General
Digital 0.040 0.343 ** 0.279 ** 0.369 ** 0.030 1.000
Activity Freq.
Sig. (2-tailed) 0.191 0.000 0.000 0.000 0.327 —
N 1079 1079 1095 852 1076 1095

Source: own compilation based on SPSS output. Strongly significant, ** p > 0.01.

Financial Knowledge-Based Cluster Analysis.

In the first step of the clustering procedure, clusters were formed based on the
financial knowledge indicators. The input variables consisted of three min-max
normalized measures:

1.  Normalized self-reported financial knowledge
2. Normalized objective financial knowledge score
3. The difference between the two (knowledge discrepancy)

The cluster analysis yielded four clearly distinguishable groups, which were labeled
according to their characteristics. The following table summarizes the leading indicators of
the clusters (Table 9).
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Table 9. Clusters Based on Financial Knowledge.

Normalized  Normalized Knowledge

Cluster Self-Reported Objective Discrep- Cluster Cquter
No. Label Size
Knowledge Knowledge ancy
1 0.00 1.00 ~1.00 Modest 108
Experts
2 0.00 0.25 —0.25 Learners in 93
Progress
3 0.75 0.375 0.375 Optimistic 486
Learners
4 0.75 1.00 025 Confident 412
Masters

Source: own compilation based on SPSS output.

4.7. Cluster 1: Modest Experts

This group is characterized by the lowest level of self-assessed financial knowledge
(0.00), while achieving the highest objective knowledge score (1.00). The knowledge
discrepancy of —1.00 indicates that they substantially underestimate their actual abilities.
The cluster comprises 108 respondents, of whom 67.6% are women and 32.4% men. The
majority are middle-aged or older, typically holding higher educational qualifications, and
they tend to belong to medium or higher income categories. Although they are likely to
manage their finances responsibly, they exhibit low self-confidence in financial matters.

4.8. Cluster 2: Learners in Progress

Members of this cluster display both low self-assessed (0.00) and low objective (0.25)
levels of financial knowledge. With a knowledge discrepancy of —0.25, they slightly
underestimate their own capabilities. The cluster comprises 93 respondents, predominantly
women (70.2%), who generally belong to younger age groups and possess lower levels of
formal education. Their income levels are also comparatively lower, which makes them a
potential target group for financial education programs.

4.9. Cluster 3: Optimistic Learners

Respondents in this cluster report relatively high self-assessed knowledge (0.75) while
scoring at a moderate level in objective knowledge (0.375). The positive discrepancy (0.375)
suggests a slight tendency to overestimate their own knowledge. With 486 members, this is
the largest cluster. The gender distribution is more balanced (57.6% women, 42.4% men),
and the group consists of individuals from mixed age ranges, typically with medium
educational attainment and average income levels.

4.10. Cluster 4: Confident Masters

This cluster is defined by high levels of both self-assessed (0.75) and objective knowl-
edge (1.00). The knowledge discrepancy is minimal and negative (—0.25), indicating a
realistic self-assessment of financial capabilities. The group comprises 412 respondents,
with a nearly balanced gender ratio (54.4% women, 45.6% men). Members generally pos-
sess higher levels of education and more stable financial backgrounds, which equip them
well for informed financial decision-making. They also tend to be digitally active, reflecting
a strong readiness to engage with modern financial tools.

4.11. Cluster Analysis Based on Digital Competencies and Financial Security

In the second clustering procedure, respondents were grouped according to their
digital and financial habits. The input variables for the clustering were as follows:
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e  General Digital Activity Frequency—overall frequency of general digital tool usage
e  Financial Digital Activity Frequency—frequency of conducting financial matters digitally
e  Perceived Financial Security—subjective sense of financial security

The characteristics of the five clusters are summarized in Table 10.

Table 10. Clusters of Competence and Financial Security.

Cluster General Financial Financial Size
No Digital Digital Securit Cluster Label (N)
) Activity Activity y

1 0.14 0.17 0.55 Digital Abstainers 184

2 0.76 0.18 0.29 Online Adventurers 154

3 0.63 0.72 0.36 Committed Seekers 182

4 0.85 0.81 0.70 Digital Champions 317

5 0.40 0.58 0.80 Conservative 133

Security-Seekers

Source: own compilation based on SPSS output.

4.12. Cluster 1: Digital Abstainers

This cluster is characterized by the lowest levels of both general and financial digital
activity. Although their perceived financial security is relatively high (0.55), their digital
practices remain minimal. The group comprises 184 respondents, the majority of whom
are women (71%) and typically older. Educational attainment is generally low to medium,
while income levels tend to be stable. Overall, they rarely engage with digital tools, and
their sense of financial security reduces any perceived pressure to adopt digital services.

4.13. Cluster 2: Online Adventurers

Members of this cluster display a high degree of digital presence, primarily for en-
tertainment purposes. Their financial digital activity and perceived financial security are
both low. The cluster consists of 154 respondents, predominantly younger individuals,
with women accounting for 61%. Most hold a medium level of education and report lower
income levels. They are highly active online but not in financial domains, likely because
they do not yet bear significant financial responsibilities.

4.14. Cluster 3: Committed Seekers

Respondents in this cluster are active both digitally and financially, yet they report a
low level of perceived financial security. The cluster comprises 182 individuals, of whom
65% are women, primarily aged between 30 and 50. Educational backgrounds vary, and
income levels exhibit considerable dispersion. They represent a potential target group for
support initiatives, as they are financially conscious and digitally engaged, but remain
economically vulnerable.

4.15. Cluster 4: Digital Champions

This cluster demonstrates consistently high scores across all dimensions, combin-
ing digital and financial competence with a strong sense of financial security. It is the
largest group, with 317 respondents, of whom 56% are women. Members are typically
of working age, hold higher educational qualifications, and earn above-average incomes.
They represent a well-prepared, digitally confident segment capable of managing their
finances effectively.
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4.16. Cluster 5: Conservative Security-Seekers

Members of this cluster exhibit moderate levels of both general and financial dig-
ital activity, yet they report a high sense of financial security. The group consists of
133 respondents, 68% of whom are women, typically middle-aged or older in age. They
generally enjoy stable incomes and possess medium to higher levels of education. Al-
though they do not primarily rely on digital solutions, they benefit from financial stability
and security.

4.17. Cluster Control

We assessed the validity of the clustering solutions using several approaches. The first
clustering was based on knowledge variables, while the second relied on attitudinal items.
In both cases, the k-means procedure was run with different numbers of clusters, and the
within-cluster sum of squares was plotted. According to the elbow method, the chosen
number of clusters proved to be appropriate in both solutions. We also examined cluster
sizes, and in neither case did a cluster fall below ten percent of the total sample, which
indicates that both solutions can be considered stable. As a robust check, we repeated
the analysis using Ward’s hierarchical method, which, based on the dendrogram, also
supported the selected number of clusters, and the allocation of cases largely overlapped
with the k-means results.

Differences between clusters were examined using Mann-Whitney U tests, and effect
sizes were also calculated. For this purpose, we used the Z value provided by SPSS and
computed the effect size with the formula r = Z//N. This allowed us to present not only
statistical significance but also the strength of the differences. For the linear regression
analyses, the 95% confidence intervals for the regression coefficients were directly obtained
from the SPSS output by selecting the option in the Options menu. This enabled us to
evaluate the impact of explanatory variables not only in terms of significance but also in
terms of estimation uncertainty.

4.18. Visualization of Digital Activity and Financial Security Composite Variables [19]

To illustrate the relationships between general digital engagement, financial
well-being, and digital financial behavior, a radar chart was created based on three normal-
ized composite variables derived from the 2022 dataset:

(1) General Digital Activity Frequency (mean = 0.559),
(2) Financial Security (mean = 0.422), and
(8) Frequency of Managing Finances Digitally (mean = 0.559).

Each variable was normalized to a 0-1 scale to ensure comparability and proportional
visualization. The figure provides a concise overview of how the intensity of digital activity
and digital financial management relate to the perceived level of financial security among
Hungarian respondents.

The radar chart reveals a clear contrast between digital activity and perceived financial
well-being. Both General Digital Activity Frequency and Frequency of Managing Finances
Digitally share the same mean value (0.559), indicating that in 2022, Hungarian respondents
displayed a moderately high level of engagement with digital technologies in both everyday
and financial contexts (Figure 1).

By comparison, the Financial Security index has a considerably lower mean (0.422),
suggesting that active digital participation does not necessarily coincide with a stronger
sense of economic stability. This asymmetry underscores the gap between technological
adaptation and subjective financial well-being.
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Digital Activity and Financial Security - Hungary, 2022

Financial Sece

General Digital Activity Frequency

Frequency of Managing Firances Digitally

Figure 1. Radar Chart of the Composite Variables [19]. Source: Author’s own compilation based on
SPSS output and the 2022 survey data. The visualization was prepared with technical assistance from
OpenAlI ChatGPT 5.0 [20].

Once the 2026 survey results become available, a follow-up radar chart will allow
for longitudinal comparison. Should any questionnaire items change, relative positioning
will be interpreted within the technological context of the given year, thereby maintaining
methodological consistency over time.

5. Discussion

The findings of this study are consistent with international literature, which highlights
that the relationship between financial literacy and the use of FinTech tools is a complex
and multi-layered phenomenon shaped by several mediating factors, such as digital skills,
trust, and sociodemographic characteristics [30,31].

Evidence from numerous countries indicates that higher levels of financial literacy are
strongly correlated with a greater adoption of FinTech. In the United States and Canada,
for example, individuals with more substantial financial knowledge are more likely to
use digital wallets, mobile banking services, and robo-advisor systems [32]. Similarly, a
large-scale study spanning 50 countries across Latin America, Africa, and Asia found that
financial literacy and FinTech adoption directly contribute to improved financial inclusion
and broader social development [31].

In Asia, particularly in Japan, digital financial literacy plays a crucial role among the
aging population, as it helps reduce technological resistance and build trust in digital finan-
cial services [33]. In India and other South Asian countries, Hasan et al. [34] demonstrated
that, in rural populations, financial literacy is the strongest predictor of FinTech usage, even
more so than access itself.

In Africa, one of the main drivers of FinTech development is the parallel rise of financial
and digital literacy. According to Sam-Abugu’s [35] study in Nigeria, the use of FinTech
tools alone does not guarantee financial well-being if it is not accompanied by sufficient
financial knowledge and awareness. Unlike findings from the U.S. context [32], Hungarian
respondents showed little difference in assessment accuracy across gender. While our
results indicate that male respondents generally achieve higher financial literacy scores, this
difference should not be interpreted solely as a reflection of cognitive or knowledge-based
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disparities. Socialization processes, cultural norms, and gender stereotypes are likely to
play a significant role in shaping these outcomes.

Prior research suggests that men are more often encouraged to develop financial au-
tonomy and risk-taking behavior, whereas women are typically socialized toward security-
oriented and cautious financial attitudes [2]. Furthermore, gender stereotypes may con-
tribute to systematic differences between actual knowledge and self-assessed competence.
Women often tend to underestimate their financial knowledge even when their objective
literacy levels are comparable to those of men. This divergence between knowledge and
confidence may help explain part of the observed gender gap in both financial literacy and
digital financial behavior in the FinTech environment.

Similar results were reported by Zaimovic et al. [36] in Bosnia, showing that dig-
ital financial literacy plays a full mediating role between professional experience and
FinTech adoption.

In Brazil, the expansion of digital payment systems, such as PIX has been driven by
easy accessibility and targeted financial education programs [10]. In the United States,
Aristei and Gallo [37] found that individuals with higher levels of objective financial
knowledge are less inclined to rely exclusively on fully automated advisory services,
instead preferring hybrid solutions that combine human advice with technological support.

Based on these results, it is evident that for Hungary, the adaptation of international
experiences can be beneficial on several levels:

e Integrated education—developing financial and digital literacy in parallel through
practice-oriented programs.

e  Targeted support—reaching rural and disadvantaged communities with tailored train-
ing initiatives.

e  Building trust—strengthening knowledge of cybersecurity and data protection to
encourage the adoption of FinTech solutions.

6. Conclusions

This study aimed to analyze the population’s level of financial knowledge and self-
assessment, with particular attention to the relationships and discrepancies between the
two. Our study extends the insights of OECD’s international financial literacy surveys by
providing a context-specific, multidimensional analysis on a nationally representative Hun-
garian sample. While OECD reports primarily offer descriptive cross-country comparisons,
this research explores cross-relationships between objective, test-based financial compe-
tence (including calculation ability) and self-assessed financial confidence, examining how
demographic characteristics and digital behavioral patterns moderate their alignment. By
integrating three composite indicators, general digital activity, frequency of digital financial
engagement, and perceived financial security, the analysis links financial literacy to digital
practices and subjective well-being, offering a more nuanced understanding of financial
inclusion in the digital age. This approach delivers policy-relevant, country-specific insights
that can support targeted financial education, enhance digital competence, and promote
more inclusive FinTech adoption.

Participants’” Accordingly, the knowledge scale is best conceptualized as a formative
index, integrating diverse elements of the broader construct of financial literacy. both
objectively (through a test-based assessment) and subjectively (through self-report). The
results revealed that, although a detectable relationship exists between the two measures,
the overlap is far from complete; in many cases, individuals assess their own competence
differently from their actual performance. This research highlights that while digital
financial activity correlates with literacy, it does not distort self-perception-pointing to a
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rational engagement pattern in Hungary. Possible explanations for this include distrust
toward financial topics, social expectations, or differences in self-confidence.

Gender comparisons showed that male respondents generally achieved higher scores
on the objective test questions and rated their own knowledge more highly than women.
However, this dual advantage was not associated with a greater degree of self-assessment
bias, as both men and women were equally likely to over- or underestimate their own
knowledge. This suggests that the accuracy of self-perception is not determined by gender,
but rather by other, likely psychological factors. Educational platforms might integrate
personalized confidence calibration modules to reduce knowledge overestimation.

The effects of demographic variables were primarily observable in both objective and
self-assessed knowledge levels. Higher educational attainment and better financial status
were associated with stronger financial knowledge and higher self-assessment. By contrast,
older respondents tended to achieve lower test scores and evaluated their own abilities
more modestly. Nevertheless, the discrepancy between actual and perceived knowledge
could not be explained by these basic demographic factors, implying that the accuracy of
self-assessment is not necessarily a function of social status or age.

The study also highlighted that digital tool usage, both for general and financial
purposes was positively related to financial knowledge. Individuals who frequently engage
in digital financial activities, such as using mobile banking or conducting transactions
online, tend to be more knowledgeable in financial matters and display greater confidence
in their self-assessment. At the same time, the extent of digital activity alone does not
distort self-assessment, meaning that it does not lead to a systematic misjudgment of one’s
knowledge level.

Perceived financial security, however, showed no substantial association with either
actual knowledge or self-assessment. This suggests that the sense of material stability does
not necessarily rely on objective financial knowledge, nor does it influence individuals’
self-perceptions in this domain.

Cluster analysis, based on the identified knowledge measures, revealed four distinct
knowledge profiles. One group consists of individuals with excellent financial knowledge
who nonetheless underestimate their own competence. Another group shows both low
objective knowledge and low self-assessment, making them a particularly justified target
for financial education. In addition, some slightly overestimate themselves, as well as a
group that combines genuinely high knowledge levels with strong self-confidence. The
latter can be considered the best prepared for making sound financial decisions.

Clustering based on digital habits and financial security provides further nuances.
Some respondents rarely use digital tools, yet they feel financially secure, most likely
due to their age or wealth. Others primarily use digital technology for entertainment
purposes, while a third group actively exploit digital opportunities but still feel financially
insecure. The most favorable position is held by those who are confident, knowledgeable,
and technologically adept across all dimensions.

The findings suggest that improving financial knowledge cannot be limited to the trans-
fer of information alone. Equally important is to address the accuracy of self-assessment,
to strengthen digital competencies, and to design educational approaches tailored to the
needs of specific target groups. Through the complex interplay of distorted self-assessment,
gender differences, and digital tool usage, the development of financial awareness emerges
as a multifaceted yet significant societal challenge. Future research should build on the
present findings by exploring more deeply the mechanisms underlying the observed
“knowledge—confidence gap.” Subsequent studies could examine the psychological and
cognitive foundations of self-assessment biases, such as overconfidence or underconfidence,
and their role in shaping digital financial behavior. A finer-grained analysis of these factors
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may help clarify why individuals with similar levels of objective financial literacy display
markedly different behavioral patterns in FinTech contexts.

The results of the research provide practical guidance for policymakers, educational
professionals, and financial service providers in improving financial awareness and digital
inclusion. The study highlights that there is often a discrepancy between objective financial
knowledge and subjective self-assessment, which justifies the development of more targeted
financial education programs.

Integrating the development of digital competencies into financial education can
promote safer and more confident use of FinTech solutions, especially among groups with
lower levels of digital activity.

A practical implication of the research is that future developments should focus on
creating integrated, human-centered digital financial solutions that are accessible to various
demographic groups. This may contribute to the formation of a more inclusive, conscious,
and stable financial ecosystem that supports both digital participation and a sense of
financial security.

Moreover, extending the analysis to include cross-cultural or longitudinal perspectives
could illuminate how socialization processes, cultural norms, and gendered expectations
evolve over time and influence financial decision-making in digital environments. Inte-
grating qualitative approaches—such as interviews or experimental designs—could also
provide richer insight into the subjective dimensions of financial self-perception. Finally,
future research may consider developing targeted interventions or educational programs
aimed at reducing the confidence-knowledge mismatch, particularly among demographic
groups identified as more susceptible to self-assessment distortions. Such investigations
would not only extend the theoretical implications of our study but also offer practical
guidance for improving digital financial inclusion and literacy.
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