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Abstract

Fintech adoption increasingly takes place in digital environments where users must balance
the convenience of financial technologies against persistent risks of fraud, scams, account
misuse, and unauthorized access. This study examines the associations of cybersecurity
literacy, perceived fintech security, and institutional trust with fintech adoption among ur-
ban users in Bangladesh, with particular attention to secure user behaviour and differences
across levels of fintech usage experience. Data from 357 respondents were analysed using
Partial Least Squares Structural Equation Modeling (PLS-SEM), including indirect effects
and multi-group analysis. Cybersecurity literacy, perceived fintech security, and secure user
behaviour have significant positive associations with adoption, although their individual
effect sizes are small. Institutional trust has no significant direct association with adoption.
The indirect association through secure user behaviour is significant for cybersecurity liter-
acy but not for perceived fintech security or institutional trust. Measurement invariance
checks support standardized path comparisons across the three tenure groups, but none of
the nine focal comparisons is significant using two-sided bootstrap MGA at the 5% level.
A four-band sensitivity analysis does not establish robust differences after adjustment for
multiple comparisons. The model accounts for 61.0% of the in-sample variance in adoption;
out-of-sample predictive performance was not assessed. The findings therefore support a
cautious, association-based account of security-related fintech use among existing users,
without establishing causal effects or developmental changes with experience.

Keywords: cybersecurity; fintech adoption; digital risk; secure user behaviour; fintech use
tenure; multi-group analysis; Bangladesh

JEL Classification: G23; G41; O33; D91

1. Introduction
The use of fintech services such as mobile payments and digital wallets has become

increasingly common among urban populations in Bangladesh. However, access to a
mobile connection, ownership of a financial account, and active use of digital financial
services represent different forms of participation and should not be treated as equivalent
indicators of adoption. Hossain et al. [1] highlighted cyber threats and scam-related inci-
dents affecting fintech organizations in Bangladesh. Similarly, Transparency International
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Bangladesh [2] raised concerns regarding customer rights and structural weaknesses within
the mobile financial services industry. As a result, fintech users are not merely considering
the convenience of these technologies; they are also operating in a digital environment in
which fraud, account misuse, and suspicious transaction attempts require attention.

Bangladesh in a Comparative International Context

A comparison with selected Asian and European economies helps clarify the setting
in which the present study was conducted. Table 1 presents population, urbanization,
income, connectivity, and digital payment indicators for Bangladesh, Indonesia, South
Korea, the United Kingdom, France, and Germany. The countries are used as contextual
reference points, rather than as matched comparison samples. Population, urbanization,
and income figures refer to 2024, while the connectivity and digital-payment series use
common reference years selected for comparability [3,4].

Table 1. Bangladesh and selected Asian and European economies.

Indicator Bangladesh Indonesia S. Korea UK France Germany

Population, millions 173.6 283.5 51.8 69.3 68.6 83.5
Urban population, % 32.7 58.8 81.2 83.2 78.8 82.0
GDP per capita, USD 2593 4925 36,239 53,341 46,103 56,104

Internet use, % 53.4 72.8 97.9 95.5 88.7 93.5
Mobile subscriptions per 100 people 1 111.3 125.2 162.1 122.8 116.7 124.7

Digital payments, % of adults 2 45.3 37.2 97.9 99.2 98.4 99.5

Source: Authors’ compilation from World Development Indicators [3] and the Global Findex
Database [4], accessed 6 October 2026. Values are for 2024 except 1 mobile subscriptions (2023,
common available year) and 2 made or received digital payments in the past year (2021, adults
aged 15+). Subscriptions count connections, not unique owners. National definitions of urban areas
may differ.

Bangladesh had a population of approximately 173.6 million in 2024, compared with
283.5 million in Indonesia and 51.8 million in South Korea. Its GDP per capita, approxi-
mately USD 2593, was below Indonesia’s USD 4925 and substantially below the levels in
South Korea and the three European economies. These differences are relevant because
the resources available for devices, connectivity, and financial participation vary across
settings. However, national income does not directly determine an individual user’s cy-
bersecurity knowledge or behaviour. The comparison therefore helps situate the survey
without supplying an explanation for its structural coefficients.

The urban share of Bangladesh’s population was 32.7% in the retrieved World Devel-
opment Indicators series, compared with 58.8% in Indonesia and approximately 79–83%
in the other reference economies. National definitions and revisions affect urbanization
statistics, so these values should be interpreted with their source definitions in mind. More
importantly for the present study, the national figures differ from the composition of a
survey concentrated in Dhaka. Findings from digitally active urban respondents cannot be
extended directly to the much broader national population.

The connectivity indicators also show why access and use should be distinguished.
Internet use in 2024 was reported for 53.4% of Bangladesh’s population, compared with
72.8% in Indonesia, 97.9% in South Korea, and 88.7–95.5% in the European reference
economies. Mobile cellular subscriptions exceeded 100 per 100 people in all six countries
in the common 2023 comparison. This indicator counts subscriptions, rather than unique
phone owners; multiple subscriptions can therefore coexist with unequal individual access.
A high subscription rate does not establish universal smartphone ownership, internet use,
or competence in secure digital transactions.
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Digital financial participation presents a related distinction. The Global Findex mea-
sure of adults who made or received a digital payment in the preceding year was 45.3%
in Bangladesh and 37.2% in Indonesia in 2021, compared with approximately 98–99% in
the other reference economies. The 2021 wave is retained for this particular comparison
because the 2024 financial-use questions were not collected in the high-income reference
economies. Digital payments include several account-based payment channels and should
not be interpreted as a narrowly defined e-banking adoption rate. Taken together, the
comparisons indicate that Bangladesh combines a large potential user base with substantial
differences in connectivity, income, and financial participation. This provides a reason
to examine security-related perceptions among existing urban users while retaining clear
limits on national and international generalization.

Given this growing risk environment, it is important to understand how users interpret
these threats and what protective routines they adopt while continuing to use fintech
applications. Existing technology adoption research typically explains user acceptance
through factors such as usefulness, ease of use, and facilitating conditions [5]. However,
such studies often assume relatively stable and secure usage environments. In Bangladesh,
where users may experience uncertainty arising from growing security concerns, such
conventional adoption factors may not fully explain their continued use of fintech services.
This suggests that fintech adoption is influenced not only by utility considerations but also
by how users perceive and cope with digital risks.

Prior research has highlighted the importance of cybersecurity literacy in supporting
safer digital participation. Cybersecurity literacy encompasses security-related knowledge,
awareness, and confidence in taking protective action [6,7]. Within this context, two addi-
tional dimensions become relevant at the system and institutional levels. Perceived fintech
security refers to users’ evaluations of the reliability and protection offered by fintech appli-
cations, including transaction processing, privacy, and security features [8]. Institutional
trust reflects confidence in providers, regulatory protection, and available mechanisms for
support and dispute resolution [9]. Together, these dimensions provide a basis for examin-
ing how personal capability, perceived platform assurance, and institutional confidence are
associated with continued fintech participation [10–12].

This issue is particularly relevant in Bangladesh because the expansion of digital
financial services occurs alongside uneven access to income, connectivity, and financial
participation. The national comparisons above provide context for this setting, whereas
the present survey focuses on adults who already use fintech services and live primarily in
urban areas. Consequently, the study examines security-related perceptions and reported
practices among existing users; it does not estimate the national prevalence of fintech
adoption or directly measure the technical security of service providers.

Previous research conducted in Bangladesh has considered user perceptions and the
development of fintech services [13]. However, there remains scope to examine cyberse-
curity literacy, perceived security, institutional trust, and secure user behaviour together,
while assessing whether selected associations differ across tenure groups. Therefore, this
study focuses on adult fintech users living primarily in urban areas of Bangladesh and
examines these constructs within a unified research model. The use of a cross-sectional
design means that any group differences concern different respondents observed at one
point in time.

Fintech usage experience may be relevant because respondents with different peri-
ods of use can differ in their familiarity with security features, transaction routines, and
institutional support. However, tenure can also be associated with age, education, service
choice, and other characteristics. It is therefore appropriate to examine tenure-related
heterogeneity without assuming that longer use necessarily produces greater capability
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or stronger security-related associations. In this study, tenure serves as an exploratory
grouping condition whose interpretation depends on measurement comparability and the
stability of the results across the available categories.

The aim of this study is therefore to investigate how cybersecurity literacy, perceived
fintech security, and institutional trust are associated with fintech adoption among urban
users in Bangladesh. In doing so, the study examines direct associations and specific
indirect associations through secure user behaviour. It further examines whether selected
structural coefficients differ across fintech tenure groups after assessing measurement
invariance. By considering these relationships within a single model, the study seeks to
provide a more qualified understanding of security-related fintech participation in the
surveyed population.

The paper is organized into five sections. Following the introduction, Section 2 reviews
relevant literature and develops the theoretical and conceptual framework. Section 3
describes the research methodology and analytical procedures, while Section 4 presents
the measurement and structural results, indirect effects, invariance checks, and tenure
comparisons. Section 5 discusses the findings and their theoretical, managerial, and policy
implications. Appendix A reports the additional invariance and robustness results.

2. Literature Review: Towards a Conceptual Framework
Fintech adoption in this study refers to respondents’ reported engagement with

technology-enabled financial services. Because the sample consists of existing users, the out-
come includes current use and intentions to continue using services. It is therefore distinct
from an initial adoption decision by someone who has never used fintech. Cybersecurity,
in turn, concerns protection against threats to digital systems, information, and transac-
tions; cybersecurity literacy describes a user capability, while perceived security describes
an evaluation of the platform. These distinctions prevent personal knowledge, technical
protection, and perceptions of protection from being treated as the same phenomenon.

A broader economic perspective can help explain why users consider both the benefits
and possible costs of financial participation. Becker’s economic approach provides a
framework for considering choices under constraints [14]. Applied here as conceptual
reasoning, convenience and access may be considered alongside perceived financial loss,
time, and the effort involved in protective action. However, the present survey does not
estimate a formal utility model. Similarly, Smith, Walter, and DeLong’s account of global
banking places financial services within a wider system of intermediation, competition,
and institutional organization [15]. This helps distinguish a provider’s visible interface
from the broader institutions within which financial transactions occur. These perspectives
complement the behavioural model without supplying unmeasured variables or additional
causal claims.

Research on technology adoption has traditionally been dominated by the Technology
Acceptance Model (TAM). This model proposes that perceived usefulness and perceived
ease of use are the primary determinants of users’ behavioural intentions toward technol-
ogy adoption [16]. TAM has been widely applied across various digital service contexts.
Building on TAM, the Unified Theory of Acceptance and Use of Technology (UTAUT)
further incorporates performance expectancy, effort expectancy, social influence, and facili-
tating conditions as determinants of behavioural intention and usage behaviour [17]. Both
theories have been extensively used to explain how consumers adopt digital technologies
in stable and evolving environments. However, these models do not fully explain adoption
behaviour when technology use occurs under conditions of uncertainty, perceived risk, and
institutional vulnerability, particularly in digital finance environments. To address these
limitations, researchers have increasingly incorporated perceived risk and trust-based ex-
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tensions into adoption models [10]. These extensions place greater emphasis on issues such
as data protection, transaction integrity, and institutional credibility, which are particularly
relevant within fintech and digital finance settings.

Another important theoretical lens relevant to this study is Protection Motivation
Theory (PMT). PMT distinguishes threat appraisal, concerning the perceived severity of and
vulnerability to a threat, from coping appraisal, concerning the perceived effectiveness and
feasibility of a protective response [18]. Cybersecurity literacy is relevant to users’ perceived
ability to recognize and respond to digital threats, while secure user behaviour concerns
reported protective action. However, the present instrument does not separately measure
perceived threat severity, vulnerability, response efficacy, and response cost. Perceived
fintech security and institutional trust also cannot be treated as direct substitutes for these
PMT dimensions. Consequently, this study uses PMT to inform its behavioural reasoning,
rather than presenting the model as a complete test or extension of PMT.

The Diffusion of Innovations framework provides a complementary perspective on
how individuals interpret the attributes of a technology, including its relative advantage,
compatibility, and observability [19]. Within fintech services, visible authentication and
transaction-confirmation features may contribute to users’ evaluations of the platform.
However, duration of use is distinct from an adopter category in diffusion theory. The
tenure groups used here are therefore survey-based categories for comparing respondents,
rather than theoretically established stages through which all users progress.

Recent FinTech research also indicates that explanatory structural coefficients and pre-
dictive patterns address different questions. Bhuiyan et al. examine retention intention us-
ing explainable machine learning and identify potentially nonlinear and interaction-based
patterns within their fitted models [20]. Such results motivate caution when interpreting
a small linear coefficient, but they do not establish corresponding nonlinear effects in the
present sample. The current PLS-SEM analysis concerns the specified linear associations;
no out-of-sample or nonlinear analysis is claimed.

2.1. Cybersecurity Literacy and Fintech Adoption

Cybersecurity literacy refers to an individual’s capability to remain protected in digital
environments. It generally encompasses security-related knowledge, awareness, and
confidence in acting safely online [6]. Knowledge involves understanding how cyberattacks
occur and recognizing the precautions necessary to prevent them [21]. Awareness refers
to the ability to identify suspicious activities in real time [7]. Confidence, or self-efficacy,
relates to an individual’s belief in their own ability to protect themselves online.

Cybersecurity literacy may be associated with fintech participation because respon-
dents who understand common security risks can be better placed to evaluate digital
transactions and select protective practices. Research on digital literacy, security behaviour,
and e-payment intention provides a basis for examining these related dimensions [22],
while research in a developing-country context highlights the relevance of cybersecurity
and risky behaviour [23]. However, knowledge and reported behaviour remain conceptu-
ally distinct. The present model therefore examines both the direct association between
literacy and adoption and the indirect association through secure user behaviour, without
assuming that knowledge necessarily leads to protective action.

H1a. Cybersecurity literacy is positively associated with fintech adoption.

2.2. Perceived Fintech Security and Fintech Adoption

Perceived fintech security refers to consumers’ perceptions regarding the safety of
financial applications and digital transactions. Research on digital finance risk suggests that
consumers who perceive fintech services as secure tend to experience greater confidence
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and lower levels of perceived risk [10]. In threat-intensive environments, perceptions of
security become particularly important because they shape users’ evaluations of whether
fintech systems can adequately protect them and whether continued usage is worth the
associated risks. Previous studies on fintech and trust have demonstrated that when
consumers perceive fintech services to be secure, they are more likely to trust and engage
with financial applications, banking platforms, and mobile payment systems [12,24–26].
These findings suggest that stronger perceptions of security encourage greater adoption
and continued use of fintech services.

At the same time, perceived security should be distinguished from independently
verified technical protection. Respondents can evaluate reliability, privacy, and visible
safeguards without being able to assess the underlying security architecture. Therefore,
the construct concerns users’ perceptions of platform assurance. Whether this associa-
tion differs across periods of use remains an empirical question, rather than an assumed
consequence of experience.

H1b. Perceived fintech security is positively associated with fintech adoption.

2.3. Institutional Trust and Fintech Adoption

Institutional trust reflects consumers’ confidence in service providers, regulatory au-
thorities, and institutional mechanisms operating within the digital financial ecosystem.
Trust can reduce perceptions of risk and vulnerability, thereby increasing users’ willingness
to rely on online systems and engage in potentially risky digital transactions. Recent studies
indicate that consumers evaluate regulatory protection, platform legitimacy, and institu-
tional responsiveness when making fintech adoption decisions [12]. Furthermore, several
studies have found positive relationships between institutional trust and the adoption and
continued use of digital payment services [27,28].

Trust can also be understood at different levels. Fukuyama’s account concerns the
broader social foundations of cooperation and economic organization [29]. The present
construct has a narrower scope: it concerns confidence in fintech providers, regulatory
protection, and support when problems arise. It should therefore not be interpreted as a
direct measure of societal trust or the actual effectiveness of regulation. This distinction is
relevant because the absence of a conditional association in one statistical model would not
establish that institutions or social trust are unimportant.

In the present model, institutional trust is examined alongside perceived fintech
security and cybersecurity literacy. These constructs can share variance, so the direct path
to adoption represents the association remaining after the other modelled predictors have
been considered. This provides a more specific test than the general proposition that trust
matters for economic participation.

H1c. Institutional trust is positively associated with fintech adoption.

2.4. Secure User Behaviour and Mediation Logic

Secure user behaviour refers to the protective practices respondents report using
during digital financial activities. In this study, these practices include using a strong and
non-reused PIN or password, enabling two-factor authentication, avoiding unfamiliar
payment links, and avoiding public Wi-Fi for money transfers. Prior work distinguishes
security intentions from reported behaviour and examines the motivations underlying
cybersecurity practices [30,31]. The present survey measures reported practices, rather than
directly observing protective actions or subsequent fraud outcomes.

Secure user behaviour may therefore provide an indirect statistical connection between
security-related perceptions and fintech participation. Cybersecurity literacy can be associ-
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ated with respondents’ ability to recognize risks, while perceived platform protection and
institutional confidence can be associated with their willingness to undertake protective
practices. However, the order of these processes cannot be established from responses
collected at one time. Accordingly, the mediation analysis is interpreted as an assessment
of specific indirect associations within the proposed model.

H2. Secure user behaviour is positively associated with fintech adoption.

H3a. Cybersecurity literacy has a positive indirect association with fintech adoption through secure
user behaviour.

H3b. Perceived fintech security has a positive indirect association with fintech adoption through
secure user behaviour.

H3c. Institutional trust has a positive indirect association with fintech adoption through secure
user behaviour.

2.5. Fintech Use Tenure and Exploratory Group Comparisons

Fintech use tenure refers to the period for which respondents report having used
fintech services. It is not treated as a latent construct measured through multiple indicators.
Instead, it provides a grouping condition for examining whether the same model yields
different coefficients among respondents with different periods of use. Such differences
could be consistent with variation in familiarity, but they could also reflect selection into
longer use or other differences between respondents. Consequently, tenure comparisons
cannot by themselves establish learning or within-person development.

The survey recorded four tenure bands, which allow the sensitivity of a broader three-
group specification to be assessed. The analysis focuses on three relationships identified in
the original framework: cybersecurity literacy with secure user behaviour, perceived fintech
security with adoption, and institutional trust with adoption. To simplify the theoretical
presentation, these comparisons are consolidated into one exploratory research question,
while the direct and indirect propositions are organized into three hypothesis families.

RQ1. Do the CL → SUB, PFS → FA, and IT → FA associations differ across fintech use
tenure groups?

2.6. The Conceptual Framework

Building on the preceding literature, this study develops a conceptual framework
(Figure 1) that integrates user capability, perceived platform assurance, institutional con-
fidence, and reported protective behaviour. Fintech adoption (FA) is the outcome, while
cybersecurity literacy (CL), perceived fintech security (PFS), and institutional trust (IT)
are antecedent constructs. Secure user behaviour (SUB) is included as an intermediate
construct. The same seven-path structural model is estimated for the full sample and for the
tenure groups; tenure is examined through group comparisons rather than an additional
latent-variable path.
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Figure 1. Conceptual framework and exploratory tenure comparisons. Source: Authors’ concep-
tualization. Arrows show the specified associations; tenure comparisons address RQ1 and do not
establish causal change.

3. Research Methodology
This study adopts a quantitative, cross-sectional design to examine the relationships

among cybersecurity literacy, perceived fintech security, institutional trust, secure user
behaviour, and fintech adoption. All five constructs were specified with first-order reflective
indicators on a seven-point Likert scale. The target population comprised adult fintech users
aged 18 years or older residing primarily in urban areas such as Dhaka and Chattogram.
Respondents were required to have used at least one fintech service, such as bKash, Nagad,
or another mobile financial service, within the previous three months. Table 2 summarizes
the data and analytical procedures.

Table 2. Summary of the study data and analytical procedures.

Element Specification

Design and recruitment Cross-sectional online convenience survey; existing adult
fintech users

Analytical sample 357 complete observations; 26 indicators; no missing
indicator or tenure values

Sample concentration Dhaka 77.3%; age 18–27 76.2%; students 68.1%

Measurement Seven-point Likert scales; reflective CL (6), PFS (6), IT (4),
SUB (4), FA (6)

Primary tenure groups <1 year: 125; 1–3 years: 102; >3 years: 130

Four-band check <6 months: 69; 6–12 months: 56; 1–3 years: 102;
>3 years: 130

Structural specification CL, PFS, IT → SUB; CL, PFS, IT, SUB → FA

Original inference SmartPLS 4; 5000 bootstrap resamples; two-sided 5% tests

Additional checks
MICOM and two-sided permutation contrasts,

5000 permutations per pair; Holm adjustment for
18 our-band tests

Interpretive scope Associations within the achieved sample; no causal or
out-of-sample predictive claim

Source: Authors’ questionnaire, analytical dataset, and archived SmartPLS 4 outputs. Additional
checks were performed for this revision using the same 357 responses.
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Due to the absence of a publicly available sampling frame for fintech users in
Bangladesh, the study employed non-probability convenience sampling. Participants
self-recruited through online distribution channels, including social media platforms and
urban digital communities. The final analytical sample comprised 357 responses, with
complete values for all 26 measurement indicators and the tenure variable. The sample was
concentrated among younger, digitally active respondents and should not be considered
representative of all fintech users in Bangladesh. Because selection probabilities are un-
known, a probability-sampling margin of error cannot be assigned to this convenience sam-
ple. The achieved sample is therefore reported without a claim of 5% population precision.

The primary instrument was a self-administered questionnaire covering security
knowledge and practices, platform perceptions, institutional confidence, and fintech partic-
ipation. Cybersecurity literacy was measured using six indicators (CL1–CL6), perceived fin-
tech security using six (PFS1–PFS6), institutional trust using four (IT1–IT4), secure user be-
haviour using four (SUB1–SUB4), and fintech adoption using six (FA1–FA6). The adoption
items include intended future use, self-reported recent use, and continuance preferences.
Therefore, FA represents a broad measure of engagement among existing users, rather than
the initial decision of a non-user to adopt. The combined treatment of these dimensions is
retained from the submitted model and acknowledged as a measurement limitation.

The original analysis was conducted using SmartPLS 4 [32], with standardized indi-
cators, reflective Mode A estimation, and the path weighting scheme. The measurement
model was assessed using outer loadings, internal consistency reliability, convergent va-
lidity, and discriminant validity. Structural assessment covered collinearity, R2, f2, direct
coefficients, and specific indirect effects. Bootstrap inference used 5000 resamples and
two-sided tests at the 5% level. The revision additionally uses a reproducible Python
(version 3.12) implementation of the same PLS algorithm for permutation checks. Its full-
sample and three-group path estimates reproduce the archived SmartPLS coefficients to
their reported three-decimal precision. The supplementary procedure uses initial weights
of one, a 10−7 convergence tolerance, and a maximum of 3000 iterations.

The original questionnaire recorded less than six months (n = 69), six to twelve months
(n = 56), one to three years (n = 102), and more than three years (n = 130). The primary
specification combines the two first-year bands into G1 (<1 year, n = 125), retains G2
(1–3 years, n = 102), and retains G3 (>3 years, n = 130). This grouping follows the available
response categories and provides more balanced group sizes; the cut-offs are not claimed
to identify validated developmental stages. Exact continuous tenure was not collected.
Consequently, the sensitivity analysis retains all four original bands, avoiding assumptions
about exact durations or a midpoint for the open-ended final category.

The structural model consists of two equations for the endogenous constructs. The first
represents associations with secure user behaviour, while the second represents associations
with fintech adoption. The path notation expresses the proposed statistical model and does
not establish temporal or causal ordering from the cross-sectional data.

Equation (1): Determinants of Secure User Behaviour

SUB = β1 CL + β2 IT + β3 PFS + ζ1 (1)

Equation (2): Determinants of Fintech Adoption

FA = β4 CL + β5 IT + β6 PFS + β7 SUB + ζ2 (2)

where:
SUB = Secure User Behaviour
FA = Fintech Adoption
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CL = Cybersecurity Literacy
IT = Institutional Trust
PFS = Perceived Fintech Security
β1–β7 = Path coefficients estimated through the PLS algorithm
ζ1 and ζ2 = Structural error terms or residuals
Specific indirect associations were calculated as products of the relevant path coeffi-

cients. Their significance was assessed using the bootstrap results, while recognizing that
the cross-sectional design does not identify a causal mediation process.

Mediation Path of CL
βindirect = β1 × β7

Mediation Path of IT
βindirect = β2 × β7

Mediation Path of PFS
βindirect = β3 × β7

Before interpreting group comparisons, measurement invariance was assessed using
MICOM [33]. Configural comparability follows from identical indicators, coding, data
treatment, reflective specification, and estimation settings across groups. For each group
pair, 5000 fixed-size label permutations were used to compare the observed correlation be-
tween pooled-data composites formed with group-specific weights against its 5th-percentile
reference value. Pooled-fit scores were then used to examine mean differences and log
variance ratios against 95% permutation intervals. Partial invariance permits standardized
path comparisons; equal means and variances are additionally required for full invariance.
All nine focal three-group contrasts are reported using the archived two-sided bootstrap
MGA results and supplementary two-sided permutation tests. The four-band check cov-
ers all six pairs for each of the three focal paths; Holm adjustment controls the family
of 18 exploratory tests [34]. Random seeds and computational details are provided in
Appendix A.

4. Results
This section presents the descriptive statistics and respondent profile, followed by

the measurement and structural results. Indirect associations are then examined, before
measurement invariance and complete tenure comparisons are reported. The additional
checks distinguish exploratory group patterns from supported differences.

4.1. Descriptive Statistics

As shown in Table 3, the mean scores for the individual indicators range from 5.00
to 6.16. For example, the cybersecurity literacy indicators range from 5.00 for CL5 to 6.16
for CL2, while the fintech adoption indicators reach 5.90 for FA2. These values indicate
relatively high self-reported agreement on the seven-point scales, with standard deviations
of approximately 1.54–2.09. They describe indicator responses rather than objective levels
of cybersecurity capability or population-wide adoption.

Table 3. Descriptive statistics of indicators.

Indicator Mean SD Min Max

CL1 5.501 1.994 1.000 7.000
CL2 6.160 1.733 1.000 7.000
CL3 5.810 1.758 1.000 7.000
CL4 5.594 1.755 1.000 7.000
CL5 5.000 2.085 1.000 7.000
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Table 3. Cont.

Indicator Mean SD Min Max

CL6 5.179 2.014 1.000 7.000
FA1 5.804 1.623 1.000 7.000
FA2 5.902 1.670 1.000 7.000
FA3 5.297 1.998 1.000 7.000
FA4 5.462 1.955 1.000 7.000
FA5 5.280 1.827 1.000 7.000
FA6 5.454 1.697 1.000 7.000
IT1 5.529 1.610 1.000 7.000
IT2 5.289 1.766 1.000 7.000
IT3 5.303 1.788 1.000 7.000
IT4 5.132 1.849 1.000 7.000

PFS1 5.462 1.674 1.000 7.000
PFS2 5.796 1.650 1.000 7.000
PFS3 5.462 1.716 1.000 7.000
PFS4 5.541 1.627 1.000 7.000
PFS5 5.599 1.780 1.000 7.000
PFS6 5.902 1.544 1.000 7.000
SUB1 5.641 1.776 1.000 7.000
SUB2 5.375 1.904 1.000 7.000
SUB3 5.849 1.793 1.000 7.000
SUB4 5.216 2.043 1.000 7.000

Source: Authors’ survey data (N = 357).

4.2. Demographic Profile

The demographic characteristics of the respondents (N = 357, Tables 4 and 5) show
that the sample is concentrated in Dhaka and among younger users. Dhaka accounts for
77.3% of respondents, 76.2% are aged 18–27, and 68.1% are students. This concentration is
consistent with online convenience recruitment, but it also limits coverage of older users,
rural populations, and less digitally connected groups. The findings should therefore be
interpreted in relation to the achieved sample.

Table 4. Demographic profile of respondents.

Demographic Variable Category Frequency Percentage (%)

City of Residence Dhaka 276 77.3
City of Residence Other 43 12.0
City of Residence Chattogram 20 5.6
City of Residence Khulna 16 4.5
City of Residence Sylhet 2 0.6

Age 18–27 272 76.2
Age 28–37 59 16.5
Age 38–47 22 6.2
Age 48–57 4 1.1

Gender Male 239 66.9
Gender Female 117 32.8
Gender Prefer not to say 1 0.3

Highest Education Bachelor’s 149 41.7
Highest Education HSC 137 38.4
Highest Education Master’s 63 17.6
Highest Education Diploma 6 1.7
Highest Education Other 2 0.6
Employment Status Student 243 68.1
Employment Status Employed 88 24.6
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Table 4. Cont.

Demographic Variable Category Frequency Percentage (%)

Employment Status Student, Employed 12 3.4
Employment Status Self-employed 3 0.8

Employment Status Employed,
Self-employed 3 0.8

Employment Status Other 3 0.8

Employment Status Others
(Mixed/Unemployed) 5 1.4

Monthly Household Income <25,000 BDT 110 30.8
Monthly Household Income 25,000–49,999 BDT 106 29.7
Monthly Household Income 50,000–99,999 BDT 101 28.3
Monthly Household Income 100,000–199,999 BDT 24 6.7
Monthly Household Income ≥200,000 BDT 16 4.5

Source: Authors’ survey data (N = 357).

Table 5. Fintech use tenure and MGA grouping.

Fintech Use Tenure Category Frequency Percentage (%)

<6 months 69 19.3
6–12 months 56 15.7

1–3 years 102 28.6
>3 years 130 36.4

Group 1: New users (<1 year) 125 35.0
Group 2: Moderate users (1–3 years) 102 28.6

Group 3: Experienced users (>3 years) 130 36.4
Source: Authors’ survey data (N = 357).

4.3. Measurement Model Analysis

The measurement model (Figure 2) was assessed to establish the reliability and validity
of all constructs before examining the structural relationships. The evaluation included
indicator reliability, internal consistency reliability, convergent validity, and discriminant va-
lidity. As all constructs were modelled as first-order reflective constructs, the measurement
model was evaluated using outer loadings, Cronbach’s alpha, rho_A, composite reliability
(CR), average variance extracted (AVE), and the heterotrait–monotrait ratio (HTMT).

 

Figure 2. Measurement Model Analysis with Outer Loadings and Path Coefficients. Source: Authors’
SmartPLS 4 analysis of the 357 survey responses. Numbers on paths are standardized coefficients;
numbers within endogenous constructs are R2.
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4.4. Indicator Reliability

Outer loadings were used as the primary criterion for assessing the reliability of the
reflective indicators. According to Hair et al. [35], outer loadings should exceed 0.708 to
ensure that a construct explains more than 50% of the variance in its indicators. However,
indicators with loadings between 0.40 and 0.708 may still be retained if their removal does
not substantially improve the average variance extracted (AVE).

The results show (Table 6) that the outer loadings range from 0.673 (SUB4) to 0.889
(IT2), with the majority of indicators exceeding the recommended threshold of 0.708.
Two indicators, CL5 and SUB4, fall slightly below this threshold. Nevertheless, they
were retained because they remain theoretically meaningful and the overall AVE values
for their respective constructs exceed the accepted threshold. Furthermore, all indicator
loadings were statistically significant at p < 0.001, supporting the indicator reliability of the
measurement model.

Table 6. Summary of outer loadings for reflective constructs.

Indicator Relationship Loading t-Statistic p-Value

CL1 <- CL 0.782 23.195 <0.001
CL2 <- CL 0.819 28.079 <0.001
CL3 <- CL 0.853 42.080 <0.001
CL4 <- CL 0.786 24.399 <0.001
CL5 <- CL 0.681 20.715 <0.001
CL6 <- CL 0.742 26.644 <0.001
FA1 <- FA 0.860 48.319 <0.001
FA2 <- FA 0.877 53.787 <0.001
FA3 <- FA 0.795 29.171 <0.001
FA4 <- FA 0.812 29.584 <0.001
FA5 <- FA 0.813 31.175 <0.001
FA6 <- FA 0.763 19.251 <0.001
IT1 <- IT 0.880 58.902 <0.001
IT2 <- IT 0.889 46.218 <0.001
IT3 <- IT 0.874 45.392 <0.001
IT4 <- IT 0.878 48.984 <0.001

PFS1 <- PFS 0.811 34.693 <0.001
PFS2 <- PFS 0.847 33.140 <0.001
PFS3 <- PFS 0.811 28.027 <0.001
PFS4 <- PFS 0.855 35.729 <0.001
PFS5 <- PFS 0.784 25.399 <0.001
PFS6 <- PFS 0.849 34.983 <0.001
SUB1 <- SUB 0.854 41.346 <0.001
SUB2 <- SUB 0.837 39.697 <0.001
SUB3 <- SUB 0.838 33.749 <0.001
SUB4 <- SUB 0.673 16.449 <0.001

Source: Authors’ SmartPLS 4 analysis of the survey data (N = 357).

4.5. Internal Consistency Reliability and Convergent Validity

Internal consistency reliability (Table 7) assesses the extent to which items measuring
the same construct produce consistent scores. According to Hair et al. [35], values between
0.70 and 0.95 are generally considered satisfactory for Cronbach’s alpha, rho_A, and com-
posite reliability. As presented in Table 7, all constructs demonstrate satisfactory internal
consistency reliability. Cronbach’s alpha values range from 0.815 for secure user behaviour
(SUB) to 0.907 for perceived fintech security (PFS), while composite reliability values range
from 0.879 to 0.932. The average variance extracted (AVE) values range from 0.607 to 0.775,
confirming convergent validity, as all values exceed the recommended threshold of 0.50.
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Table 7. Reliability and convergent validity.

Construct Cronbach’s Alpha rho_A Composite Reliability AVE

CL 0.869 0.871 0.902 0.607
FA 0.903 0.915 0.925 0.674
IT 0.903 0.906 0.932 0.775

PFS 0.907 0.910 0.928 0.684
SUB 0.815 0.830 0.879 0.647

Source: Authors’ SmartPLS 4 analysis of the survey data (N = 357).

4.6. Discriminant Validity

Discriminant validity assesses whether each construct is empirically distinct from the
other constructs included in the model. In this study, discriminant validity was evaluated
using both the Fornell–Larcker criterion and HTMT. According to the Fornell–Larcker
criterion, the square root of the average variance extracted (AVE) for each construct should
exceed its correlations with other constructs in the model. The correlation matrix presented
in Table 8 indicates that this requirement was satisfied for all constructs.

In addition, HTMT was examined (Table 9) as a more robust assessment of discriminant
validity, following the recommendations of Henseler et al. [36]. All HTMT values remained
below the recommended threshold of 0.90. Although the value between perceived fintech
security (PFS) and institutional trust (IT) approached the upper boundary, this remains
within the accepted threshold and is reasonable in a risk-sensitive fintech context, where
perceptions of platform security and trust in institutional structures may conceptually
overlap to some extent.

Table 8. Fornell–Larcker matrix.

Construct CL FA IT PFS SUB

CL 0.779 0.706 0.623 0.759 0.746
FA 0.706 0.821 0.608 0.729 0.688
IT 0.623 0.608 0.880 0.809 0.652

PFS 0.759 0.729 0.809 0.827 0.705
SUB 0.746 0.688 0.652 0.705 0.804

Source: Authors’ SmartPLS 4 analysis of the survey data (N = 357).

Table 9. HTMT ratios.

Relationship HTMT

FA <-> CL 0.786
IT <-> CL 0.697
IT <-> FA 0.658

PFS <-> CL 0.848
PFS <-> FA 0.785
PFS <-> IT 0.889

SUB <-> CL 0.881
SUB <-> FA 0.787
SUB <-> IT 0.751

SUB <-> PFS 0.807
Source: Authors’ SmartPLS 4 analysis of the survey data (N = 357).

4.7. Collinearity Diagnostics

The inner-model VIF values (Table 10) range from 2.362 to 4.253. Although none
exceeds five, the values around four for perceived fintech security indicate appreciable
overlap with the other predictors. In particular, the correlation between perceived security
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and institutional trust is 0.809. Therefore, the direct coefficients are interpreted as condi-
tional associations, and the near-zero trust coefficient should not be taken to establish the
absence of a broader relationship between trust and fintech use.

Table 10. Collinearity diagnostics (Inner VIF).

Path VIF

CL -> FA 2.998
CL -> SUB 2.362

IT -> FA 3.032
IT -> SUB 2.901
PFS -> FA 4.253

PFS -> SUB 4.194
SUB -> FA 2.623

Source: Authors’ SmartPLS 4 analysis of the survey data (N = 357).

4.8. Structural Model Analysis

The coefficients of determination summarize the proportion of variance accounted
for within the estimation sample (Table 11). Fintech adoption has R2 = 0.610 and ad-
justed R2 = 0.606, while secure user behaviour has R2 = 0.619 and adjusted R2 = 0.616.
These values concern in-sample explanatory performance. They do not establish causal
explanation or performance for new respondents, because no holdout assessment, cross-
validation, or PLSpredict analysis was conducted. Figure 3 presents the structural model
with bootstrapped p-values.

Table 11. R-square values.

Endogenous Construct R-Square Adjusted R-Square

FA 0.610 0.606
SUB 0.619 0.616

Source: Authors’ SmartPLS 4 analysis of the survey data (N = 357).

Figure 3. Structural Model Analysis with Bootstrapped p-values. Source: Authors’ SmartPLS 4
bootstrap analysis using 5000 resamples. Values displayed as 0.000 denote p < 0.001, rather than an
exact zero.
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The f2 statistics assess the incremental in-sample contribution of each predictor after
the others are included (Table 12). Using the conventional reference values of 0.02, 0.15,
and 0.35 [37], CL → SUB has a medium effect size (0.269). The contributions to FA from
CL (0.048), PFS (0.088), and SUB (0.061) are small, as is IT → SUB (0.045). PFS → SUB
(0.014) is below the small-effect reference value, while IT → FA is approximately zero. Thus,
statistical significance for several paths coexists with modest incremental effect sizes.

Table 12. f-square effect sizes.

Path f-Square Rating

CL -> FA 0.048 Small
CL -> SUB 0.269 Medium

IT -> FA 0.000 None
IT -> SUB 0.045 Small
PFS -> FA 0.088 Small

PFS -> SUB 0.014 None
SUB -> FA 0.061 Small

Source: Authors’ SmartPLS 4 analysis of the survey data (N = 357).

4.9. Hypothesis Testing

Table 13 reports the original bootstrap estimates. Cybersecurity literacy (β = 0.236,
p = 0.003), perceived fintech security (β = 0.383, p < 0.001), and secure user behaviour
(β = 0.250, p < 0.001) have positive conditional associations with fintech adoption, support-
ing H1a, H1b, and H2. Institutional trust has a small negative estimate with substantial
uncertainty (β = −0.011, p = 0.870), so H1c is not supported. These significance decisions
should be considered alongside the small f2 values for the supported adoption paths.

Table 13. Path coefficients and hypothesis testing.

Hypothesis Structural Path Coefficient t-Statistic p-Value Result

H1a CL -> FA 0.236 3.004 0.003 Supported
Context CL -> SUB 0.493 7.098 <0.001 Context path

H1c IT -> FA −0.011 0.164 0.870 Not Supported
Context IT -> SUB 0.224 2.590 0.010 Context path

H1b PFS -> FA 0.383 4.310 <0.001 Supported
Context PFS -> SUB 0.150 1.727 0.084 Context path

H2 SUB -> FA 0.250 3.561 <0.001 Supported

Source: Authors’ SmartPLS 4 analysis of the survey data (N = 357).

For secure user behaviour, the CL coefficient is positive and significant (β = 0.493,
p < 0.001), as is the IT coefficient (β = 0.224, p = 0.010). The PFS coefficient is positive but
does not reach the 5% threshold (β = 0.150, p = 0.084). These coefficients form the first part
of the proposed indirect associations.

4.10. Mediation Effects Assessment

The specific indirect associations are reported in Table 14. The CL → SUB → FA
estimate is 0.123 (p = 0.001), supporting H3a. The PFS → SUB → FA estimate is 0.037
(p = 0.117), and the IT → SUB → FA estimate is 0.056 (p = 0.063); H3b and H3c are therefore
not supported at the 5% level. These results concern products of coefficients in the cross-
sectional model.
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Table 14. Specific indirect effects.

Hypothesis Indirect Path Coefficient t-Statistic p-Value Result

H3a CL -> SUB -> FA 0.123 3.196 0.001 Supported
H3c IT -> SUB -> FA 0.056 1.862 0.063 Not Supported
H3b PFS -> SUB -> FA 0.037 1.566 0.117 Not Supported

Source: Authors’ SmartPLS 4 analysis of the survey data (N = 357).

The significant literacy pathway is consistent with an association connecting reported
capability, protective practices, and fintech participation. However, the data do not establish
that literacy precedes secure behaviour or that secure behaviour subsequently causes
adoption. The non-significant indirect estimates also do not establish that the corresponding
mechanisms are absent in other settings or samples.

Measurement Invariance and Tenure Comparisons

Configural comparability was established through a common instrument and iden-
tical model and data treatment. All 15 construct-by-pair comparisons satisfy composi-
tional invariance: observed correlations range from 0.998006 to 0.999904 and exceed their
permutation-based 5th-percentile values (Table A1). All variance-equality checks pass,
but six mean-equality checks do not (Table A2). These concern FA for G1–G2; CL, PFS,
SUB, and FA for G1–G3; and CL for G2–G3. Consequently, partial measurement invariance
supports standardized path comparisons, while full invariance is not established across
the three groups. The full-sample estimates are retained as aggregate associations in this
convenience sample, rather than as evidence of an identical model distribution in each
tenure group.

Table 15 reports all three pairwise contrasts for each focal path. The original one-tailed
PLS-MGA probabilities are retained for transparency, together with the two-sided values in
the archived exports. For CL → SUB, the G1–G3 difference is −0.331, with one-tailed prob-
ability 0.969 but two-sided p = 0.062. For PFS → FA, the G1–G2 difference is −0.423, with
one-tailed probability 0.974 but two-sided p = 0.053. The original hypotheses stated that re-
lationships differed without specifying the direction of each pairwise contrast. The revised
interpretation therefore uses two-sided tests; none of the nine focal contrasts is significant
at 0.05. The supplementary permutation tests lead to the same significance decisions.

Table 15. Complete comparisons of the three focal paths across tenure groups.

Path Pair β A β B ∆ A − B p1 p2 p Perm.

CL → SUB G1–G2 0.262 0.594 −0.332 0.944 0.112 0.129
CL → SUB G1–G3 0.262 0.594 −0.331 0.969 0.062 0.060
CL → SUB G2–G3 0.594 0.594 0.000 0.498 0.997 0.998
PFS → FA G1–G2 0.177 0.601 −0.423 0.974 0.053 0.077
PFS → FA G1–G3 0.177 0.429 −0.252 0.872 0.255 0.238
PFS → FA G2–G3 0.601 0.429 0.171 0.223 0.446 0.467
IT → FA G1–G2 0.133 0.000 0.133 0.250 0.499 0.495
IT → FA G1–G3 0.133 −0.115 0.249 0.075 0.149 0.125
IT → FA G2–G3 0.000 −0.115 0.116 0.278 0.557 0.529

Source: Authors’ archived SmartPLS bootstrap MGA results and supplementary permutation reanal-
ysis. G1 < 1 year; G2 1–3 years; G3 > 3 years. p1 is the original one-tailed PLS-MGA probability; p2 is
the exported two-sided value. Decisions use p2 < 0.05; no contrast meets this threshold. Permutation
tests are also two-sided. Differences use unrounded coefficients.

The four-band analysis further qualifies the apparent tenure patterns (Table A3). The
CL → SUB coefficients are 0.315, 0.074, 0.594, and 0.594 for the <6-month, 6–12-month, 1–3-
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year, and >3-year groups, respectively. The corresponding PFS → FA coefficients are 0.075,
0.596, 0.601, and 0.429. These point estimates do not form a simple increasing sequence.
Two contrasts have unadjusted permutation p-values below 0.05, but neither survives
Holm adjustment across the 18 focal comparisons. All four-band compositional checks pass
(Table A4), although the smaller groups reduce precision. The sensitivity analysis therefore
does not establish a stable tenure moderation pattern.

RQ1 remains exploratory. The results do not provide sufficient two-sided evidence of
differences across the primary tenure groups, and they do not establish equivalence of the
structural coefficients. The original classifications of the two selected tenure comparisons
as simply supported have therefore been withdrawn. Table 16 summarizes the revised
hypothesis families and the exploratory research question.

Table 16. Summary of hypotheses.

Hypothesis/Question Relationship Result

H1a CL → FA Supported; small f2

H1b PFS → FA Supported; small f2

H1c IT → FA Not supported
H2 SUB → FA Supported; small f2

H3a CL → SUB → FA Supported indirect association
H3b PFS → SUB → FA Not supported
H3c IT → SUB → FA Not supported

RQ1 Three focal tenure
comparisons

No significant two-sided primary
contrasts; exploratory

Source: Authors’ analysis. Supported refers to statistical support for the specified association at the
5% level, not a causal effect. H1a–c correspond to former H1–H3; H2 to former H4; H3a–c to former
H5–H7; RQ1 consolidates former H8–H10.

5. Discussion and Conclusions
This study examined security-related fintech participation among 357 respondents

living primarily in urban Bangladesh. The findings identify positive conditional asso-
ciations of cybersecurity literacy, perceived fintech security, and secure user behaviour
with fintech adoption. The indirect association through secure user behaviour is also sup-
ported for cybersecurity literacy. At the same time, the individual adoption effect sizes are
small, the direct institutional trust coefficient is not significant, and the complete two-sided
tenure comparisons do not establish moderation. These qualifications are central to the
interpretation of the study.

Cybersecurity literacy has both a direct association with adoption and an indirect
association through reported protective behaviour. This suggests that users’ knowledge,
awareness, and confidence are relevant to how they report participating in fintech services.
The medium f2 value for the literacy–behaviour path provides more substantial incremental
explanatory evidence than the small direct literacy–adoption contribution. However, the
findings do not establish that a literacy intervention would produce a corresponding
increase in adoption.

Secure user behaviour is positively associated with adoption after the other predictors
are considered. Respondents who report stronger protective practices also tend to report
greater fintech participation. This is consistent with the proposed behavioural reasoning,
but both constructs were reported by the same respondents at the same time. Therefore, the
association could also reflect shared response tendencies, reverse ordering, or characteristics
not included in the model.

The significant CL → SUB → FA product identifies one supported indirect association
within the model. It does not demonstrate that protective practices are the process through
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which knowledge causes later use. In particular, continued use could itself be associated
with greater familiarity with security practices. The distinction matters because the present
study describes a pattern that a future longitudinal or intervention study would need to
examine more directly.

Perceived fintech security has the largest estimated direct coefficient among the in-
cluded adoption predictors, while its incremental f2 value remains small. This combination
indicates that platform assurance is relevant within the fitted model without implying
an overwhelming or independently causal role. Providers may therefore find it useful to
communicate the purpose of visible security features clearly, although the present survey
cannot assess whether those features are technically effective or whether communication
changes behaviour.

The indirect PFS → SUB → FA association is not statistically supported. Accordingly,
the results do not establish that favourable perceptions of platform security are associated
with adoption through respondents’ own protective practices. They also do not demonstrate
that users transfer responsibility for security to providers, because responsibility attribution
was not measured. Perceived platform assurance and reported protective behaviour should
therefore remain distinct dimensions in interpreting the findings.

Institutional trust has no significant direct association with adoption after cybersecurity
literacy, perceived security, and secure behaviour are included. This result concerns the
conditional coefficient in the specified model. It does not establish that trust is unimportant,
that regulation is ineffective, or that respondents have experienced institutional failure.
The overlap between trust and perceived security provides an additional reason to avoid
broad conclusions from this single coefficient.

Institutional trust is positively associated with secure user behaviour, but its specific
indirect association with adoption does not reach the 5% threshold. Consequently, the
evidence for the trust pathway is mixed. A more detailed study could separate confidence
in providers, confidence in regulators, and confidence in complaint handling, rather than
treating these related evaluations as one construct.

The tenure analysis illustrates the importance of interpreting point estimates together
with measurement checks and uncertainty. Although some coefficients appear different
across groups, none of the nine primary comparisons is significant under two-sided boot-
strap MGA. Measurement comparability supports making the comparisons, but it does not
by itself establish that the structural coefficients differ.

The finer tenure categories also show why the broader labels require caution. The two
first-year groups have different point estimates, and the four-band pattern is not a simple
sequence from less to more experienced users. These differences remain exploratory after
accounting for the number of comparisons. The results therefore do not justify assigning
distinct security strategies to the three tenure categories as an empirically established
consequence of this study.

The model accounts for a meaningful proportion of variance within the achieved
sample, while several individual contributions are modest. These statements concern
different aspects of the results and should not be treated as interchangeable. The study did
not evaluate predictions for unseen respondents, nonlinear relationships, or interactions
beyond the specified group comparisons. Such possibilities remain open even where a
linear conditional coefficient is small or non-significant.

The cross-sectional design also prevents an interpretation of tenure as within-person
development. Respondents with longer use were not observed when they were new users,
and the analysis cannot determine whether differences reflect learning, selection, cohort
composition, or unmeasured characteristics. The findings therefore provide evidence
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about associations among existing users, rather than demonstrating that coping capability
develops through repeated fintech use.

5.1. Theoretical Implications

The theoretical contribution of this study is to bring security-related capability, per-
ceived platform assurance, institutional confidence, and reported protective behaviour into
one account of fintech participation. The supported literacy indirect association is consis-
tent with PMT-informed reasoning about capability and protective action. However, the
instrument does not measure the full appraisal structure of PMT, and the tenure results do
not establish an experiential extension of that theory. The findings also qualify the interpre-
tation of trust by distinguishing a non-significant conditional adoption coefficient from the
broader relevance of institutions. These contributions concern the scope and interpretation
of the observed relationships, rather than the establishment of new causal mechanisms.

5.2. Managerial and Policy Implications

The findings suggest that fintech service providers may benefit from considering user
guidance and platform assurance together. Clear explanations of authentication, suspicious
links, and safe transaction practices are consistent with the security-related dimensions
examined here. However, the small incremental adoption effects do not establish the size
of any benefit from a particular intervention. Providers should evaluate proposed changes
through user testing and behavioural outcomes, while avoiding the assumption that the
present tenure categories identify distinct needs for every user.

From a policy perspective, accessible complaint handling, fraud reporting, and dispute
resolution remain relevant areas for further investigation. The non-significant conditional
trust coefficient should not be used to conclude that formal protection is unnecessary or
ineffective. The study measures respondents’ confidence in these arrangements, rather
than their actual performance. Future evaluations could therefore connect perceptions with
service records and user outcomes to assess which forms of protection are associated with
safer participation.

5.3. Limitations and Future Research

This study has some limitations. First, cross-sectional associations cannot establish
causal direction or within-person change. The indirect estimates should therefore not be
treated as identified causal mediation effects. Second, tenure was recorded in categories,
without exact duration, usage frequency, or a longitudinal record; the four-band check
reveals sensitivity in point estimates and does not resolve potential confounding. Third, the
convenience sample is concentrated in Dhaka, among younger respondents and students,
which limits generalization to rural, older, or less connected users. Fourth, all constructs
rely on self-report, creating possible recall, social desirability, and common-method influ-
ences. Fifth, FA combines recent use, future intention, and continuance preferences among
existing users; future work should separate these outcomes and examine non-users. Sixth,
institutional trust and perceived security overlap empirically, and a more differentiated
instrument could improve their interpretation. Seventh, personal fraud exposure and the
actual performance of institutional protection were not measured. Finally, incomplete
equality of composite means limits claims about a common distribution across tenure
groups, and the analysis provides no out-of-sample predictive assessment. Future re-
search should combine broader sampling with longitudinal, behavioural, and predictive
validation, including careful examination of possible nonlinear and interaction patterns.
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Appendix A. Measurement Invariance and Robustness Results
All additional estimates use the unchanged 357-response dataset and the seven-path

model. The Python Mode A implementation uses standardized indicators and path weight-
ing and reproduces all seven full-sample and all 21 primary group coefficients to the
reported SmartPLS precision. For MICOM Step 2, the group-specific weight vectors are
applied to a common pooled indicator matrix, following the Xw correlation formula-
tion [33] and the cSEM implementation [38]. Step 3 uses standardized pooled-fit composite
scores. Each pair uses 5000 permutations with group sizes fixed. Primary pair seeds are
20261006–20261008; four-band pair seeds are 20261016–20261021, following the pair order
in Tables A3 and A4. Monte Carlo probabilities use the correction (1 + count)/(5001).
No estimates failed to converge. Step 3 results are interpreted against their permutation
reference intervals, rather than by whether those intervals include zero.

Table A1. Compositional invariance for the primary tenure groups.

Pair Construct c 5% Quantile p Step 2

G1–G2 CL 0.999333 0.995179 0.740 Yes
G1–G2 PFS 0.999367 0.998131 0.414 Yes
G1–G2 IT 0.999904 0.999165 0.817 Yes
G1–G2 SUB 0.999234 0.997347 0.448 Yes
G1–G2 FA 0.999725 0.997934 0.815 Yes
G1–G3 CL 0.998547 0.996716 0.319 Yes
G1–G3 PFS 0.999600 0.997564 0.756 Yes
G1–G3 IT 0.998661 0.998307 0.101 Yes
G1–G3 SUB 0.999776 0.996137 0.908 Yes
G1–G3 FA 0.999504 0.997944 0.525 Yes
G2–G3 CL 0.998006 0.996725 0.158 Yes
G2–G3 PFS 0.999414 0.997999 0.514 Yes
G2–G3 IT 0.999316 0.998836 0.189 Yes
G2–G3 SUB 0.999781 0.997046 0.883 Yes
G2–G3 FA 0.998986 0.997906 0.263 Yes

Source: Authors’ supplementary reanalysis. Step 2 passes when c is at least the 5% permutation
quantile. Configural comparability was maintained for every pair.
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Table A2. Equality of composite means and variances for the primary groups.

Pair Construct ∆ Mean 95% Interval Log Variance
Ratio 95% Interval Equal

Mean/Variance

G1–G2 CL −0.207 [−0.259, 0.261] 0.050 [−0.472, 0.489] Yes/Yes
G1–G2 PFS −0.226 [−0.257, 0.259] 0.114 [−0.513, 0.561] Yes/Yes
G1–G2 IT −0.107 [−0.250, 0.257] 0.090 [−0.430, 0.458] Yes/Yes
G1–G2 SUB −0.079 [−0.267, 0.262] −0.087 [−0.447, 0.468] Yes/Yes
G1–G2 FA −0.344 [−0.265, 0.262] 0.184 [−0.429, 0.452] No/Yes
G1–G3 CL −0.491 [−0.238, 0.242] 0.372 [−0.527, 0.492] No/Yes
G1–G3 PFS −0.352 [−0.243, 0.252] 0.369 [−0.541, 0.512] No/Yes
G1–G3 IT −0.066 [−0.237, 0.246] 0.103 [−0.390, 0.376] Yes/Yes
G1–G3 SUB −0.276 [−0.244, 0.244] 0.255 [−0.470, 0.451] No/Yes
G1–G3 FA −0.517 [−0.241, 0.246] 0.423 [−0.470, 0.446] No/Yes
G2–G3 CL −0.287 [−0.258, 0.256] 0.323 [−0.635, 0.578] No/Yes
G2–G3 PFS −0.119 [−0.251, 0.257] 0.253 [−0.594, 0.554] Yes/Yes
G2–G3 IT 0.040 [−0.259, 0.264] 0.007 [−0.429, 0.420] Yes/Yes
G2–G3 SUB −0.191 [−0.253, 0.258] 0.354 [−0.539, 0.500] Yes/Yes
G2–G3 FA −0.178 [−0.256, 0.262] 0.240 [−0.639, 0.575] Yes/Yes

Source: Authors’ supplementary reanalysis. Differences are first group minus second; the variance
statistic is log(var A/var B). Equality is supported when the observed statistic falls inside its per-
mutation reference interval. Failure of six mean checks prevents full invariance; partial invariance
supports standardized path comparisons.

Table A3. Four-band sensitivity analysis for all focal path comparisons.

Bands A/B Path β A β B p Perm. p Holm

>3 years/1–3 years CL → SUB 0.594 0.594 0.998 1.000
>3 years/1–3 years PFS → FA 0.429 0.601 0.451 1.000
>3 years/1–3 years IT → FA −0.115 0.000 0.538 1.000

>3 years/6–12 months CL → SUB 0.594 0.074 0.007 0.119
>3 years/6–12 months PFS → FA 0.429 0.596 0.612 1.000
>3 years/6–12 months IT → FA −0.115 0.121 0.325 1.000
>3 years/<6 months CL → SUB 0.594 0.315 0.168 1.000
>3 years/<6 months PFS → FA 0.429 0.075 0.138 1.000
>3 years/<6 months IT → FA −0.115 0.103 0.227 1.000

1–3 years/6–12 months CL → SUB 0.594 0.074 0.053 0.845
1–3 years/6–12 months PFS → FA 0.601 0.596 0.990 1.000
1–3 years/6–12 months IT → FA 0.000 0.121 0.668 1.000
1–3 years/<6 months CL → SUB 0.594 0.315 0.258 1.000
1–3 years/<6 months PFS → FA 0.601 0.075 0.037 0.632
1–3 years/<6 months IT → FA 0.000 0.103 0.662 1.000

6–12 months/<6 months CL → SUB 0.074 0.315 0.545 1.000
6–12 months/<6 months PFS → FA 0.596 0.075 0.090 1.000
6–12 months/<6 months IT → FA 0.121 0.103 0.943 1.000

Source: Authors’ supplementary reanalysis. Group sizes: <6 months, 69; 6–12 months, 56; 1–3 years,
102; >3 years, 130. All tests are two-sided; Holm adjustment covers the full family of 18 comparisons.
Unadjusted results are exploratory.

Table A4. Compositional checks for all four-band comparisons.

Bands A/B Construct c 5% Quantile p Step 2

>3 years/1–3 years CL 0.998006 0.996830 0.153 Yes
>3 years/1–3 years PFS 0.999414 0.997992 0.511 Yes
>3 years/1–3 years IT 0.999316 0.998884 0.186 Yes
>3 years/1–3 years SUB 0.999781 0.997009 0.868 Yes
>3 years/1–3 years FA 0.998986 0.997893 0.258 Yes
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Table A4. Cont.

Bands A/B Construct c 5% Quantile p Step 2

>3 years/6–12 months CL 0.999588 0.995907 0.851 Yes
>3 years/6–12 months PFS 0.998630 0.996732 0.278 Yes
>3 years/6–12 months IT 0.998883 0.997440 0.253 Yes
>3 years/6–12 months SUB 0.999925 0.992603 0.991 Yes
>3 years/6–12 months FA 0.999680 0.997323 0.768 Yes
>3 years/<6 months CL 0.996867 0.993116 0.242 Yes
>3 years/<6 months PFS 0.998364 0.994210 0.432 Yes
>3 years/<6 months IT 0.998364 0.995734 0.380 Yes
>3 years/<6 months SUB 0.998916 0.992766 0.697 Yes
>3 years/<6 months FA 0.999232 0.995701 0.602 Yes

1–3 years/6–12 months CL 0.998729 0.994593 0.520 Yes
1–3 years/6–12 months PFS 0.999215 0.998078 0.311 Yes
1–3 years/6–12 months IT 0.999756 0.999431 0.288 Yes
1–3 years/6–12 months SUB 0.999882 0.996920 0.938 Yes
1–3 years/6–12 months FA 0.998984 0.997656 0.271 Yes
1–3 years/<6 months CL 0.999385 0.991412 0.885 Yes
1–3 years/<6 months PFS 0.997304 0.996565 0.090 Yes
1–3 years/<6 months IT 0.999907 0.998629 0.926 Yes
1–3 years/<6 months SUB 0.998123 0.996079 0.230 Yes
1–3 years/<6 months FA 0.999752 0.996205 0.932 Yes

6–12 months/<6 months CL 0.998344 0.988463 0.767 Yes
6–12 months/<6 months PFS 0.995266 0.994717 0.069 Yes
6–12 months/<6 months IT 0.999594 0.997429 0.762 Yes
6–12 months/<6 months SUB 0.998504 0.992832 0.576 Yes
6–12 months/<6 months FA 0.998723 0.995122 0.485 Yes

Source: Authors’ supplementary reanalysis. The identical indicator specification and data treatment
were maintained. All compositional checks pass; this supports comparing standardized paths without
implying equal group means or identical coefficients.
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