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Abstract

Background: Generative artificial intelligence (GenAI) is diffusing among consumers at
exceptional speed, yet little is known about how its adoption relates to households’ prior en-
gagement with digital financial services, or about the barriers associated with non-adoption.
Methods: Using individual microdata from the 2025 Spanish Survey on ICT Equipment
and Use in Households (INE; 14,642 internet users aged 16 and older), we estimate survey-
weighted logistic regressions of GenAI adoption on financial digital engagement, digital
skills and sociodemographics, with autonomous community fixed effects and cluster-robust
standard errors, complemented by average marginal effects, alternative variance estimators,
and an analysis of all stated reasons for non-use. Results: GenAI adoption is 37.3% among
internet users. Online banking users have 73% higher adjusted odds of adopting GenAI
(OR = 1.73; 95% CI 1.53–1.97), and adoption rises monotonically from 18% to 79% across
a 0–4 financial digital engagement index, although this gradient is driven mainly by the
online banking (extensive) margin. A steep age gradient is present, but the financial digital
advantage does not significantly widen with age. Among non-adopters, the most frequently
stated reason for non-use is a lack of perceived need (67%); privacy or security concerns
are also prominent (43%) and are cited disproportionately by online banking users, women,
and older individuals. Conclusions: Prior financial digital engagement is a strong correlate,
rather than a demonstrated cause, of consumer GenAI adoption, consistent with experience
and facilitating condition constructs in UTAUT2. Among capable non-adopters, for whom
access and skills are not the obstacle, privacy- and security-related concerns, rather than a
broader deficit of trust in AI, emerge as the most salient barriers to adoption, underscoring
these concerns as priorities for consumer-facing AI in financial services.

Keywords: generative artificial intelligence; technology adoption; UTAUT2; digital finan-
cial services; online banking; digital divide; trust; privacy; consumer behaviour; Spain

JEL Classification: G51; O33; D12; G53

1. Introduction
Generative artificial intelligence (GenAI) has diffused among consumers faster than

almost any previous digital technology. In 2025, the first year in which the European Union
statistical system measured it, roughly one in three Europeans aged 16–74 reported having
used a GenAI tool in the previous three months, and in Spain, the figure reached 37.9% [1,2].
This uptake coincides with the maturation of digital financial services: online banking
is now used by the large majority of internet users, and an expanding set of household
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financial activities takes place online. Whether prior engagement with digital financial
services shapes who adopts GenAI, and what holds non-adopters back, is a question of
direct relevance to the future of consumer finance, yet it remains essentially unexamined
with nationally representative data.

Consumer technology adoption has been theorised through a well-developed lineage
of models. The Technology Acceptance Model [3,4] holds that perceived usefulness and
ease of use drive adoption; its extensions—TAM2 [5], the Theory of Planned Behaviour [6],
and the Unified Theory of Acceptance and Use of Technology, as well as its consumer-
oriented version, UTAUT2 [7–9]—add social influence, facilitating conditions, hedonic
motivation, habit and prior experience as determinants of intention and use. Rogers’
diffusion of innovations theory [10] situates a technology along an adopter distribution.
Within this lineage, prior experience and facilitating conditions are repeatedly found to be
among the strongest predictors of the adoption of a new digital technology, motivating our
focus on households’ pre-existing financial digital engagement.

The digital divide literature provides a complementary lens. Beyond the first-level
divide in physical access, scholars distinguish a second-level divide in skills and uses and
a third-level divide in the tangible outcomes individuals extract from technology [11–14].
These inequalities are consequential because they map onto, and can reinforce, broader
social and economic disparities [15]. If GenAI adoption is concentrated among the al-
ready digitally and financially capable, the technology may widen, rather than narrow,
existing divides.

A third strand concerns trust and privacy. Trust and perceived risk are decisive an-
tecedents of the adoption of information systems that handle sensitive data [16–18], and
the privacy calculus framework shows that adoption decisions weigh perceived benefits
against privacy concerns [19,20]. The related behavioural literature documents algorithm
aversion—people’s reluctance to rely on algorithmic judgement, especially after observing
errors—as well as conditional algorithm appreciation [21,22]. Because GenAI is probabilis-
tic, opaque and data-hungry, trust and privacy concerns are plausibly central to consumer
adoption, particularly in financial contexts.

The adoption of digital financial services is the natural setting in which these mech-
anisms intersect. The UTAUT lineage has been applied extensively to online and mobile
banking, where performance expectancy, effort expectancy, habit and trust consistently
predict adoption [23–27]. Digital finance and fintech are, in turn, widely studied as drivers
of financial inclusion [28–33], with financial literacy shaping who benefits [34]. Engaging
with digital financial services, therefore, signals both digital capability and a willingness to
delegate consequential, sensitive tasks to algorithmic systems—precisely the dispositions
that acceptance theory predicts should lower the barriers to adopting GenAI.

Yet the empirical evidence on consumer GenAI adoption is dominated by convenience
samples of students and professionals [35], and broader accounts of GenAI emphasise capa-
bilities and organisational use, rather than population-level consumer behaviour [36–38]. A
recent UTAUT-based study of GenAI adoption among employees in Korean firms illustrates
the same limitation in an organisational setting [39]. A near-concurrent, nationally repre-
sentative Spanish survey documents an emerging generative AI divide by age, education,
and gender [40], corroborating the digital divide pattern we find, but it does not examine
financial digital engagement or the reasons non-adopters give for non-use, leaving open
the questions this study addresses. Three gaps follow. First, population-representative
evidence on consumer GenAI adoption is scarce. Second, the relationship between house-
holds’ financial digital engagement and GenAI adoption has not been quantified. Third,
the barriers reported by non-adopters, and whether these reflect a lack of capability or a
deficit of trust, are under-studied.
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We test three hypotheses. H1: Prior financial digital engagement (online banking
and online financial activities) is positively associated with GenAI adoption, conditional
on digital skills and sociodemographics. Because the design is cross-sectional, we treat
financial digital engagement as an observable marker of readiness that operationalises the
prior experience and facilitating condition constructs of UTAUT2, while acknowledging
that it may also index a broader dimension of digital maturity that the data cannot fully
separate from a finance-specific mechanism. H2: The association between age and adoption
is amplified among the financially digital, producing a steeper generational divide for en-
gaged users. We state H2 against an explicit alternative—that financial digital engagement
confers a similar advantage at all ages, such that age operates as an independent axis of
the divide—so that either outcome is theoretically informative. H3: Among non-adopters,
privacy and security concerns are salient barriers, disproportionately reported by individu-
als who are otherwise digitally and financially capable; we assess this against the full set
of stated reasons for non-use, rather than in isolation. Using the individual microdata of
the 2025 Spanish Survey on ICT Equipment and Use in Households [1], the contribution
is threefold: the first nationally representative estimate of the financial digital gradient in
consumer GenAI adoption; an explicit test of whether that gradient widens the age divide;
and an analysis of the stated barriers among non-adopters. Section 2 describes the data
and methods, Section 3 the results, Section 4 discusses them, and Section 5 concludes.

2. Materials and Methods
2.1. Data

The analysis draws on the microdata file of the 2025 Survey on ICT Equipment and
Use in Households, conducted by the Spanish National Statistics Institute (INE) [1]. The
survey is the Spanish component of the harmonised European Union survey on ICT use in
households and by individuals [41,42] and is administered through a stratified sample with
calibrated person-level elevation weights (FACTOR_P) that reproduce known population
totals by sex, age, and region; all estimates apply this weight. The 2025 edition is the first
to include a module on the use of GenAI tools, which was administered only to recent
internet users; the analytical universe is, therefore, the population of internet users aged
16 and older. Of 14,727 internet users, 85 (0.58%) were excluded because their completed
education level was not stated, yielding an estimation sample of 14,642 complete cases.
Excluded respondents were on average slightly older and less digitally engaged than those
retained (Supplementary Table S1); given their negligible share, complete-case analysis is
unlikely to bias the estimates.

2.2. Variables

The dependent variable is a binary indicator of whether the individual used any
GenAI tool in the previous three months (INE item IAG). Financial digital engagement
was captured in two ways: a binary indicator of online (including mobile) banking use
(OTROSERV_2) and a 0–4 financial digital engagement index summing online banking
and three online financial activities: buying or selling securities (AFININT1), contracting
or renewing insurance (AFININT2), and arranging a loan or credit (AFININT3). The
four components are weighted equally for transparency and because they are conceptually
co-equal expressions of delegating consequential financial tasks to digital channels; because
online banking is far more prevalent (75.6%) than the advanced activities (3.9–12.3%), it
necessarily dominates the index, a feature we probe directly in Section 3.5 by estimating
the components separately and jointly. A digital skills index (0–8) counts eight computer-
and device-related tasks, with the individual reports each performing (TMOR1-TMOR3
and TAREAINF1-TAREAINF5) an equally weighted binary item. Controls comprise age,
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sex, completed education (low, medium, high), net monthly household income (ING_HOG,
with a separate category for non-response), degree of urbanisation (Eurostat DEG_URBA),
internet use frequency (a high-frequency indicator for daily or more), and labour mar-
ket status (SIT_LAB). The autonomous community of residence was entered as a fixed
effect. Among non-adopters, five non-exclusive stated reasons for non-use were recorded—
no perceived need (IAG_NO1), unawareness (IAG_NO2), not knowing how to use the
tools (IAG_NO3), privacy/security/protection concerns (IAG_NO4), and other reasons
(IAG_NO5)—allowing the privacy/security barrier to be assessed against the full set.

2.3. Empirical Strategy

We estimate survey-weighted logistic regressions of GenAI adoption. Model 1 includes
the online banking indicator and the full set of controls with autonomous community fixed
effects; Model 2 replaces the binary indicator with the 0–4 engagement index to assess a
dose–response pattern; Model 3 adds an interaction between online banking and (mean-
centred) age to test H2; and Model 4 restricts the sample to non-adopters and models the
probability of citing privacy or security as a reason for non-use (H3). Because the data are
cross-sectional and observational, all estimates are interpreted as associations, rather than
causal effects or mechanisms. Results are reported as odds ratios, with 95% confidence
intervals for every covariate (full tables in Supplementary Table S2); to aid interpretation, we
also report average marginal effects and model-adjusted predicted probabilities. Standard
errors are clustered by autonomous community (19 clusters); because this number of
clusters is small, we verify the online banking result against heteroskedasticity-robust
errors, a leave-one-community-out jackknife, and a wild cluster bootstrap, and complement
the fixed-effects specification with a random-intercept multilevel model. Multicollinearity
(variance inflation factors) and model fit are reported in Section 3.5.

3. Results
3.1. Descriptive Patterns

Among internet users aged 16 and older, weighted GenAI adoption is 37.3%, closely
matching the official national estimate for the 16–74 population (37.9%). Online banking is
used by 75.6% of the sample and at least one advanced online financial activity by 18.7%.
The sample is 50.7% women, with a mean age of 47 years; 45.1% have higher education
and 95.1% use the internet daily or more. Table 1 summarises the principal variables and
the adoption rate within each group.

Table 1. Sample composition and generative AI adoption by group (weighted, internet users aged 16
and older).

Group Share of Sample (%) GenAI Adoption (%)

Generative AI adoption (overall) — 37.3
Uses online banking 75.6 43.4
No online banking 24.4 18.6
Any advanced financial activity 18.7 51.4
Women 50.7 35.0
Men 49.3 39.7
Higher education 45.1 49.6
Lower education 30.7 20.1
Daily+ internet use 95.1 39.1

Source: author’s calculations based on INE 2025 microdata [1]. N = 14,642. Weighted percentages.
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3.2. Financial Digital Engagement and Adoption (H1)

H1 is strongly supported. In Model 1, online banking users have 73% higher adjusted
odds of using GenAI than non-users, holding constant digital skills, age, education, income,
urbanisation, internet frequency, labour status and region (OR = 1.73; 95% CI 1.53–1.97;
p < 0.001), an average marginal effect of about +7.9 percentage points. The relationship
is monotonic in intensity: each additional point on the 0–4 financial digital engagement
index raises the odds of adoption by 25% (Model 2; OR = 1.25; 95% CI 1.12–1.39), and
model-adjusted predicted probabilities rise from 33.7% at index 0 to 46.8% at index 4, an
adjusted gradient more modest than the raw descriptive rise from 18% to 79% (Figure 1),
which is partly confounded with age and skills. Because online banking accounts for
roughly three-quarters of the index mass, the gradient reflects mainly the extensive (online
banking) margin: when online banking and the count of advanced activities enter jointly,
online banking remains strong (OR = 1.71; 95% CI 1.51–1.95), whereas the advanced activity
count is not significant (Section 3.5). Digital skills (OR = 1.43 per task) and daily internet
use (OR = 2.88) are, as expected from acceptance theory [8,9], the strongest correlates, but
the financial digital gradient is robust to their inclusion.

Figure 1. Generative AI adoption by financial digital engagement index (0–4), weighted; internet
users aged 16 and older, with 95% confidence intervals and unweighted category sizes (n). The
highest category (index = 4) contains only 78 respondents, hence its wide interval. Source: author’s
calculations based on INE 2025 microdata [1].

3.3. The Age Divide (H2)

A pronounced generational divide is present: each additional year of age lowers the
odds of adoption by roughly 4–5% (Model 1, OR = 0.96; p < 0.001), and raw adoption
falls from 76% among those aged 16–24 to about 9% among those aged 65–74. H2 is not
supported. The interaction between online banking and age (Model 3) is positive, but not
statistically significant (OR = 1.01; 95% CI 0.998–1.024; p = 0.095); because it is borderline,
we refrain from interpreting it substantively and conclude only that the financial digital
advantage is approximately constant across the age range, rather than amplifying the
generational gap. Figure 2 shows that online banking users adopt GenAI at higher rates
within every age band, but the confidence intervals indicate that the spacing between
the two curves does not widen materially with age, consistent with age operating as an
independent axis of the second-level digital divide [12,14].
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Figure 2. Generative AI adoption by age group and online banking use, weighted, with 95%
confidence intervals. Source: author’s calculations based on INE 2025 microdata [1].

3.4. Privacy and Security Concerns Among Non-Adopters (H3)

H3 receives qualified support. Among non-adopters, the stated reasons for non-
use are, in order of prevalence, a lack of perceived need (66.8%), not knowing how to
use the tools (44.9%), privacy or security concerns (43.2%), other reasons (27.7%) and
unawareness (25.4%); the item permitted multiple responses. Privacy and security are
therefore prominent, but are not the single dominant reason for non-use, which is a lack
of perceived need. However, the privacy/security barrier is socially patterned: control-
ling for covariates (Model 4), it is significantly more likely among online banking users
(OR = 1.18; 95% CI 1.07–1.31; p = 0.002), women (OR = 1.25; p < 0.001), older individuals
(OR = 1.01 per year; p < 0.001), and the more digitally skilled (OR = 1.04; p = 0.001), whereas
the count of advanced financial activities is not significant. The pattern supports a nar-
rower interpretation than ‘trust’ in general: for non-adopters who are already digitally and
financially capable—those for whom access and skill are not the obstacles—privacy- and
security-related concerns are the most salient remaining barrier [16,19]. Figure 3 displays
the prevalence of the privacy/security barrier across groups.

Figure 3. Share of non-adopters citing privacy/security as a reason for not using generative AI, by
group (weighted), with 95% confidence intervals. Source: author’s calculations based on INE 2025
microdata [1].
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3.5. Robustness

The random-intercept multilevel specification indicates that the autonomous commu-
nity of residence accounts for under 1% of the variance in adoption (intraclass correlation
approximately 0.7%), confirming that individual-level characteristics dominate and that
the autonomous community fixed effects adequately adjust for regional heterogeneity. In-
ference on the online banking effect is stable across estimators: the odds ratio is essentially
unchanged under heteroskedasticity-robust errors, ranges only from 1.69 to 1.81 in a leave-
one-community-out jackknife, and remains significant under a wild cluster bootstrap
(p = 0.003), addressing the concern that 19 clusters may destabilise cluster-robust er-
rors. Estimating the index components separately shows heterogeneity—online banking
(OR = 1.73) and securities trading (OR = 1.62) are positive, insurance is not significant,
and arranging credit is weakly negative—reinforcing that the index is driven by the on-
line banking margin. Variance inflation factors for all predictors are below 1.5, indicating
no multicollinearity, and McFadden’s pseudo-R-squared is 0.33 for the adoption mod-
els. Table 2 reports the odds ratios for the principal predictors across the four models;
full coefficient tables with confidence intervals and reference categories are provided in
Supplementary Table S2.

Table 2. Odds ratios from survey-weighted logistic regressions of generative AI adoption (Models
1–3) and of citing privacy/security as a barrier among non-adopters (Model 4).

Predictor Model 1 Model 2 Model 3 Model 4

Online banking 1.73 *** — 1.87 *** 1.18 **
Fin. digital index (0–4) — 1.25 *** — —
Advanced financial activity — — — 1.02
Digital skills (0–8) 1.43 *** 1.43 *** 1.43 *** 1.04 **
Age (per year) 0.96 *** 0.96 *** 0.95 *** 1.01 ***
Female 0.95 0.97 0.95 1.25 ***
Higher education 1.96 *** 2.03 *** 1.99 *** 0.93
Daily+ internet use 2.88 *** 3.02 *** 2.81 *** —
Online banking × age — — 1.01 —
Observations 14,642 14,642 14,642 9945

Odds ratios. All models include net household income, degree of urbanisation and labour market status controls,
and autonomous community fixed effects; standard errors clustered by autonomous community (19 clusters);
person weights applied. In Model 3, age is mean-centred, so the online banking odds ratio is evaluated at the
mean age. Reference categories: education = low, income = lowest bracket, urbanisation = densely populated,
labour status = category 0. Full coefficient tables with 95% confidence intervals, standard errors and average
marginal effects are reported in Supplementary Tables S2 and S3. ** p < 0.01, *** p < 0.001.

4. Discussion
The central result is a strong, dose-responsive association between households’ fi-

nancial digital engagement and consumer adoption of GenAI. Interpreted associationally
through UTAUT2 [8,9], online banking and online financial activities serve as observable
markers of the prior experience and facilitating condition constructs: individuals who
already conduct consequential financial tasks through digital channels face lower effort
and uncertainty when adopting a further algorithmic technology [25,26]. Whether financial
digital engagement is a finance-specific mechanism or, more broadly, a marker of digital
maturity, cannot be settled with cross-sectional data; the robustness of the gradient to digital
skills and internet frequency indicates it is not merely a restatement of general digital capa-
bility, but the two interpretations remain observationally close. That the gradient is carried
largely by the online banking margin further suggests it reflects routine digital delegation,
rather than sophisticated financial activity per se. To avoid any ambiguity, we underline
that the dose–response pattern documented in Section 3.2 should be read primarily as an
online banking effect: it is not evidence that progressively more sophisticated financial

https://doi.org/10.3390/fintech5030061

https://doi.org/10.3390/fintech5030061


FinTech 2026, 5, 61 8 of 11

activities—securities trading, insurance, and credit—are associated with progressively
greater GenAI adoption, since the advanced activity components are individually weak or
non-significant once online banking is accounted for (Section 3.5).

The rejection of H2 is informative. The generational divide in GenAI adoption is large,
but broadly uniform: being a financially digital user confers a similar advantage at all ages,
rather than compounding the disadvantage of older cohorts. This tempers the concern
that digital financial services act as an accelerant of an age-based GenAI divide and points
instead to age as an independent axis of the second- and third-level digital divide [12–14].

The findings on stated barriers carry a policy implication, with an important qualifica-
tion. A lack of perceived need is the most common reason for non-use; privacy and security
concerns rank next and, unlike need, are reported more often by the digitally skilled and by
online banking users. For these capable consumers, the salient obstacle is thus a privacy-
and security-related concern, rather than an access or skills deficit, echoing the finding
that trust and perceived privacy risk govern the adoption of information systems handling
sensitive data [16,17,19], and resonating with the algorithm-aversion literature [21], as well
as with experimental evidence that explainability shapes trust in algorithmic financial
advice [43]. We deliberately frame this as privacy- and security-specific, rather than as
‘trust’ in general, since the survey does not measure trust in AI outputs, in institutions
deploying AI, or in algorithmic decision making, which are conceptually distinct. As finan-
cial institutions embed GenAI in consumer-facing services [36–38], demonstrable privacy
safeguards, transparency and security assurances may matter for diffusion among the
already-engaged, alongside efforts to communicate concrete usefulness to the larger group
who see no need. The gendered pattern, with women non-adopters citing privacy and
security more often, warrants attention to the design of inclusive, trustworthy consumer
AI [29,31,32].

Several limitations qualify these conclusions. The data are cross-sectional, so the asso-
ciations cannot be given a causal interpretation; reverse causality (GenAI users becoming
more financially digital) and omitted variables—openness to innovation, risk tolerance,
occupation and workplace or educational exposure to AI, and the household technological
environment—may all contribute, and the survey does not measure them. The financial
digital index is dominated by online banking, so the dose–response outcome should be
read as an extensive margin result. The evidence is for a single country in the first year
the GenAI module was fielded, precluding a longitudinal view. The privacy/security
item records whether a concern is a reason for non-use, not whether it is the principal
reason, and it captures only one dimension of trust. Complete-case exclusion is minimal
(0.58%) but non-random. Finally, the survey-weighted clustered standard errors are ap-
proximate; the robustness checks reported above indicate the substantive conclusions are
nonetheless stable. On endogeneity specifically, individuals who adopt online banking
and those who adopt GenAI plausibly share unobserved traits—openness to innovation,
technological affinity, occupation, cognitive ability and workplace exposure to AI—that
the survey cannot capture, so financial digital engagement may partly proxy a broader
digital readiness, rather than an independent finance-specific mechanism; distinguishing
between these accounts is beyond what a single cross-section can deliver. Future work
should, therefore, pursue identification strategies better suited to isolating a causal effect,
such as panel data that track individuals as they adopt online banking and GenAI over
time; instrumental–variable designs, exploiting variation in local banking digitalisation;
or quasi-experimental approaches around staggered branch closures or online banking
rollouts. Finally, external validity is not established: Spain has comparatively high digital
financial penetration and specific demographic and institutional characteristics, so the size,
and possibly the direction, of the associations documented here may not generalise to coun-
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tries with different levels of financial digitalisation, regulatory regimes or AI awareness;
replication with comparable microdata from other countries, as further national AI-use
modules become available alongside the emerging Spanish evidence on the generative AI
divide [40], would help establish how much of the pattern is Spain-specific.

5. Conclusions
Using nationally representative Spanish microdata from 2025, this study provides

the first population-level evidence that consumers’ prior engagement with digital finan-
cial services is strongly associated with generative AI adoption, rising with the intensity
of that engagement, an association driven predominantly by the online banking mar-
gin, rather than by more sophisticated financial activities. The generational divide in
adoption is pronounced, but is not widened by financial digital status, and among non-
adopters, a lack of perceived need is the leading stated reason, while privacy and security
constitute the most salient barriers among the digitally and financially capable. Two
conclusions follow directly from the evidence: financial digital engagement is a robust
correlate of adoption, and privacy/security concerns are concentrated among capable
non-adopters. Beyond these, and more tentatively in light of the existing literature, broad-
ening responsible consumer adoption of AI is likely to depend on communicating concrete
usefulness to the unengaged, as well as on closing the privacy- and security-related trust
gap through privacy protection, transparency, and security among the engaged, while
attention to age- and gender-related divides remains essential. Because the evidence is
drawn from a single, comparatively finance digitalised country, generalisation to other
institutional and regulatory contexts should be made cautiously. Future research should
pursue causal and longitudinal designs, including panel, instrumental–variable and quasi-
experimental approaches to endogeneity, and cross-national comparisons as comparable
microdata accumulate.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/fintech5030061/s1, Table S1: Comparison of included and excluded
respondents; Table S2: Full coefficient tables with 95% confidence intervals for Models 1–4; Table S3:
Average marginal effects and model-adjusted predicted probabilities; and Table S4: Index component
and alternative inference robustness checks.
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