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Abstract

This study analyzes the determinants of generative artificial intelligence (GAI) use intensity
among the Spanish working population, as well as the possible existence of gender gaps
in its adoption. To this end, a conceptual model is proposed that incorporates perceived
economic and productive usefulness (PEU), perceived social usefulness (PSU), three dimen-
sions of the Technology Readiness Index—technological optimism (OPTI), innovativeness
(INNOV), and insecurity (INSEC)—and three sociodemographic variables: entrepreneurial
status, gender, and generational cohort. The model is implemented using artificial neural
networks (ANNs) endowed with explanatory capability through Shapley Additive Expla-
nations (SHAP). The application of SHAP enables the assessment of both the global and
local importance of the explanatory variables, as well as the potential existence of gender
biases in their contribution to GAI use. The results indicate that the most relevant variables
are PEU, generational cohort, and INNOV. Although gender does not rank among the
most important variables in terms of global importance, women exhibit lower levels of
GAI use, and gender-related differences are also observed in the contribution of several
explanatory variables. In particular, substantive effect sizes are observed for PSU, OPTI,
INSEC, entrepreneurial status, and membership in Generation Y. By contrast, differences as-
sociated with especially relevant variables such as PEU and INNOV, as well as membership

W) Check for updates in Generation Z, do not exhibit meaningful effect sizes.
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same time, it is driving substantial changes in organizational structures and processes
across sectors such as industry [4]. Its potential also extends to everyday life. In healthcare,
it can improve quality of care, optimize management, and strengthen health literacy [5].
Moreover, it may contribute to democratizing access to information, education, and public
services through personalized support tools [6].

This promise of improved socioeconomic conditions coexists with risks such as oc-
cupational displacement, labor market polarization, and the increasing concentration of
technological power in large corporations [7]. There are also concerns about the repro-
duction of algorithmic biases, the generation of misinformation, and the erosion of trust
in digital content, as the boundary between human and artificial production becomes
increasingly blurred. Its widespread adoption requires a reconsideration of regulatory,
educational, and ethical frameworks in order to ensure an equitable and responsible social
impact [8,9].

Given that the rise of GAI simultaneously affects everyday life and the practice of
numerous professions, analyzing the social drivers and barriers that shape its use among
the working population is of particular interest. This study is situated in the Spanish
context and draws on data from the macro-survey conducted by the Spanish Centre of
Sociological Research on the use of generative artificial intelligence in Spanish society [10].
The explanation of GAI use is structured around two main axes.

The first axis is cognitive in nature and combines classic behavioral approaches, such
as the Theory of Planned Behavior (TPB) [11], with more specific theories on innovation
acceptance and information systems adoption, such as the Technology Acceptance Model
(TAM) [12] and its extension incorporating the Technology Readiness Index (TRI) [13],
known as the Technology Readiness Acceptance Model (TRAM) [14].

The second axis incorporates sociodemographic characteristics, specifically en-
trepreneurial status, gender, and generational cohort. This axis captures personal dimen-
sions that influence both perceived opportunities and evaluative frameworks associated
with GAI While entrepreneurial status may act as an incentive factor for GAI use [15], both
gender and age have been widely documented as factors associated with gaps in adoption
and use [16,17].

Based on this framework, summarized in Figure 1, two research objectives (ROs)

are defined:

Attitude I Perceived economic usefulness (PEU) ‘
variables

‘ Perceived social usefulness (PSU) ‘

‘ Technological optimism (OPTI) ‘

4 I Technological Innovativeness (INNOV) |

‘ Technological insecurity (INSEC)

‘ Use of GAI
(USE)

‘ Entrepreneur (ENTR)

Gender (FEM) |

Generation (GenZ and GenY versus
digital immigrants)

Figure 1. Theoretical groundwork used in this paper.
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RO1: To develop a theoretical model explaining the adoption of GAI that can subse-
quently be empirically estimated. Based on this model, the hierarchy of relevance of the
proposed explanatory variables in accounting for GAI use is determined.

RO2: To estimate the magnitude of the gender gap in GAI use. This gap involves both
quantifying the effect of gender on use and establishing whether structural gender-based
differences exist in the intensity with which the variables affect the outcome.

The estimation of behavioral models such as the one presented in Figure 1 typically
relies on regression-based methods. In contrast, this study adopts an approach grounded in
artificial neural networks (ANNSs), specifically multilayer perceptrons (MLPs). In regression
or structural equation models, relationships between variables must be explicitly specified
by the researcher, for example, in the form of mediations or moderations. In TRAM,
perceived usefulness mediates the influence of optimism, innovativeness, and technological
insecurity on use [14], whereas in the unified theory of acceptance and use of technology
(UTAUT), sociodemographic variables (such as age or gender) moderate the effect of
perceived usefulness or ease of use on behavioral intention [18]. By contrast, ANNs do not
require the prior specification of these causal structures, as they can automatically identify
nonlinear influence patterns, complex interactions, and emergent effects directly from the
data [19]. Furthermore, ANNs have been shown to outperform the predictive performance
of regression methods in studies on the acceptance of new information systems, such
as mobile money [20], the use of GAI [21], the adoption of blockchain technologies in
public infrastructure management [22], and the adoption of Enterprise Resource Planning
software by firms [23].

ANNSs have traditionally been criticized for their opaque nature, which has lim-
ited their use in studies on the acceptance of new information systems, where they are
typically employed as a complement to more traditional structural equation modelling
approaches [19,24]. However, in recent years, techniques have been developed to enhance
the explainability of machine learning and deep learning models, facilitating the inference
of the importance of explanatory variables on the outcome. This study employs the Shapley
Additive Explanations (SHAP) methodology [25]. SHAP enables the measurement of
variable importance at both the local and global levels, thereby translating the outputs of
any predictive tool—even if initially considered a black box—into interpretable results.
This capability is particularly relevant in behavioral studies such as those on technology
adoption [26].

The remainder of the article is structured as follows. The next section develops the
theoretical model. Subsequently, the data and analytical methodology are described. The
fourth section presents the results. The article concludes with a discussion of these findings
and the main conclusions derived from the study.

2. Conceptual Groundwork
2.1. Overview of the Model

The analyzed outcome is the intensity of use of generative artificial intelligence (USE),
in contrast to the mainstream literature, which typically focuses on behavioral intention.
Although intention to use may approximate actual behavior, the two constructs do not
always coincide [27]. In certain technologies, an initial barrier separates intention from
effective adoption, whether due to access constraints or the need for a specific purpose
to employ the technology. In such cases, prior intention is a prerequisite for action to be
carried out, as use must be deliberate and conscious [28].

However, GAl is already integrated into everyday applications such as WhatsApp,
into social media platforms such as X, and is immediately accessible through any web
browser. This high level of availability substantially lowers the entry threshold, making
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GAl an easily accessible tool that individuals may routinely turn to when facing cognitive
or informational tasks, often as a convenient default option rather than as the result of a
fully deliberative evaluation of alternatives. Under these conditions, it is more appropriate
to focus the analysis on actual use rather than on behavioral intention [28]. Moreover, this
study does not concentrate on a specific type of use (e.g., GAI as a writing assistant), which
would imply referring to GAI use within a narrowly defined and premeditated context, but
rather on use for multiple purposes, encompassing a broad range of cognitive and creative
tasks [29].

In analytical frameworks such as TAM [12] or UTAUT [18], the central variable ex-
plaining the use of technological systems is perceived usefulness [30]. This construct refers
to the degree to which an individual believes that a technology enhances productivity and
efficiency [12]. In the original formulation of TAM, perceived usefulness exerts a decisive
influence on attitude toward use, which can be conceptualized as the personal evaluation
an individual makes about performing a specific behavior—that is, the extent to which
the behavior is perceived as positive or negative, beneficial or harmful [11]. From this
perspective, perceived economic and productive usefulness (PEU) and perceived social
usefulness (PSU) should be understood as extensions of perceived usefulness that shape
the individual’s overall evaluation of GAIL

These two dimensions should be understood as related but analytically distinct. PEU
captures perceived benefits that are more directly measurable in productive or economic
terms, whereas PSU captures perceived benefits that are more closely linked to social
well-being. This distinction is consistent with the well-established differentiation in the
literature on development and human welfare between economic performance and social
well-being as separate, although interconnected, dimensions of progress [31]. While both
contribute to the overall evaluation of GAI, PEU refers to its perceived contribution to
outcomes such as employment, sectoral performance, economic efficiency, and productivity,
whereas PSU refers to its perceived contribution to broader outcomes such as health, safety,
environmental sustainability, and quality of life. This dual perspective is also reflected in
influential frameworks such as the Sustainable Development Goals, in which productive
and economic objectives such as decent work, growth, and innovation (SDGs 8 and 9)
coexist with social and environmental goals related to health, sustainable communities,
and climate action (SDGs 3, 11, and 13) [32], as well as in the Human Development Index,
which was explicitly designed to move beyond growth-only assessments by incorporating
social dimensions such as health and education alongside income [33]. In this sense, PEU
captures the perceived economic and productive usefulness of GAI, whereas PSU captures
its perceived social usefulness.

In models such as TRAM, factors including technological optimism (OPTI), innova-
tiveness (INNOV), and technological insecurity (INSEC) are conceived as stable traits that
condition how individuals evaluate and relate to innovations [13]. These predispositions in-
fluence perceptions of key technological attributes, such as relative advantage, complexity,
or compatibility [34], ultimately affecting use either directly or indirectly through perceived
usefulness [14] and therefore through attitude.

The second group of variables includes employment status (entrepreneur versus
salaried worker) and the sociodemographic characteristics of gender and age. The inclu-
sion of gender is justified by the persistence of gaps in technology acceptance [35], which
may intensify in the context of GAI [16]. Regarding age, the literature identifies systematic
differences across generations: digital natives (Generations Y and Z) show a greater predis-
position to adopt information technologies that have emerged since the 1990s compared to
older cohorts [36]. In models such as UTAUT and its extensions [18,37], age and gender
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do not directly affect the acceptance outcome but instead moderate dimensions such as
performance expectancy or effort expectancy.

Although regression models and structural equation modelling remain predominant
in the analysis of emerging technology acceptance [38], recent years have seen a growing
use of ANNS’s in technology adoption studies, typically as a complement to regression-
based approaches rather than as the main analytical method [24]. This practice is common
when ANNSs are employed solely for predictive purposes, as they have traditionally been
associated with black-box models. However, recent advances in explainable machine
learning techniques, such as permutation feature importance and SHAP, allow neural
models to be used with explicitly explanatory objectives [26]. The latter technique is
employed in the present study to provide interpretability to the estimated ANN.

Given that ANNs enable the empirical identification of nonlinear relationships and
complex interactions among variables without the need to pre-specify mediation or moder-
ation structures, the hypotheses of this study are oriented toward evaluating the overall
effect of the proposed variables on the intensity of GAI use.

2.2. Influence of Variables Linked to Attitude

GALI can be used both to support everyday activities and to perform complex in-
tellectual tasks, giving it significant transformative potential at both the economic and
social levels [39]. Perceived usefulness and perceived efficiency have been shown to be
particularly relevant in the adoption of Al and, consequently, GAI [40,41], whether among
firm employees [42], in Al-powered products [43], or in the educational domain [44,45].

The perceived usefulness of GAI can be justified from two complementary perspec-
tives: on the one hand, its economic and productive usefulness (PEU); on the other, its
social usefulness (PSU). As discussed in the previous section, the first dimension reflects
the impact of GAI on productive tasks, implying effects on productivity, employment, and
economic growth. The second dimension, by contrast, captures impacts of a more social
nature. Although both ultimately contribute to human well-being, they represent related
but non-overlapping sources of utility, that is, two conceptually distinct dimensions [31,33].

With regard to PEU, GAI tools increase productivity and improve work quality in
knowledge-intensive fields [46]. In academia, they assist researchers and educators by
automating repetitive tasks, facilitating data analysis, and supporting academic writing,
thereby enabling professionals to focus on activities requiring high levels of creativity [47].
GAI can also serve as a key enabling technology in industrial transformation, fostering
innovation through applications such as predictive maintenance, supply chain optimization,
advanced automation, quality control, and data-driven decision-making [48].

The potential impact of GAI on the labor market is broad but markedly heterogeneous
across occupations, which may foster pessimism among many workers. Approximately
33% of occupations could be fully affected by tools such as ChatGPT, while 37% would
experience partial impact and 30% would remain unaffected [3]. Thus, the risk of substi-
tution or job degradation in occupations based on standardized cognitive tasks generates
substantial labor uncertainty, even in the absence of direct job destruction—particularly in
administrative work [49]. Accordingly, we propose:

Hypothesis 1 (H1). Higher PEU leads to greater GAI use.

Given that GAI can also be embedded in domestic and everyday contexts, another
dimension within the broader construct of perceived usefulness is PSU. In daily life, GAI op-
timizes routine activities such as household management [50] and healthcare services [51].
Natural language models can empower patients by providing continuous access to per-
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sonalized and comprehensible information, thereby encouraging active participation in
healthcare decisions [5,52].

GAl also holds considerable potential for environmental awareness, by delivering clear,
accessible, and useful information about ecological issues, reinforcing awareness of their
consequences and strengthening moral responsibility [53]. Moreover, it may contribute
to public safety by assisting law enforcement agencies in analyzing large volumes of
textual data from social media, emails, or online forums, facilitating the detection of
patterns relevant to criminal investigations. It can also provide basic information and initial
guidance to victims of crime [54].

The literature also warns about the negative impacts of GAIL One frequently cited
concern is environmental, as the training and operation of GAI models require substantial
amounts of energy and water, generating a significant carbon footprint [29]. In the absence
of clear legal frameworks, robust anonymization mechanisms, and transparency in data
use, GAI may infringe fundamental rights and erode institutional trust [7]. The literature
further highlights the risk of exacerbating structural inequalities due to algorithmic biases
and digital divides. Inequalities may persist or widen because of disparities in access
to GAI resulting from connectivity or cost barriers [55], as well as the concentration of
technological power in large corporations [7]. Potential malicious uses of GAI must also
be considered, including the facilitation of fraud and scams through advanced phishing,
identity theft, the creation of deepfakes, and the dissemination of misinformation and
propaganda [54]. Accordingly, we propose the following hypothesis:

Hypothesis 2 (H2). Higher PSU leads to greater GAI use.

2.3. Variables Linked to Technology Readiness Index

Technological optimism (OPTI) is understood as the belief that technological innova-
tions enable higher levels of control, efficiency, adaptability, and well-being. This attitude
functions as a motivational driver that predisposes individuals to engage actively and
productively with new digital tools [56]. Individuals with a favorable orientation toward
technology tend to perceive innovations as more advantageous, less complex, and more
aligned with their needs, thereby facilitating adoption and acceptance [34].

Similarly, the personal disposition to try and adopt emerging technologies—that is,
innovativeness (INNOV)—constitutes a key element in the perception and acceptance of
new technological solutions [57]. Individuals with high levels of INNOV tend to evaluate
technologies as more useful, easier to use, and more compatible with their needs, which
increases their propensity to adopt them [58]. When faced with the same technological
tool, more innovative individuals are more likely to develop positive beliefs regarding its
use [13]. This association has been confirmed both in studies on artificial intelligence in
general [43,59] and specifically in the context of GAI [60].

In contrast, technological insecurity (INSEC) refers to an individual’s distrust of tech-
nology, as well as doubts regarding its reliability, security, proper functioning, or potential
dehumanizing effects, especially when its use may entail significant consequences [13].
This perception acts as a psychological barrier that inhibits adoption, even when benefits
are evident. Insecurity is closely related to the uncertainty and perceived risk that accom-
pany any innovation. Accordingly, individuals with high levels of insecurity tend to delay
adoption or to fall into the category of late adopters [34].

OPTI, INNOYV, and INSEC have been incorporated into established technology accep-
tance models such as TAM [12] through TRAM [14]. Within this framework, these factors
influence intention to use indirectly through perceived usefulness [61].
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Empirical evidence confirms that the components of TRI, particularly OPTI, play a
relevant role in shaping favorable attitudes toward a wide range of technologies [61]. This
relationship has also been observed in the adoption of Al-based systems in diverse contexts,
including healthcare [59] and library services [62]. Accordingly, the following hypotheses
are proposed:

Hypothesis 3 (H3). Higher OPTI leads to greater GAI use.
Hypothesis 4 (H4). Higher INNOV leads to greater GAI use.

Hypothesis 5 (H5). Higher INSEC leads to lower GAI use.

2.4. Influence of Entrepreneurial Orientation and Sociodemographic Variables on the Perception of
the Economic Consequences of GAI

For entrepreneurs (ENTREP), GAI can function as an enabling technology by sup-
porting business idea generation and the structuring of business plans in a more agile and
efficient manner [63]. It contributes to lowering market entry barriers by allowing new
ventures to be launched with lower fixed costs and shorter implementation timelines [15].

GAI enhances decision-making through the advanced analysis of large volumes of
data and support for strategic planning [64]. Its ability to process information rapidly and
systematically enables firms to anticipate market trends, manage uncertainty, optimize
costs, and coordinate complex organizations more accurately [65]. It also facilitates the
automation of administrative and supervisory processes, freeing managerial time and
human resources for higher value-added and more strategic activities [66]. Accordingly,
we propose the following hypothesis:

Hypothesis 6 (H6). ENTREP leads to a higher level of GAI use.

The literature has consistently shown that gender constitutes a relevant factor in
technology use and acceptance, as men tend to adopt new technological advances more
readily. A commonly cited explanation for this phenomenon is that such technologies are
often designed and marketed from a predominantly masculine logic, prioritizing values
such as control, competition, or technical performance, to the detriment of dimensions such
as communication, care, or cooperation [35].

Among the challenges posed by GAI, the existence of gender gaps in its use and
adoption is particularly salient [67]. On average, men tend to report higher levels of use
and trust, especially in technical and professional contexts, whereas women often express
greater ethical concerns and higher perceptions of risk [68]. Indeed, the deployment of GAI
may give rise to a double gap: the underrepresentation of women in Al system development
and the reproduction of gender biases in algorithms and applications [16]. These biases may
translate into discriminatory outcomes in key domains such as recruitment, advertising, or
automated decision-making [69].

GAIl particularly affects language- and communication-intensive occupations—such as
administration, customer service, basic marketing, or certain educational functions—which
are highly feminized. Consequently, women may perceive greater labor-related risks
associated with GAI, including job loss or wage reduction, reinforcing a more cautious
attitude toward its adoption [16,70]. Accordingly, we propose the following hypothesis:

Hypothesis 7 (H7). Women tend to use GAI less than men.
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The distinction between Generations Y (millennials) and Z (Zoomers) and earlier
generations, such as Generation X or baby boomers, is justified by marked attitudinal,
technological, and motivational differences in their relationship with information tech-
nologies [71]. Digital natives (millennials and Zoomers) tend to rely more on cues such
as popularity or ease of use, whereas digital immigrants (Generation X and older cohorts)
evaluate technological risks and benefits more critically [36].

Perceptions of and trust in GAI also vary by age: younger individuals, accustomed
to interacting with digital technologies from an early age, tend to perceive it as a useful
and reliable tool, whereas older adults often adopt a more cautious or skeptical stance [17].
Even among digital native generations, relevant differences can be observed: Generation
Z places greater emphasis on intrinsic motivation and shows higher sensitivity to moti-
vational stimuli, whereas Generation Y more frequently develops introjected regulation
mechanisms [39]. Accordingly, we propose the following hypothesis:

Hypothesis 8 (H8). Members of Generations Z and Y tend to use GAI more than digital immigrants.

3. Materials and Methods
3.1. Sampling and Sample

This study draws on the survey used in the study [10], whose target population
consisted of individuals residing in Spain aged 18 or older. The sample was designed to
include 4000 interviews, with a final total of 4004 completed. The sampling procedure
combined random selection of telephone numbers with quotas for gender and age. Strata
were defined by the combination of Spain’s autonomous communities and municipality
size. Interviews were conducted during the first half of February 2025.

The final number of observations included in this study corresponds to respondents
who qualified as part of the working population, whose occupations were classified accord-
ing to the Spanish National Classification of Occupations (CNO-11) [72], and who declared
being familiar with GAI This resulted in a total of 2432 observations, whose demographic
profile is presented in Table 1.

Table 1. Sociodemographic profile of the sample.

Variable Category N %
Gender Men 1044 42.93
Women 1388 57.07
Age <28 years (Gen Z) 237 9.75
29—44 years (Gen Y) 957 39.35
>45 years (Gen X and older) 1238 50.9
Nationality Spanish 2259 92.89
Spanish and another 93 3.82
Other 80 3.29
Employment status Employed (wage earners) 1988 81.74
Self-employed/entrepreneur 426 17.52
Cooperative 18 0.74
Housghold monthly <€900 49 201
income
€901-2400 752 30.92
€2401-3000 420 17.27
€3001-4500 636 26.15
>€4501 501 20.6
No response 74 3.04

Women represent 57.07% of the sample, while men account for 42.93%. This imbalance
reflects a common pattern in survey-based research, where women typically display higher
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response rates than men [73]. Importantly, both groups remain well represented in the
dataset, ensuring sufficient statistical variation for the empirical analysis.

3.2. Measurement of Variables and Data Preprocessing

The variables analyzed in this study are derived from items provided in [10]. Table 2
presents in detail both the items used to construct the outcome and the input variables.
It also describes the procedure followed for preprocessing and transforming them into
composite indicators, as well as the measures used to assess their robustness [74,75].

The scores for PEU, PSU, OPTI, INNOYV, and INSEC are constructed as the standard-
ized value of the first principal component obtained through Principal Component Analysis
(PCA). This strategy makes it possible to synthesize the common information contained in
each set of items into a single latent indicator, reducing dimensionality and capturing the
shared variance among the items of each construct [75].

Beyond dimensionality reduction in a purely mechanical sense, PCA was used here as a
construct-building strategy. The items grouped under PEU, PSU, OPTI, INNOV, and INSEC
were designed to capture common latent dimensions; therefore, entering them separately
would have treated conceptually related indicators as if they were fully independent
predictors. In addition to preserving the theoretical structure of the model, this decision
improved parsimony within the ANN framework. As shown in Table 2, replacing the five
composite indicators with all their underlying items would have increased the number of
explanatory inputs from 9 to 23. This increase is not trivial in neural-network modelling,
since it substantially enlarges the number of trainable parameters. For example, under the
Hecht-Nielsen heuristic, according to which the hidden layer contains 2p + 1 neurons, the
number of hidden neurons would rise from 19 to 47, and the total number of trainable
parameters in a one-hidden-layer MLP would increase from 210ina 9 — 19 — 1 architecture
to 1176 in a 23 — 47 — 1 architecture. Therefore, PCA served both a measurement purpose,
by summarising the shared variance of each construct, and a modelling purpose, by limiting
unnecessary input redundancy and helping to contain model complexity.

By contrast, for USE, a differentiated methodological approach was adopted since,
as noted by [67], the procedure used to aggregate items into composite indicators must
respect their theoretical meaning. Specifically, the maximum reported frequency of use
among the evaluated tools was considered. A traditional average or the use of PCA could
assign a higher score to users who employ several tools sporadically than to those who
use a single tool intensively and recurrently, when it is the latter who, in fact, exhibit more
intensive GAI use.

Table 3 demonstrates the robustness of the composite indicators constructed through
PCA. In all cases, factor loadings exceed 0.5, Bartlett’s test of sphericity rejects the null hy-
pothesis of an identity correlation matrix, and—with the exception of PSU and INNOV—the
Kaiser-Meyer-Olkin index exceeds 0.7. In the least favorable cases (PSU and INNOV),
it exceeds 0.6, which, although not optimal, is still considered acceptable, particularly in
light of the remaining indicators derived from the factor analysis, which reach adequate
values. These results confirm the suitability of the factorial structure and the adequacy of
the sample for analysis, supporting the validity of the composite indicators employed [75].

Regarding the entrepreneur-non-entrepreneur dichotomy (ENTREP), the term en-
trepreneur is operationalized as self-employed. This is the most commonly used definition
in the empirical literature, primarily due to the greater availability and comparability
of statistical data [76]. In our case, as shown in Table 2, the categories include business
owners or self-employed professionals (with or without employees), as well as members
of cooperatives.
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Table 2. Items and variables included in the analyses conducted in the study.

Variable Scale Data Preprocessing (Scores)
Outcome
USE Use of GAI tools: Ordinal scale: Never = 0; Once = 1;

ChatGPT (USE1), Gemini (USE2),
Microsoft Copilot (USE3), Perplexity
(USE4), Other (USE5)

Several times in a year = 2; Several times
in a month = 3; Several times in a
week = 4; Every day =5

Composite index obtained as the
standardized value of the maximum
observed among USE1, USE2, ..., USE5

Input variables

Variables linked with perceived
usefulness

Perceived economic and productive
usefulness (PEU)
PEU1 = Labor market
PEU2 = Industry
PEU3 = Agriculture
PEU4 = Economy

3-point ordinal scale: 1 = More
drawbacks than benefits; 2 = Same
benefits as drawbacks; 3 = More benefits

Composite index constructed from the
standardized score of the first principal
component

Perceived social usefulness (PSU)
PSU1 = Environment
PSU2 = Medicine and health
PSU3 = Security

3-point ordinal scale: 1 = More
drawbacks than benefits; 2 = Same
benefits as drawbacks; 3 = More benefits

Composite index constructed from the
standardized score of the first principal
component

Variables linked with Technology
Readiness Index

Optimism (OPTI): Indicate your
agreement with the following
consequences of technological advances:
OPTI1 = Progress
OPTI2 = Wealth
OPTI3 = Efficiency
OPTI4 = Well-being

From completely disagree = 1 to
completely agree = 10

Composite index constructed from the
standardized score of the first principal
component

Innovativeness (INNOV): Indicate your
level of agreement in the following
circumstances:

INNOV1 = Using a robot surgeon
INNOV2 = Using an autonomous car
INNOV3 = Interacting with a chatbot to
obtain customer service

From completely disagree = 1 to
completely agree = 10

Composite index constructed from the
standardized score of the first principal
component

Insecurity (INSEC) Indicate your agreement
with the following consequences of
technological advances:

INSEC1 = Dehumanization
INSEC2 = Inequality
INSEC3 = Risks
INSEC4 = Dependence
INSECS5 = Loss of control

From completely disagree =1 to
completely agree = 10

Composite index constructed from the
standardized score of the first principal
component

Sociodemographic variables

Entrepreneurial status (ENTREP):
Entrepreneurs vs. non-entrepreneurs

0 = Salaried workers; 1 = Entrepreneurs
(self-employed business owners and
professionals with or without employees,
and cooperative members)

Dummy variable with baseline = salaried
workers

Gender (FEM)

0 =Men; 1 = Women

Dummy variable with baseline = males

Generation
Digital immigrants (Gen X and older) vs.
Generation Z and Generation Y

Two dummy variables were included: GZ
(1 = Zoomers, 0 otherwise) and GY
(1 = Millennials, 0 otherwise); baseline
category = digital immigrants
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Table 3. Measures of the goodness of construction of the composite variables using principal
component analysis.

Variable Loadings Bartlett's Test KMO
PEU 0.71-0.73 176 (p < 0.01) 0.71 (0.70-0.73)
PSU 0.71-0.75 601 (p < 0.01) 0.63 (0.62-0.65)
OPTI 0.72-0.80 2051 (p < 0.01) 0.79 (0.79-0.80)

INNOV 0.66-0.84 984 (p < 0.01) 0.62 (0.59-0.65)

INSEC 0.63-0.75 2240 (p < 0.01) 0.82 (0.76-0.99)

Note: KMO stands for the Kaiser-Meyer-Olkin measure.

The gender variable is dichotomous (0 = male; 1 = female) and is therefore denoted as
FEM. Participants are grouped into generational cohorts according to their year of birth
and age at the time of the study. The most widely accepted definition considers individuals
born in 1997 or later—aged up to 28 at the time of the survey—as Generation Z (GZ).
Those born between 1981 and 1996—aged between 29 and 44—belong to Generation Y or
millennials (GY). Digital immigrant generations (Generation X or earlier) include those
born in 1980 or earlier, that is, individuals aged 45 or older at the time of the study [77],
and constitute the reference category.

Table 4 reports the correlation matrix for the variables included in the analysis. As
expected, PEU and PSU are positively and significantly correlated (r = 0.62, p < 0.01),
which indicates that both capture favorable evaluations of GAI while still representing
analytically distinct dimensions of perceived usefulness since the correlation is far from
being high enough to suggest empirical redundancy. In addition, most explanatory vari-
ables display statistically significant bivariate correlations with USE and with the expected
sign. Specifically, PEU, PSU, OPTI, INN, and the generational variables show positive
associations with GAI use, whereas INSEC and FEM display negative correlations. The
only variable that does not exhibit a statistically significant bivariate association with USE
is entrepreneurial status.

Table 4. Correlation Matrix.

USE PEU PSU OPTI INNOV INSEC FEM ENTREP GZ GY
USE 1
PEU 0.380 * 1
PSU 0.269 * 0.617 * 1
OPTI 0.223 * 0.398 * 0.347 * 1
INNOV 0.351 * 0.466 * 0.457 * 0.304 * 1
INSEC —0.189 * —0.305 * —-0.227* —0.084* —0.228* 1
FEM —-0.136* —0.1913* —-0.175* —0.023 —0.208 * 0.175* 1
ENTREP —0.007 0.0601 * 0.047 —0.007 0.043 —-0.063* —0.070 * 1
GZ 0.169 * 0.0256 0.012 0.051 * 0.026 —0.049 —0.013 —0.058 * 1
GY 0.128 * 0.0204 —0.017 0.034 0 —0.01 —0.020 —0.052 * —0.265* 1

Note: “*” denotes that the correlation is significant at 1% level.

3.3. Data Analysis

After data preprocessing, the data analysis followed the sequence outlined below,
aimed at addressing the two research objectives. All analyses were implemented using R
(version 4.4.2) libraries.

Step 1. The sample was randomly divided into a training set (80%) and an external
test set (20%). This split preserved the original proportions of gender, generational cohorts,
and the entrepreneur/non-entrepreneur dichotomy, in order to avoid representation biases
in predictive evaluation. The test set was kept fully isolated and was not used at any
stage of model training or selection, thus ensuring an unbiased and strictly out-of-sample
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evaluation of the predictive performance of the artificial neural networks (ANNs). This
procedure was implemented using standard reproducible sampling and data manipulation
tools in R.

Step 2. Five multilayer perceptron (MLP) architectures were designed, all with the
same continuous dependent variable and the same set of p = 9 explanatory variables,
evaluated according to different heuristics [78].

Specifically, the following networks were estimated: (i) ANN1: 9 — 6 — 1, based on the
heuristic rule 2/3-p; (ii) ANN2: 9 — 19 — 1, following the Hecht-Nielsen heuristic (2p + 1);
(iii) ANN3: 9 — 4 — 1, inspired by the Widrow rule; (iv) ANN4: 9 — 18 — 9 — 1, a funnel-
type architecture with two decreasing hidden layers; and (v) ANN5: 9 - 14 =7 — 1,
a conservative funnel designed to mitigate the risk of overfitting [79]. This variety of
architectures allows the capture of different degrees of nonlinearity, interaction effects, and
functional complexity in explaining GAI use. The architectures were implemented using
the torch package in R. Throughout the entire training and validation process, a linear
regression model was considered as a benchmark.

The estimation of multiple MLP architectures was not intended as an exercise in unre-
stricted hyperparameter tuning, but rather as a bounded and theory-informed sensitivity
analysis of the ANN specification. Relying on a single arbitrarily chosen architecture could
make the results dependent on a particular network configuration, while testing a large
number of architectures without guidance would introduce an opposite form of arbitrari-
ness. To avoid both situations, we evaluated a limited set of plausible MLP structures
derived from established heuristic rules (e.g., the 2/3-p rule, the Hecht-Nielsen heuristic,
and the Widrow rule), together with parsimonious funnel-type configurations. This strat-
egy allowed us to assess whether predictive performance was robust across reasonable
architectural choices and to select the final model on the basis of out-of-sample predictive
performance and parsimony [79]. In addition, the linear regression model provided a
benchmark from a different modeling family for evaluating the predictive contribution of
the neural-network approach.

Step 3. The neural networks were trained following a homogeneous protocol aimed
at ensuring convergence and minimizing overfitting. All architectures were optimized
using the Adam algorithm, with a fixed learning rate (Ir = 0.001) and L2 regularization
(weight decay = 10~%). The loss function was the mean squared error (MSE), consistent
with the continuous nature of the dependent variable (USE). ReLU (Rectified Linear Unit)
activation functions were used in all hidden layers, while the output layer employed a
linear activation. Training was conducted using mini-batches of size 32, with a maximum
of 400 epochs. To control overfitting, an early stopping scheme was implemented using an
internal validation subset equivalent to 20% of the training set, halting the process when
validation loss did not improve for 30 consecutive epochs.

Additionally, diagnostic indicators of the learning process were recorded, including
the optimal stopping epoch, the minimum validation MSE, and the standard deviation
of the validation MSE over the last ten epochs, in order to assess convergence stability.
Explanatory and predictive performance were evaluated using the coefficient of determina-
tion on the training set (R?) and the predictive statistic Q* on the external test set (20%),
enabling a homogeneous comparison of in-sample and out-of-sample performance. The
entire training procedure was implemented using the torch package.

Step 4. Predictive comparison among the trained networks, between these and the
linear regression model, and the final model selection were conducted exclusively on the
external test set. To assess the stability and robustness of out-of-sample performance, a
bootstrap procedure with 5000 replications was applied to the test set. In each bootstrap
replication, a sample with replacement was drawn from the original test set, and three
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predictive metrics were computed for each neural network: the predictive coefficient QZ,
the root mean squared error (RMSE), and the mean absolute error (MAE). This approach
yielded empirical distributions of the metrics for each architecture, from which means and
standard deviations were estimated.

Comparisons between architectures were conducted using paired t-tests, comple-
mented by effect sizes estimated through Cohen’s dz coefficient. This step was implemented
using statistical functions from the stats package.

Step 5. Variable importance was analyzed using Shapley Additive Explanations
(SHAP) [25]. The selected neural model was interpreted through beeswarm plots to inspect
the direction of effects and assess the adequacy of the theoretical hypotheses, as well as
through the estimation of global variable importance based on the mean absolute SHAP
value (mean | SHAP ). Given the local nature of SHAP, the mean | SHAP | analysis was
replicated across tertiles of the level of use, allowing the evaluation of the stability of the
explanatory hierarchy along the adoption continuum. This analysis was conducted in R
using the fastshap package, together with ggplot2 for visualization.

Step 6. Finally, the potential existence of gender-related gaps in GAI use was examined.
Beyond differences in the mean level of use, the relative importance of explanatory variables
across the full sample—measured through mean | SHAP | —was compared between gender
groups using unpaired statistical tests and effect sizes. This approach makes it possible to
identify whether the explanatory structure of GAI use systematically differs by gender.

A unified view of all data analysis, i.e., data preprocessing and steps 1-5 described in
this subsection, is provided in Figure 2.

Survey data (Centro de Investigaciones Socioldgicas dataset)

|

Data preprocessing: (i) Cleaning and missing values (i) Construction of indices (PCA) (iii) Standardization of variables

(iv) Assessment of correlation matrix.

{

v
‘ Feature set (PEU, PSU, OPTI, INNOV, INSEC, FEM, ENTREP, GZ, GY) and income (USE) ‘

\
v

Model estimation: (i) Multiple ANN architectures (Multilayer perceptron heuristics NN1-NN5). Benchmark: linear regression. ‘

|

‘ Model evaluation: (i) Train/test split (ii) Early stopping (iii) RMSE, MAE, Q? (iv) Bootstrap validation ‘

l

‘ Mode! interpretation (SHAP analysis): (i) Global importance (ii) Distribution of effects (iii) Gender comparisons ‘

v

‘ Substantive interpretation: Determinants of GAIl use and gender digital divide ‘

Figure 2. Methodological workflow of the study.

4. Results
4.1. Results of the In-Sample Fit and Predictive Evaluation of the Estimated Neural Networks

Table 5 reports the training results for the five neural network architectures estimated
following the heuristic rules described in Section 3.3. In terms of explanatory capacity,
the R? values in the training phase fall within a narrow range (between 0.235 and 0.252),
indicating a moderate and homogeneous level of fit across models. All architectures
outperform the linear regression benchmark. The most complex architecture (ANN4)
achieves the highest R? value, followed by ANN2, although the differences relative to the
more parsimonious networks are small.
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Table 5. Training-phase results of the artificial neural network architectures.
Model TrainR?  Train RMSE  Train MAE Best Minimum Msg 0D 0f MSE (Last
Epoch 10 Epochs)
ANN1:9 -6 —1 0.2352 0.8753 0.735 49 0.8495 0.00069
ANN2:9 - 19— 1 0.2486 0.8676 0.7282 14 0.8438 0.00163
ANN3:9 -4 — 1 0.2362 0.8747 0.7336 41 0.8529 0.00052
ANN4:9 - 18 -9 — 1 0.2516 0.8659 0.7367 24 0.8359 0.00149
ANN5:9 - 14 -7 — 1 0.2441 0.8701 0.7406 49 0.84 0.00181
Linear regression 0.2227 0.8828 0.7460 NR NR NR

Note: R? = coefficient of determination; RMSE = Root Mean Squared Error; MAE = Mean Absolute Error; Best
epoch = epoch at which the minimum validation error is reached; Minimum MSE = lowest validation mean
squared error; SD of MSE (last 10) = standard deviation of the validation MSE over the last ten epochs, used as a
convergence stability indicator; NR = not reported.

Consistently, the error indicators (RMSE and MAE) display only minimal variation
across architectures, with very similar values and all lower than those obtained from linear
regression. The early stopping criterion determines a relatively low optimal number of
epochs (between 14 and 49), which, together with the small standard deviations of the
mean squared error in the final iterations (all below 0.002), indicates smooth convergence
and the absence of instability or overfitting during the training phase.

The learning dynamics of the estimated networks are illustrated in Figures A1 and A2
in the Appendix A. These figures show the evolution of training and validation loss across
epochs for architectures with one and two hidden layers, respectively. In all cases, both
losses decrease during the initial epochs and stabilize shortly thereafter, exhibiting a smooth
and stable convergence pattern. The absence of systematic divergence between training
and validation curves provides additional evidence that the early stopping mechanism
effectively prevented overfitting and that the networks achieved stable generalization
performance.

Table 6 presents the test-phase results for the neural network architectures, obtained
through bootstrap resampling of the external test set. The mean Q? values are positive
across all architectures and fall within a relatively narrow range (between 0.276 and 0.295),
indicating moderate but consistent out-of-sample predictive capacity. All architectures
clearly outperform the linear regression benchmark.

Table 6. Test-phase results of the artificial neural network architectures.

Q? Q? RMSE RMSE MAE

Model (Mean) (SD) (Mean) (SD) MAE (Mean) (SD)
ANN1:9 = 6 — 1 0.2939 0.0325 0.8330 0.0223 0.6986 0.0209
ANN2:9 - 19 — 1 0.2856 0.0337 0.8378 0.0227 0.7028 0.0211
ANN3:9 — 4 — 1 0.2947 0.0328 0.8325 0.0226 0.6998 0.0209
ANN4:9 —+18 -9 — 1 0.2764 0.0287 0.8433 0.0209 0.7235 0.0201
ANN5:9 =14 —7 — 1 0.2806 0.0312 0.8408 0.0218 0.7165 0.0204
Linear regression 0.2060 0.0293 0.8910 0.0195 0.7554 0.0187

Note: Q? (mean) = mean predictive coefficient of determination; Q2 (SD) = standard deviation of the predictive
coefficient of determination; RMSE (mean) = mean Root Mean Squared Error; MAE (mean) = mean Absolute
Error; RMSE (SD) = standard deviation of the Root Mean Squared Error; MAE (SD) = standard deviation of
the Mean Absolute Error; all metrics computed on the test set using bootstrap resampling, where Q? evaluates
out-of-sample predictive performance relative to a mean-based reference model.

ANN3 achieves the highest mean Q? and the lowest mean RMSE, followed very
closely by ANNT1, suggesting a slightly more favorable bias-variance trade-off in these more
parsimonious configurations, although differences relative to the remaining models are
small. Similarly, the mean RMSE and MAE values exhibit high stability across architectures,
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with very similar standard deviations, demonstrating robust predictive performance across
different sample partitions.

Overall, these results confirm that predictive performance is only marginally sensitive
to the specific neural architecture selected and reinforce the absence of overfitting previously
observed during the training phase.

Table 7 reports the results of the paired comparisons based on mean RMSE across the
different neural network architectures. Although all pairwise comparisons are statistically
significant, the magnitude of the differences must be interpreted in light of the correspond-
ing effect sizes. In this regard, some comparisons yield small or even trivial effect sizes
(e.g., ANN1 versus ANNB3, with dz ~ 0.11), indicating that RMSE differences are practically
limited in certain cases. However, architecture ANN3 (9 — 4 — 1) consistently exhibits the
lowest RMSE values and shows large effect sizes (1dz| > 1) in most comparisons against
more complex architectures (ANN2, ANN4, and ANND), evidencing a substantively supe-
rior predictive performance. For this reason, the subsequent interpretability analysis using
SHAP is conducted with ANNS3 as the reference model.

Table 7. Table of paired tests on the mean differences in RMSE between ANNSs.

ANN A ANNB  RMSE(A) RMSE (B) D‘(ff_r;‘ce t-Value p-Value ldz|
ANNI1 ANN2 0.8330 0.8378 —0.0048 ~73.20 <0.001 1.04
ANNI1 ANN3 0.8330 0.8325 0.0005 7.73 <0.001 0.1
ANNI1 ANN4 0.8330 0.8433 ~0.0103 ~126.01 <0.001 1.78
ANN1 ANN5 0.8330 0.8408 ~0.0078 ~109.43 <0.001 155
ANN2 ANN3 0.8378 0.8325 0.0054 80.18 <0.001 113
ANN2 ANN4 0.8378 0.8433 —0.0054 ~69.03 <0.001 0.98
ANN2 ANN5 0.8378 0.8408 ~0.0030 ~39.97 <0.001 0.57
ANN3 ANN4 0.8325 0.8433 ~0.0108 ~130.51 <0.001 185
ANN3 ANN5 0.8325 0.8408 —0.0083 ~130.57 <0.001 185
ANN4 ANNG5 0.8433 0.8408 0.0025 36.39 <0.001 0.52

Note: dz stands for Cohen’s effect size.

The set of architectures explored also spans different levels of model complexity,
ranging from very parsimonious networks with a single small hidden layer to deeper
funnel-type architectures with two hidden layers. This strategy makes it possible to
assess whether the results depend on a specific network configuration. In our case, the
performance differences across architectures are relatively small and the most parsimonious
architecture (ANN3) provides the best predictive performance, suggesting that the results
are robust to reasonable variations in network complexity.

4.2. Results of SHAP Analysis
4.2.1. General Findings

Figure 3 displays the marginal contribution of each variable to the prediction of GAI
use, ordered from highest to lowest global importance (mean|SHAP|). PEU emerges
as the dominant predictor. High values of PEU are systematically associated with posi-
tive SHAP contributions, whereas low values generate pronounced negative effects, ev-
idencing a clearly monotonic relationship consistent with H1. PSU exhibits a positive
effect—supporting H2—but its contribution is comparatively smaller, ranking among the
variables with the lowest global importance. This result suggests that GAI use appears to be
driven more strongly by economic, productive, and individual technological predisposition
motives than by considerations of social usefulness.
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Figure 3. Beeswarm plot of SHAP values for the variables included in the analysis.

INNOV also occupies a prominent position, showing a positive association: high
levels of innovativeness are linked to positive SHAP contributions, while low levels reduce
predicted use. OPTI displays a consistent positive relationship as well, although of smaller
magnitude than PEU and INNOV. In contrast, INSEC shows an inverse pattern, with higher
values associated with negative contributions, confirming its inhibiting role. Among the
TRI-related variables, INNOV is the most relevant. Overall, the model estimates allow us
to support H3, H4, and H5.

FEM and ENTREP exhibit more limited effects. Nevertheless, the female gender shows
a predominantly negative contribution, consistent with the existence of a gender gap in
GAI use, thereby supporting H7. By contrast, entrepreneurial status does not generate clear
or systematic effects, and its sign is not consistently defined, leading to a lack of support
for He6.

Generational variables display differentiated effects. GZ shows clearly positive and
high-magnitude contributions, indicating that belonging to Generation Z substantially
increases predicted use. GY also presents a positive effect, although of lower intensity and
with more moderate dispersion. This pattern suggests that both digital native generations
exhibit higher levels of use than digital immigrants, thus supporting H8. Additionally,
Generation Z shows higher predicted use than Generation Y.

Table 8 reports mean | SHAP | values for the full sample and across tertiles of the
dependent variable. In the overall sample, the results reveal a clear hierarchical structure
in which PEU emerges as the dominant explanatory factor of GAI use. It is followed by the
generational variables (GY and GZ) and the TRI dimension INNOV. OPTI shows greater
relevance than INSEC, although both carry substantially less weight than PEU, GY, and
INNOV. FEM, PSU, and ENTREP appear as the least influential variables in the full sample.

The tertile-based analysis reveals that the relative importance of GZ, INNOV, and
OPTI increases from the first to the third tertile. Similarly, ENTREP and FEM also increase
their contribution in the upper tertiles, although their explanatory weight remains relatively
marginal. By contrast, PEU maintains high and relatively stable importance across tertiles,
confirming its structural role at all levels of use. Finally, PSU emerges as the least influential
variable in the upper two tertiles and shows little variation across the distribution of use.
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Table 8. Mean absolute SHAP values in the overall sample and by tertiles.

Feature 1st Tercile 2nd Tercile 3rd Tercile Overall Sample
PEU 0.2318 0.2226 0.2256 0.228
GY 0.1434 0.162 0.1699 0.1531
INNOV 0.1375 0.1373 0.1665 0.1417
GZ 0.1043 0.1522 0.1654 0.1284
OPTI 0.0401 0.0438 0.0564 0.0436
INSEC 0.0334 0.0348 0.0392 0.0347
FEM 0.0264 0.0369 0.0416 0.0319
PSU 0.0111 0.012 0.0125 0.0116
ENTREP 0.0093 0.0121 0.0137 0.0108

4.2.2. Evaluation of Gender Gaps in the Influence of Explanatory Variables

The beeswarm plot in Figure 3 clearly reveals the existence of a gender gap in GAI
use, showing that being female exerts an inhibiting effect on use. Beyond this difference in
overall usage levels, Table 9 allows us to assess whether gender also conditions the relative
influence of the explanatory variables on use.

Table 9. Evaluation of the gender GAP in the influence of assessed variables on GAI use.

Variable Me:IfTI;}IZPI Mearllvllglfl AP| Difference t-Ratio p-Value [dzl
PEU 0.2177 0.2357 —0.0180 —2.937 0.007 0.12
PSU 0.0087 0.0138 —0.0050 —14.843 <0.001 0.579
OPTI 0.0332 0.0515 —0.0183 -11.717 <0.001 0.463

INNOV 0.1349 0.1469 —0.0120 —3.175 0.005 0.128

INSEC 0.0260 0.0413 —0.0153 —13.769 <0.001 0.543
FEM 0.0361 0.0288 0.0073 8.721 <0.001 0.377
ENTREP 0.0069 0.0138 —0.0068 —14.280 <0.001 0.545
GZ 0.1244 0.1313 —0.0069 —0.971 0.331 0.04
GY 0.1352 0.1666 —0.0314 —19.368 <0.001 0.783

Note: dz stands for Cohen’s effect size.

The results suggest that although statistically significant differences are observed for
nearly all variables, their practical relevance varies substantially. In the case of PEU, while
the difference between women and men is statistically significant, the effect size is trivial
(Idzl =0.120). Similarly, for GZ, no statistically significant or substantively meaningful
differences are observed in the variable’s contribution, suggesting that the gender gap may
not be present among the youngest cohort. INNOV also shows no practically relevant
difference (1dz| = 0.128).

By contrast, perceptible differences are detected for the remaining variables, with
medium (1dz!| > 0.20) and in some cases large (1dz | > 0.50) effect sizes. In particular, OPTI,
INSEC, ENTREP, PSU, and GY exhibit a greater contribution to the prediction of GAI use
among men than among women.

Overall, the results indicate that although three of the four most relevant variables
(PEU, INNOV, and GZ) do not display perceptible gender-based differences in their influ-
ence on USE, meaningful heterogeneity exists across the remaining factors. This suggests
that the gender gap in GAI use is reflected not only in adoption levels but also in the
underlying explanatory mechanisms—though not in the most structurally important ones.

The cross-generational comparison reported in Table 10 reveals that the gender gap
associated with several determinants of GAI use (PSU, OPTI, INSEC, and ENTREP) remains
remarkably stable across cohorts. By contrast, the behaviour of the two attitudinal drivers
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with the greatest explanatory weight in the model, PEU and INNOYV, is more cohort-
dependent. In GY, PEU still shows a significant gender difference, whereas in GZ this
difference disappears and even changes sign, although without statistical significance.
Similarly, INNOV exhibits no significant gender difference in either GY or GZ. This pattern
helps explain why the overall gender gap appears more pronounced for GY than for
GZ: among younger respondents, gender differences tend to vanish precisely in those
variables that make the strongest contribution to explaining actual GAI use. A plausible
interpretation is that, although gender differences persist in broader social perceptions,
OPTI, INSEC, and ENTREP, younger cohorts show greater convergence in the economic
and innovation-related assessment of GAIL This convergence may attenuate the overall
gender divide in this group.

Table 10. Gender gap in the influence of explanatory variables across generations.

Variable Digital Immigrants GenY GenZ
PEU —0.0168 * (0.114) —0.0272 ** (0.175) 0.0122 (0.102)
PSU —0.0043 ** (0.573) —0.0060 ** (0.640) —0.0038 ** (0.404)
OPTI —0.0186 ** (0.438) —0.0176 ** (0.540) —0.0207 ** (0.465)
INNOV —0.0144 ** (0.169) —0.0054 (0.053) —0.0182 (0.238)
INSEC —0.0149 ** (0.508) —0.0158 ** (0.687) —0.0185 ** (0.547)
ENTREP —0.0077 ** (0.571) —0.0049 ** (0.509) —0.0105 ** (0.703)

Note: Entries report the difference in mean | SHAP | between women and men (women — men). ** indicates
statistical significance at the 1% level and * at a 5% level. Values in parentheses correspond to the absolute value
of Cohen’s dz effect size.

5. Discussion
5.1. General Considerations

The present study develops an explanatory model of the determinants of generative
artificial intelligence (GAI) use, drawing on elements from different technology accep-
tance theories such as TAM and TRAM. The model was estimated using ANNSs, and
the contribution of the explanatory variables was assessed through Shapley Additive
Explanations (SHAP).

Regarding the first research objective, several ANN architectures were tested and
SHAP was applied to the best-performing model. The results indicate that the main ex-
planatory variables of use (USE) are, in order of importance, perceived economic usefulness
(PEU) and generational status associated with the digital native-digital immigrant dis-
tinction. Digital immigrants tend to use GAI less intensively and, among digital natives,
Zoomers exhibit higher levels of use than millennials. Furthermore, all ANNs display
superior predictive performance (both in-sample and out-of-sample) compared to a con-
ventional linear regression model that would typically have been used to evaluate USE.

The relatively modest R? values observed in the training phase should be interpreted
considering the nature of behavioural phenomena and survey-based social research, where
explained variance is often limited by unobserved heterogeneity, measurement error, and
contextual factors not captured in the model. In this context, moderate levels of explanatory
power are not uncommon and do not invalidate theoretically meaningful relationships [80].
Importantly, the neural-network models consistently outperform the linear regression
benchmark in terms of predictive performance, indicating that the nonlinear architectures
capture additional patterns in the data. Moreover, although artificial neural networks are
often criticized for their lack of transparency, the use of SHAP allows the contribution
of each variable to be interpreted in a systematic and theoretically meaningful way [25].
This approach helps reconcile predictive modelling with interpretability, addressing the
well-known tension between explanation and prediction in behavioural research [81].
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Concerning the second research objective, the findings reveal the existence of a gender
gap in GAl use. Beyond the fact that women, on average, tend to use GAI less than men,
this gap appears to be concentrated among millennials and older generations. Differences
are also observed in constructs of secondary importance such as OPTI, INSEC, and PSU,
which show greater explanatory power for use among men than among women. However,
for two of the four most relevant variables (PEU and INNOV), these differences exhibit
only negligible effect sizes.

The finding that perceived usefulness constitutes the primary driver of GAI use is
consistent with the central role this construct typically plays in technology adoption, partic-
ularly in contexts where ease of use is, to some extent, taken for granted [82]. This appears
to be the case for GAI since although maximizing its performance may require precision in
prompt formulation, obtaining direct outputs relies on intuitive natural language interac-
tion, similar to communicating with another person via a messaging system, even in artistic
works [83]. Large language models have been explicitly shaped to be more instructable
and less evasive, thereby facilitating their use by non-expert users [8]. The relevance of this
construct in GAI adoption has been confirmed in generic usage contexts [40,41], among
firm employees [42], in Al-powered products [43], and in educational settings [44,45]. Nev-
ertheless, it should be emphasized that the relevance of perceived usefulness is primarily
associated with economic and productive aspects rather than social considerations, sug-
gesting that GAI use is likely concentrated in work-related contexts, where usefulness is
especially salient under mandatory conditions [84].

Although it was expected that younger generations would use GAI more intensively
than older cohorts, it is noteworthy that age ranks above TRI constructs and perceived
social usefulness in terms of explanatory importance. This finding confirms that older
adults tend to adopt a more cautious or skeptical stance toward GAI [17]. Differences are
also observed within digital native generations, in line with the findings of [34].

With the exception of INNOV, TRI constructs exert a more secondary influence than
economic—productive perceived usefulness, yet their explanatory weight exceeds that
of perceived social usefulness. Moreover, the fact that driver-related factors (OPTI and
INNOV) are more relevant than the inhibitor (INSEC) is consistent with what is typically
observed in empirical studies [61].

Entrepreneurial status does not exhibit a clear relationship with GAI use. Despite the
technological potential of GAI, this result may be explained by the sectoral composition
of self-employment in Spain, which is primarily concentrated in small retail, hospital-
ity, construction, and agriculture [85]—sectors that are generally not among those most
affected by the rise of GAI [3]. This finding suggests, as noted by [69], that although
self-employment is the most common proxy for entrepreneurship, it does not adequately
capture entrepreneurial activity in its purest sense.

Finally, gender emerges as a relevant factor in GAI use, with men tending to report
higher levels of use than women, in line with prior literature [67]. However, this effect is
clearly less decisive than that of age. The gender gap is evident among millennials and
older cohorts, whereas it appears to fade among Generation Z. A particularly relevant
finding is that this attenuation does not occur because all gender differences disappear, but
because they no longer affect the most influential drivers of GAI use. This pattern suggests
that intergenerational change may be reducing gender asymmetries precisely in the core
instrumental and innovation-related evaluation of GAI, i.e., PEU and INNOV.

5.2. Theoretical Implications

Although the performance differences among the various ANNSs are not particularly
large in absolute terms, they are consistent, with medium-sized effects in favor of a specific
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architecture when RMSE is considered the relevant error metric—interestingly, the simplest
one. This result reinforces the convenience, in behavioral analysis studies—where the use of
ANNSs is becoming increasingly common [19]—of testing different network configurations
and architectures, both in terms of the number of neurons and the number of layers.
Moreover, all ANNs outperform linear regression in both in-sample fit and out-of-sample
predictive tasks.

The study also highlights the usefulness of SHAP as an exploratory and explana-
tory tool beyond the mere identification of global variable importance. The combined
use of beeswarm representations, tertile-based stratified analyses, and interaction inspec-
tion allows for a richer and more nuanced understanding of how different configurations
of attitudes, perceptions, and experiences translate into differentiated levels of the out-
come, facilitating a substantive interpretation of inherently nonlinear models [25]. There-
fore, the ANN-based approach should not necessarily be viewed as merely complemen-
tary to regression-based methods; rather, it can be employed as a standalone alternative
to regression.

Finally, the results obtained in the GAI use models underscore the need to explicitly
consider sociodemographic variables such as age and the existence of gender gaps, which
operate transversally across cognitive explanatory variables. These findings suggest that ex-
planatory models of GAI use should be expanded to incorporate structural and generational
factors that significantly shape the adoption and effective use of this technology.

5.3. Practical and Public Policy Implications

The findings of this study offer several relevant implications for both public poli-
cymakers and organizations and economic agents interested in promoting an efficient,
equitable, and socially responsible use of GAL

The clear primacy of PEU as the main determinant of use suggests that GAI diffu-
sion and adoption strategies should focus on tangibly demonstrating its benefits in terms
of efficiency, productivity, and improvements in job performance. From a public policy
perspective, this points to the desirability of promoting training programs oriented to-
ward concrete use cases—particularly in professional contexts—that illustrate how GAI
can be integrated into real tasks and generate immediate returns. This approach is es-
pecially relevant in a context such as Spain, characterized by a high prevalence of SMEs
and microenterprises, where technological adoption is often strongly conditioned by the
perception of clear, short-term benefits.

Age and generational status emerge as key structural factors in explaining GAI use.
The lower intensity of use observed among digital immigrants highlights the need to design
cohort-differentiated training policies. For older workers, providing access to technology is
not sufficient; it is also necessary to reduce the uncertainty and perceived risk associated
with its use. In this regard, active labor market policies and lifelong learning programs
should incorporate specific GAI literacy modules, oriented not only toward basic technical
skills but also toward understanding its limitations, risks, and practical applications. This
is essential to prevent a new form of digital exclusion in the labor market.

A particularly relevant implication stems from the gender gap identified in GAI
use. Although this gap is less pronounced among members of Generation Z, it remains
significant among millennials and older cohorts, and it manifests not only in usage levels
but also in certain underlying explanatory mechanisms. From a public policy perspective,
these results suggest the need to explicitly incorporate the gender dimension into GAI
promotion strategies. Training, awareness, and support programs should take into account
that women tend to assign greater importance to social and ethical implications, whereas
men show greater sensitivity to factors related to technological optimism and insecurity.
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Ignoring these differences could contribute to reproducing or even widening pre-existing
inequalities in access to and effective use of GAL

Finally, the fact that entrepreneurial status does not act as a clear incentive for GAI
use suggests that entrepreneurship support policies should go beyond merely ensuring
the availability of technological tools. In traditional self-employment sectors, where the
potential impact of GAI may be less evident, it is necessary to design targeted programs
that help identify relevant and sector-adapted applications. Otherwise, there is a risk that
the benefits of GAI will become concentrated in specific segments of the labor market,
reinforcing dynamics of technological polarization.

6. Conclusions
6.1. Principal Takeaways

This study provides an integrated and empirically grounded view of the determinants
of GAI use among the Spanish working population, combining ANNs and SHAP. The use
of GAl is predominantly driven by perceptions of economic and productive usefulness. The
perception that these tools enhance efficiency, productivity, and job performance emerges
as the most relevant explanatory factor, well above other cognitive or attitudinal constructs.
This finding confirms that, in professional contexts, GAI adoption primarily follows an
instrumental logic, consistent with classical technology acceptance frameworks, but here
reinforced through a nonlinear, data-driven approach.

Generational status also constitutes a key structural axis in explaining GAI use. Digital
natives use these tools more intensively than digital immigrants, and within this group,
Generation Z exhibits higher levels of use than Generation Y. This result indicates that
age does not merely act as a secondary moderator but rather as a central determinant of
effective use, underscoring the risk of a new digital divide associated with GAL

Technological predisposition factors remain relevant, albeit with a distinctive pattern.
Innovativeness (INNOV) is by far the most influential of these constructs and, as commonly
observed in empirical studies, driver-related factors exert greater explanatory weight
than barriers.

The existence of a gender gap in GAI use is also noteworthy. It manifests both in
overall usage levels and in certain underlying explanatory mechanisms. Women tend to
use GAI less than men, particularly among millennials and older generations. The absence
of relevant differences within Generation Z suggests that this gap may attenuate in the
medium term. Differences are also observed in how certain factors influence use, although
these are concentrated in secondary constructs. For the most relevant variables (PEU and
INNOV), while statistically significant, gender differences exhibit negligible effect sizes.

From a methodological standpoint, the study demonstrates that ANNs, combined
with explainability techniques such as SHAP, constitute a valid and powerful tool for
analyzing technological behavior. This approach enables the identification of nonlinear
relationships and structural heterogeneity that would be difficult to detect using traditional
linear models, thereby providing a solid basis for the formulation of theoretical, practical,
and public policy implications.

6.2. Limitations and Further Research

Despite the contributions of this study, several limitations must be acknowledged,
which in turn open clear avenues for future research. The analysis is based on cross-
sectional data, which prevents the establishment of strict causal relationships between
perceptions, attitudes, and GAI use. Although the use of ANNs enables the identification
of nonlinear relationships and complex patterns, it does not allow for determining the
temporal direction of the observed effects. Future research could address this limitation
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through longitudinal or panel designs, enabling the examination of how GAI use and its
determinants evolve over time.

The dependent variable focuses on the aggregate intensity of GAI use without dis-
tinguishing between specific application contexts. While this approach is appropriate for
capturing general adoption patterns in a technology characterized by immediate access
and transversal use, it does not differentiate between professional, educational, creative, or
recreational applications. Subsequent studies could delve deeper by disaggregating use
according to task type or domain, thereby identifying whether explanatory factors vary
across contexts of utilization.

The operationalization of entrepreneurship through self-employment constitutes a
practical but limited proxy. This measure does not adequately capture the heterogeneity of
entrepreneurial activity, particularly in innovative or knowledge-intensive domains where
the potential impact of GAl is likely to be greater. Future research could incorporate more
refined indicators of entrepreneurial status, innovation intensity, or sectoral specialization
in order to more precisely analyze the relationship between entrepreneurship and GAI use.

Although the study explicitly examines the gender gap, it does so using a binary
classification and without considering other relevant social dimensions. Future investi-
gations could adopt an intersectional perspective, exploring how gender interacts with
variables such as age, educational level, occupation, or socioeconomic status in explaining
GAI use. Complementary qualitative approaches could also provide deeper insights into
the motivations, concerns, and barriers that cannot be fully captured through structured
survey data.

The study is confined to the Spanish context, relying on data from a national macro-
survey. While this strengthens the internal validity of the findings, it limits their generaliz-
ability to countries with different productive structures, levels of digitalization, or regula-
tory frameworks. In this regard, cross-national comparative studies represent a particularly
promising line of research to assess the robustness and transferability of the results.

Finally, from a methodological perspective, although the combination of ANNs and
SHAP substantially enhances the interpretability of nonlinear models, the results remain de-
pendent on the analytical approach adopted. Future research could strengthen robustness
by comparing different machine learning algorithms or integrating alternative explainabil-
ity techniques, in order to test the stability of the explanatory hierarchies identified.
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Abbreviations

The following abbreviations are used in this manuscript:

Al
ANN/ANNs
CIS
CNO-11
FEM
GAI
GenZ
GenY
Gen X
GPT
GZ

GY
INNOV
INSEC
KMO
L2

Ir

MAE
MLP
MSE
NR
OPTI
PCA
PEU
PSU

Q2

R2
ReLU
RMSE
SD
SDGs
SHAP
TRI
TRAM
TAM
UTAUT
dz

Artificial Intelligence

Artificial Neural Network(s)

Spanish Center of Sociological Research
Spanish National Classification of Occupations
Dummy variable for gender (male = 0, female = 1)
Generative Artificial Intelligence

Generation Z (Zoomers)

Generation Y (Millennials)

Generation X

Generative Pre-trained Transformer

(dummy) Generation Z

(dummy) Generation Y

Innovativeness

Insecurity

Kaiser-Meyer—Olkin (measure)

L2 regularization

Learning rate

Mean Absolute Error

Multilayer Perceptron

Mean Squared Error

Not reported

Technological Optimism

Principal Component Analysis

Perceived Economic and Productive Usefulness
Perceived Social Usefulness

Predictive coefficient of determination (out-of-sample)
Coefficient of determination

Rectified Linear Unit

Root Mean Squared Error

Standard Deviation

Sustainable Development Goals

Shapley Additive Explanations

Technology Readiness Index

Technology Readiness and Acceptance Model
Technology Acceptance Model

Unified Theory of Acceptance and Use of Technology
Cohen’s dz
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Appendix A. Learning Curves of Fitted ANNs
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Figure A1l. Learning curves of the ANNs with one hidden layer.
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Figure A2. Learning curves of the ANNs with two hidden layers.
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