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Abstract

Generative Artificial Intelligence (GAI) has become a topic of increasing societal and aca-
demic relevance, with its rapid diffusion reshaping public debate, policymaking, and
scholarly inquiry across diverse disciplines. Building on this context, the present study
explores the factors influencing GAI adoption among Spanish digital natives (Millenni-
als and Zoomers), using data from a large national survey of 1533 participants (average
age = 33.51 years). The theoretical foundation of this research is the Theory of Planned
Behavior (TPB). Accordingly, the study examines how perceived usefulness (USEFUL),
innovativeness (INNOV), privacy concerns (PRI), knowledge (KNOWL), perceived social
performance (SPER), and perceived need for regulation (NREG), along with gender (FEM)
and generational identity (GENZ), influence the frequency of GAI use. A mixed-methods
design combines ordered logistic regression to assess average effects and fuzzy set quali-
tative comparative analysis (fsQCA) to uncover multiple causal paths. The results show
that USEFUL, INNOV, KNOWL, and GENZ positively influence GAI use, whereas NREG
discourages it. PRI and SPER show no statistically significant differences. The fsQCA re-
veals 17 configurations leading to GAI use and eight to non-use, confirming an asymmetric
pattern in which all variables, including PRI, SPER, and FEM, are relevant in specific com-
binations. These insights highlight the multifaceted nature of GAI adoption and suggest
tailored educational, communication, and policy strategies to promote responsible and
inclusive use.

Keywords: artificial intelligence; generative artificial intelligence; theory of planned behavior;
digital natives; zoomers; millennials; correlational methods; configurational methods; fuzzy
set qualitative comparative analysis

1. Introduction

Artificial Intelligence (Al) is progressively permeating diverse domains of society,
reshaping organizational practices and daily life, and becoming embedded in managerial
processes and quality-of-life enhancements [1]. Among Al technologies, generative Al
(GAI) plays a particularly prominent role because of its ability to create original content,
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such as text, images, and music [2]. Prominent examples of GAI applications, such as
ChatGPT, DALL-E 2, and GitHub Copilot, exert a significant influence across domains,
including education [3], marketing, software engineering, and healthcare [4].

Rapid deployment of GAI presents significant ethical and social challenges. Among
the most prominent are the spread of algorithmic biases, generation of misinformation,
opacity of decision-making processes, and potential loss of jobs that require intellectual
effort [5]. Additionally, the use of language models that operate as “black boxes” has raised
concerns regarding transparency and public trust [6].

On the other hand, although GAI has the potential to augment individual creativity
and optimize efficiency in cognitively demanding and creative activities, it tends to homog-
enize innovation, affecting cultural and creative diversity [7]. Moreover, privacy concerns
have also increased. Because GAl is trained on large datasets, it can unintentionally capture
and reproduce sensitive information. This entails the risks of personal data exposure and
non-compliance with regulations [8,9].

This study assesses the drivers and barriers to the use of GAI in Spain using a macro-
survey of the Spanish Center for Sociological Research [10] on the use of GAI in Spanish
society. The analysis focuses on the factors driving its adoption among younger generations,
specifically those born after 1980, who are typically referred to as digital natives and have
grown up and been educated in the age of information technologies [11]. Digital natives
included Millennials (members of Generation Y) and Zoomers (members of Generation Z).
Although generational boundaries are somewhat blurred and there is no absolute consensus
among scholars, this study adopts the most widely accepted criterion: Millennials were
born between 1980 and the mid-1990s, while those belonging to Zoomers were born from
1995 onward [12].

Focusing on Millennials and Zoomers to analyze the use of GAl is justified by the
marked attitudinal, technological, and motivational differences that set them apart from
older generations such as Generation X and Baby Boomers regarding information tech-
nologies [13]. Zoomers have grown up in a fully digital environment, showing a greater
willingness to adopt emerging technologies, such as GAI, both in educational and profes-
sional contexts. In contrast, older generations tend to exhibit higher levels of skepticism,
ethical concerns, and resistance to technological change [14]. Furthermore, recent studies
show that the key behavioral motivators differ significantly across generations: Zoomers
place more value on intrinsic motivation and are more responsive to motivational cues,
whereas members of Generation X tend to respond to social extrinsic motivators and
Millennials to introjected regulation mechanisms [5].

Spain offers a particularly compelling case for analyzing GAI adoption among digital
natives. While it shares general trends in technological uptake with other European
countries, it also exhibits distinctive features, such as relatively lower investment in R&D
and a strong influence of EU-level policies. Framing Spain in this manner enables cross-
national comparisons and adds to the broader debate on how younger generations engage
with GAL

The theoretical framework used to analyze the influence of explanatory variables
based on survey data [10] is represented graphically in Figure 1. These variables fall under
the Theory of Planned Behavior (TPB) [15], which has previously been used to model the
acceptance and use of Al [16,17]. We identified three categories of behavioral predictors:
attitude, perceived behavioral control, and subjective norms.

Attitude is defined as the degree of favor or disfavor a person is assigned to per-
forming a specific behavior [15]. In technology adoption models such as the Technology
Acceptance Model [18], the main antecedent of attitude is perceived usefulness. GAI en-
ables the automation of knowledge-based tasks and supports complex processes, such as
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text generation, programming, and customer service, thereby increasing efficiency and
productivity in various sectors [19]. Additionally, two intrinsic user dimensions are consid-
ered formative factors of attitude. First, user innovativeness is often significant in shaping
attitudes toward Al use [20]. Second, there may be a loss of control over personal data

privacy [6].
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Figure 1. Conceptual ground.

Perceived behavioral control has been conceptualized in the literature from various
perspectives, including self-efficacy and perceived control over the outcomes of an ac-
tion [21,22]. In this study, perceived behavioral control is addressed through the user’s
level of knowledge and understanding of how GAI functions, as adequate technical com-
prehension is essential for its effective use [23].

Subjective norm refers to the perceived social pressure a person feels to perform a
certain behavior [15]. In the context of GAL this study considers such pressure to be shaped
by both beliefs about its societal benefits and the perceived need to establish regulations to
mitigate potential risks [2].

In addition to generational identity, gender is also relevant for understanding technol-
ogy adoption, as prior research has documented differences in attitudes toward innovation,
perceived behavioral control, and how social influence is perceived [24]. Accordingly, sex
was included in the analysis as a control variable to provide a more nuanced view of GAI
adoption among Spanish digital natives.

This study adopts a hybrid methodological strategy that integrates correlational and
configurational approaches to examine the determinants of GAI use. From a traditional
perspective, correlational analysis is applied to quantify the link between independent
variables and the dependent variable to identify patterns of direct influence [25]. However,
the approach is not limited to this linear analysis; it also incorporates principles from
complexity theory. This theory recognizes that in social systems, multiple causal pathways
can lead to the same outcome and that the presence of an effect does not necessarily imply
its reverse under opposite conditions [25,26]. This approach is particularly suitable for
studying phenomena such as technology adoption, where the same decision, accepting or
rejecting an innovation, may be driven by radically different combinations of factors across
individuals [27].

To address this complexity, this study employs fuzzy set Qualitative Comparative
Analysis (fsQCA), a technique that explores causal configurations and visualizes how
different conditions interact to explain a specific outcome [26]. Owing to its capacity to
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capture non-linear and equifinal relationships, fsSQCA has gained popularity since the
mid-2010s in fields such as marketing and consumer behavior research [24].

In line with the theoretical model presented in Figure 1, this study poses two main
research questions (RQs).

e  The first (RQ1) aims to measure the average effect of the explanatory variables on
willingness to use GAI, addressed using a variable-oriented approach through ordinal
logistic regression.

e  The second (RQ2) explores how the different factors in the conceptual model form
causal combinations (paths) that affect both the adoption and reluctance to generate
Al analyzed through the configurational approach of fsQCA.

2. Conceptual Ground

2.1. Development of the Correlational Hypotheses of the Model
2.1.1. Hypotheses About Attitudinal Variables

Generative Al encompasses a wide range of applications that are perceived to be
valuable in organizational and societal contexts. It contributes to productivity gains and
informed decision-making across domains such as healthcare, education, and industry [2].
In addition, generative Al fosters innovation and enables the resolution of complex prob-
lems, thereby exerting a positive influence on the broader processes of economic and social
development [5]. Within educational settings, generative Al facilitates the personalization
of learning trajectories and supports more inclusive pedagogical practices [3,28].

From a sustainability perspective, GAI can optimize processes, minimize waste, and
expand access to essential services, such as healthcare and transportation [29]. It also pro-
vides indirect ecological benefits by replacing physical travel and manual tasks with digital
solutions [30]. However, its implementation involves potentially significant environmental
costs related to energy consumption, carbon emissions, and the use of critical materials for
data infrastructure [31]. Nevertheless, it is important to acknowledge significant risks, par-
ticularly the tendency of generative Al systems to produce responses that are syntactically
plausible, yet factually inaccurate, a phenomenon often referred to as hallucination [32].

The perception of these benefits and costs influences the acceptance of GAI among
employees [33], consumers [20], and users in academic environments [23,34-36]. Therefore,
if we name perceived usefulness USEFUL, we propose the following:

Hypothesis 1 (H1). USEFUL has a positive link with the use of GAL

On the other hand, an individual’s willingness to experiment with new technologies,
referred to as innovativeness (INNOV)), is a determining factor in the perception and adop-
tion of technological innovation are perceived and adopted [37]. Thus, GAI is more readily
accepted when it is perceived as an augmentative tool [38]. Moreover, it is reasonable to
expect that individuals with higher levels of innovativeness who experience greater digital
well-being will also report higher well-being in their interactions and coexistence with
AI[39].

Individuals characterized by high levels of INNOV generally perceive emerging
technologies as more useful, accessible, and compatible with their existing practices, thereby
increasing the likelihood of adoption [40]. When faced with the same technology, innovative
individuals develop more favorable beliefs about their use [37]. This relationship has been
confirmed in both the context of general artificial intelligence [20,41] and specifically in
relation to GAI [42]. Therefore, we propose:

Hypothesis 2 (H2). INNOV has a positive link with the use of GAL
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The use of Internet-based technologies presents significant challenges for personal
data protection [43]. In the case of GAI, these risks are especially pronounced as users
are exposed to vulnerabilities inherent to the online environment. These concerns are
exacerbated by intrinsic Al features, such as massive data collection, limited oversight of
data reuse, and algorithmic opacity, which intensify both social concern and regulatory
demands [44].

GAI operates by processing large volumes of data, much of which are sensitive. This
creates risks, such as unauthorized identification of individuals or automated decision-
making, that may be unfair, biased, or difficult to explain [9]. Of particular concern is
the potential for unauthorized third-party access, whether internal or external, which
compromises the fundamental principles of privacy and autonomy and can result in severe
consequences, such as fraud or identity theft [45].

Empirical evidence regarding the impact of privacy concerns (PRI) on the acceptance
of GAI is mixed. While some studies suggest that a heightened perception of risk inhibits
the use of these technologies [41,46], others, such as [47], find no statistically significant
relationship, at least, in educational contexts. In any case, we proposed

Hypothesis 3 (H3). PRI is negatively associated with the use of GAL

2.1.2. Hypothesis About the Variable Related to Behavioral Control

Prior experience or knowledge (KNOWL) of a technology enhances users’ self-efficacy,
which directly influences perceived ease of use, a central determinant of acceptance [48].
This ease of use not only promotes the intention to use the technology but also increases its
perceived usefulness [49].

In the case of Al, prior knowledge may foster perceptions of greater usefulness and
lower risk [50]. This has been proven by studies showing higher acceptance of Al among
healthcare science students [51,52]. Furthermore, in educational contexts, self-confidence in
using GAI tools has been shown to significantly increase acceptance [17,23,34]. Therefore,
we state:

Hypothesis 4 (H4). KNOWL is positively associated with the use of GAIL

2.1.3. Hypotheses About Subjective Norm Variables

Subjective norm, or social influence, is understood in the context of technological ac-
ceptance as the perceived social desirability of using an innovation [49]. This perception has
been widely documented as a relevant factor in the adoption of both Al in general [20,53]
and GAI in different domains, such as society [54], industry [33], and academia [55,56].
Within this dimension, we integrate two perceptions: that GAI generates social performance
(SPER) and that its implications need regulation (NREG).

Generative Al is a reshaping domain ranging from routine activities to advanced
intellectual processes [2,5]. However, it also raises concerns about possible overreliance
on automated responses, which could weaken critical thinking and promote uncritical or
outsourced creativity, particularly in educational settings [4,7,57].

From an ethical and cultural perspective, GAI simultaneously represents opportunities
and risks. It can democratize access to cognitive and linguistic resources but also replicate
biases by being trained on data dominated by certain cultural frameworks, thus affecting
the fair representation of values, rights, and ways of life [6]. Likewise, its use facilitates
socially undesirable practices such as the creation and spread of fake news [57].

Economically, GAI could exacerbate inequality; while skilled workers may see wage
gains, less-skilled workers are at greater risk of displacement [58]. Assessing sustainability
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cannot be limited to efficiency or carbon footprint, but must include social, ecological, and
intergenerational justice dimensions [31]. In fact, the environmental impact of GAl has a
nonlinear effect, such that when used appropriately, it can have positive environmental
consequences [59], but beyond a certain threshold, it presents a negative global effect [31].
Therefore, we postulate the following;:

Hypothesis 5 (H5). SPER has a positive link with the use of GAL

Conversely, the ethical, social, and legal risks associated with Al have generated a
growing public perception of the need to regulate (NREG) technologies, which have been
analyzed extensively in the literature. Concerns range from privacy and misinformation
to safety and algorithmic bias [8,60]. This has generated distrust in social sectors and
slowed automation projects owing to the lack of technical transparency [44]. Another
relevant aspect is the perception among various stakeholders that GAI may function as a
substitutive tool [38].

As a result, social and political pressure has intensified to develop regulatory frame-
works that ensure transparency, fairness, data protection, and human rights [61]. The
academic community has also stressed the urgency of adopting measures to audit these
models and reduce their structural risks [6]. So, it is stated:

Hypothesis 6 (H6). NREG is negatively associated with the use of GAL

2.1.4. Influence of Sociodemographic Variables

The influence of demographic factors such as age, work experience (closely associ-
ated with age), and gender on technology adoption has been extensively documented in
theoretical frameworks such as the Unified Theory of Acceptance and Use of Technology
(UTAUT) and its extensions [62,63]. In this study, we included two factors: identifying as
female (FEM) and belonging to Generation Z (GENZ).

Gender differences have been widely documented in the adoption of emerging tech-
nologies, although the evidence remains somewhat inconsistent. Research shows that
women and men differ not only in their engagement with technology, but also in their
self-perceptions, with women often considering themselves less capable. Gender role
beliefs—namely, societal expectations that women are less interested in or proficient with
technology—have been identified as a key explanatory factor for these differences. Such
perceptions may foster negative experiences and reinforce feelings of uncertainty among
women [24].

In the case of GAI, preliminary studies likewise suggest that women may exhibit
greater sensitivity to ethical and privacy concerns, which can reduce their inclination
to adopt such tools compared with men [64]. This pattern also extends to self-perceived
competence: men are more likely to rate their Al skills positively and display greater trust in
technological outputs, whereas women often demand more conceptual clarity, transparency
regarding how the technology functions, and concrete examples before accepting its use [65].
Recent evidence further indicates that women tend to experience greater difficulty than
men in distinguishing Al-generated from human-written texts [66], which may heighten
skepticism and reinforce adoption gaps. Taken together, these insights provide a rationale
for anticipating gender differences in GAI adoption. Given the novelty of this technology
and the limited availability of systematic research, the following hypothesis should be
regarded as exploratory and open to further empirical validation:

Hypothesis 7 (H7). Females have a lower propensity to use GAI than males.
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The adoption and perception of Al, especially GAI, may differ notably among gen-
erations. Zoomers, who have grown up in a highly connected digital environment, tend
to display more favorable attitudes toward adopting emerging technologies. They value
their potential to improve productivity, personalize learning, and simplify daily tasks
and are generally more willing to experiment with these tools in educational and creative
contexts [14]. In contrast, although older generations, including Millennials, recognize
the potential benefits of GAI, they tend to adopt a more cautious stance. Their concerns
focus on ethical risks, potential dehumanization of processes, and the need for regulatory
frameworks to ensure responsible use [14,67]. Therefore, we propose:

Hypothesis 8 (HS). Zoomers have a higher propensity to use GAI members than Millennials.

2.2. Development of Configurational Laws on the Use of Generative Al (GAIU)

No single user profile exists in terms of technology. Rogers [68] identifies five cate-
gories based on willingness to adopt innovations: innovators, early adopters, early majority,
late majority, and laggards. For instance, while innovators are motivated by experimen-
tation, the early majority adopt technology after observing its effectiveness among other
users. However, this is not the only typological approach. Birkland [69] proposed five
profiles: enthusiasts, pragmatists, socializers, traditionalists, and gatekeepers. In the con-
text of blockchain applications, Tankovic et al. [70] identified four types of digital natives:
innovators, cautious, skeptics, and suspicious.

The classification of non-users has also expanded, recognizing that non-adoption is
not always due to a lack of access, but can result from informed and situational decisions.
Ethical, social, or functional factors, such as privacy concerns, lack of skills, cultural
rejection, or perceived irrelevance influence non-use [71]. Gauttier [72] distinguished
four profiles: resisters, rejecters, expelled, and excluded profiles. Additionally, there are
substitute users (dependent on third parties) and convertibles (potential users) [71].

In this regard, both the use and non-use of GAI can stem from diverse pathways
resulting from multiple combinations of conditions. For example, a pragmatic or early
adopter profile might be associated with perceptions of usefulness and knowledge, while
an innovator profile would be linked to a propensity for experimentation, even without
clear utility. From this perspective, complexity theory and the fsQCA method allow for
the identification of diverse configurations that traditional correlational analyses do not
capture [26].

Moreover, attitudes toward technology tend to be asymmetric; acceptability does not
always lead to adoption, but unacceptability can result in rejection [72]. In the field of GAI
adoption, the reasons for its use are not symmetrical with those cited for its rejection [19].
In this context, fsQCA is particularly well-suited for analyzing non-symmetric causal
relationships, although it can also address symmetric situations [73].

Unlike hypothetico-deductive approaches, fsQCA does not formulate traditional
hypotheses but rather “soft laws,” that is, propositions based on combinations of causal
conditions [74]. Instead of focusing on linear relationships, it identifies the causal patterns
that produce a specific outcome.

Based on this approach, the following propositions are proposed regarding the paths
leading to the use and non-use of GAI in Figure 2:
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Figure 2. Framework used to model configurational assessment.

Proposition 1 (P1). In the configurations that precede the use of GAL the predominant conditions
are the presence of USEFUL, INNOV, KNOWL, SPER, and GENZ, and the absence of PRI, NREG,
and FEM.

Proposition 2 (P2). In the configurations that precede the non-use of GAI, the predominant
conditions are the absence of USEFUL, INNOV, KNOWL, SPER, and GENZ, and the presence of
PRI, NREG, and FEM.

Proposition 3 (P3). The configurations associated with the use and non-use of GAI are
not symmetrical.

3. Material and Data Analysis
3.1. Sampling

The study was based on a large-scale national survey carried out in Spain, designed to
be representative of the adult population aged 18 years and above. A total of 4004 valid
interviews were collected using random selection of telephone numbers (17.4% landline,
82.6% mobile), with quotas by gender, age, and stratification across Spain’s 17 autonomous
communities and two autonomous cities. Fieldwork was conducted between February 6
and February 15, 2025.

For the purposes of the present research, we focused exclusively on digital natives,
defined here as individuals born from 1980 onward, that is, aged 18 to 45 at the time of
the survey. Respondents aged 46 or older were excluded. In addition, participants who
reported never having heard of artificial intelligence were removed because their responses
would not be meaningful for the analysis of GAI adoption. After applying these criteria,
the final analytical sample consisted of 1533 valid cases.

Using G*Power 3.1 [75], it was verified that the available sample size provided 80%
statistical power for a significance level of 5% and an effect size of 0.01, in the context of a
linear regression with eight explanatory variables. Furthermore, for the test of individual
coefficient significance, effect sizes of 0.01 offered 99% power at the same significance level.

3.2. Sociodemographic Profile

Table 1 shows the participants’ sociodemographic characteristics. Regarding gen-
der, 42.60% of the participants were men, and 57.40% were women. In terms of age,
294 participants (19.18%) were up to 25 years old, 562 (36.66%) were between 26 and
35 years old, and 677 (44.16%) were between 36 and 45 years old. The mean age of the sam-
ple was 33.51 years old, (standard deviation, 7.62 years). The vast majority of respondents
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(88.91%, or 1363 individuals) reported only Spanish nationality, 5.28% held dual nationality,
and 5.81% did not have Spanish nationality.

Table 1. Profile of the sample used in this paper (N = 1533).

Factor Number Percentage
Sex
Men 653 42.60%
Women 880 57.40%
Age
Up to 25 years 294 19.18%
From 26 to 35 years 562 36.66%
From 36 to 45 years 677 44.16%
Nationality

Spanish 1363 88.91%
Spanish and others 81 5.28%
Other 89 5.81%

Academic degree
Primary or less 98 6.39%
Secondary 551 35.94%
University 884 57.66%

Monthly Household Income

Less than €900 76 4.96%
From €900 to €1800 321 20.94%
From €1801 to €3000 493 32.16%
From €3001 to €6000 504 32.88%
From € 6001 89 5.81%
Non answered 50 3.26%

Regarding educational level, 98 individuals (6.39%) had no more than a primary
education, 551 (35.94%) had completed secondary education, and 884 (57.66%) had attended
university. In terms of household income, the majority were concentrated in intermediate
ranges: 32.88% reported a monthly income between €3001 and €6000, followed by 32.16%
with an income between €1801 and €3000. A total of 20.94% reported an income between
€900 and €1800 per month, while 4.96% reported less than €900. Only 5.81% reported an
income of >€6000 per month. Finally, 3.26% of the respondents did not answer this question.

3.3. Measurement of Variables

The questionnaire was designed and administered by the Spanish Center for Sociolog-
ical Research (CIS), which follows standardized procedures for survey design, pre-testing,
and validation in its national studies. Different measurement formats were employed de-
pending on the nature of each construct: attitudinal variables, such as perceived usefulness
or privacy concerns, were measured through Likert-type scales, while factual knowledge
and demographic variables were captured with categorical or dichotomous items. The
specific details of items and scales are provided in Table 2.

To ensure measurement quality, we assessed both internal consistency and convergent
validity. Specifically, items were subjected to exploratory factor analysis, requiring loadings
above 0.6 and an average variance extracted (AVE) of at least 0.5, supported by Bartlett’s test
of sphericity. Reliability was confirmed as Cronbach’s alpha exceeded 0.6 in all cases [76],
and composite reliability was above the 0.7 threshold [77].

As for the response variable, respondents indicated how frequently they used various
GAIs (such as ChatGPT and Gemini) on a 6-point scale (ranging from 0 to 5). Regarding the
attitudinal explanatory variables (USEFUL and INNOV), both are composed of multiple
items: the former is measured on a 3-point scale, while the latter uses a 10-point scale.
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The variables related to perceived behavioral control included PRI and KNOWL, each
measured using a single item on a 10-point Likert scale.

Table 2. Measurement of the variables used in this study.

Variables

Responses

Output variable: frequency of using GAI (GAIU)
GAIU1 = Chat GPT
GAIU2 = Gemini
GAIU3 = Microsoft copilot
GAIU4 = Perplexity
GAIUS = Other
Input variables
Usefulness (USEFUL): GAI is useful for
USEFULL1 = Labour market
USEFUL2 = Environment
USEFUL3 = Heathcare
USEFULA4 = Economy
Innovativeness (INNOV): What is your degree of
well-being in the next circumstances:
INNOV1: Get a surgery by a robot
INNOV2: Traveling in an autonomous automobile
INNOV3: Using a chatbot to get a customer service
Privacy risk (PRIV): Is the privacy in internet important
for you?
Knowledge (KNOWL) = Assess your knowledge and
familiarity with artificial intelligence.

Social performance (SPER): Al may promote
SPER1= Human analytical and reflective capacity
SPER?2 = The protection of people’s rights
SPER3 = Culture, values, and ways of life
SPER4 = Humanity as a whole
Need for regulation (NREG). I belief that:
NREGI = The design, programming, and training of
artificial intelligence systems should be subject to
regulatory oversight.

NREG2 = Companies and organizations must be required
to disclose whenever artificial intelligence is used in place
of human involvement.

NREGS3 = The application and deployment of artificial
intelligence ought to be regulated.

NREG4 = Artificial intelligence poses risks to the
protection of intellectual property rights.
NREGS = The establishment of stronger ethical
guidelines and legal safeguards for artificial intelligence
is among the most critical challenges currently
confronting humanity.

Sex (FEM)

Generation Z (GENZ)

Never = 1; Once = 1; Multiple times a year = 2; Multiple
times a year = 3; Multiple times a week = 4; Daily =5

From disagreement = 1 to agreement =3

From completely disagreement = 1 to completely
agreement =10

From nothing =1toalot=4

From complete unawareness = 1 to
complete awareness = 10.

Harmful = 1; Neutral = 2; Beneficial = 3

From full disagreement = 1 to full agreement = 5.
Neutral value = 3.

Male = 0 and Female =1
Determined based on age

Subjective norm variables were also multi-item constructs. The SPER consists of three

items evaluated on a 3-point scale, while the REG comprises five items answered on a

5-point scale. Finally, Generation Z membership is determined based on age, and gender is

expressed in a binary form.
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3.4. Data Analysis
3.4.1. Analysis of Research Question 1

The analysis corresponding to Research Question 1, which aims to test the hypotheses
developed in Section 2.1 (from H1 to HS), involves the use of regression methods. As
shown in Table 3, the outcome variable GAIU is measured on a 5-point scale that captures
usage frequency, with values ranging from 0 (never) to 5 (daily). Given its ordinal nature,

the use of ordinal logistic regression is justified for modeling.

Table 3. Operationalization of variables to respond RO1 and RO2.

Variables Ordinal Logit Regression (RO1) fsQCA (RO2)
Output variable: The standardized value of
P ; GAIU = Max{USE1, USE2,.. ., USE5}. The mean = SAU

Frequency of using GAI (GAIU)

Input variables

Usefulness (USEFUL)

Innovativeness (INNOV)

Privacy risk (PRIV)

Knowledge (KNOWL)

Social performance (SPER)

Need for regulation (NREG).

Sex (FEM)

Generation Z (GENZ)

categories are GAIU€{0,1,2,3,4,5}

The standardized first principal
component of its items

The standardized first principal
component of its items

The standardized value of the item

The standardized value of the item

The standardized value of the first
principal component of its items

The standardized value of the first
principal component of its items

Male = 0 and Female =1
Continuous variable in the [0, 1] range.
Being 25 years old or younger indicates

full membership in Generation Z
(value = 1), while being older than
35 indicates full membership in
Generation Y (value = 0). For individuals
between 25 and 35 years old, membership
is linearly graded.

myseryr is equal to 1 for values of
USEFUL at or above the 90th percentile,
and 0 for values below the 10th percentile.
Between the 10th and 90th percentiles,
the degree of membership is
linearly graded.
mnNov is equal to 1 for values of
INNOV at or above the 90th percentile,
and 0 for values below the 10th percentile.
Between the 10th and 90th percentiles,
the degree of membership is
linearly graded.
mpgyy is equal to 1 for values of PRIV at
or above the 90th percentile, and 0 for
values below the 10th percentile. Between
the 10th and 90th percentiles, the degree
of membership is linearly graded.
mygNowL is equal to 1 for values of
KNOWL at or above the 90th percentile,
and 0 for values below the 10th percentile.
Between the 10th and 90th percentiles,
the degree of membership is
linearly graded.
mgpgR is equal to 1 for values of SPER at
or above the 90th percentile, and 0 for
values below the 10th percentile. Between
the 10th and 90th percentiles, the degree
of membership is linearly graded.
myREeG is equal to 1 for values of NREG
at or above the 90th percentile, and 0 for
values below the 10th percentile. Between
the 10th and 90th percentiles, the degree
of membership is linearly graded.
MEM — FEM

MGENZ = GENZ

As indicated in Table 3, the input variables composed of multiple items (USEFUL,

INNOV, SPER, and NREG) were quantified using the standardized value of the first
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principal component extracted through varimax rotation. To justify this extraction, factor
loadings of all items above 0.6 were required, and the average variance extracted, and
Bartlett’s test of sphericity were examined. Internal consistency and convergent reliability
were also evaluated.

Additionally, as shown in Table 3, for single-item variables measured on multi-point
scales (PRI and KNOWL), standardized values were used. The gender variable (FEM)
is dichotomous, taking a value of one if the respondent identifies as a woman. Age was
operationalized through generational membership, specifically belonging to Generation
Z. Given that generational boundaries are blurred [11], individuals aged 25 or younger
were considered full members of Generation Z, and those older than 35 were classified
as Generation Y. For individuals aged between 25 and 35, Generation Z membership was
modeled linearly, assigning a value of 0 to those aged at least 35.

3.4.2. Analysis of Research Question 2

The analysis of RQ2 requires the use of fsQCA, which involves calibrating the variables
included in the analysis using membership functions. Accordingly, we generically denote
the membership function of variable X as mx. The procedure for adjusting the membership
functions is detailed in Table 3.

The answer to this research question was determined following the protocol outlined
by [73] with the help of fsQCA 3.1 software [78]. This implies the following steps.

1 We analyzed the necessary condition status for the presence and absence of explana-
tory factors in the willingness and non-willingness to try GAIL The presence of variable
X is measured by its membership function my; its absence, denoted as —.X, is mea-
sured by m —x = 1 — mx. Thus, while the membership function of GAIU is denoted
as mg Ay, non-use GAIU has a membership degree of m—gary =1 — mgaru

2 We performed an analysis of sufficient conditions. For this assessment, it is necessary
to construct recipes (also referred to in the literature as prime implicates or configura-
tions) that make up the intermediate solution (IS) and the parsimonious solution (PS)
for both GAIU and —GAIU. These recipes are interpreted as antecedents, pathways,
or profiles linked to adherence to and reluctance to GAI Prime implications of the
IS are obtained using assumptions about the presence or absence of the exogenous
variables in WTR and -WTR, based on the hypotheses developed in Section 2.1.

3 We present the set of primes that implicates WIR and “WTR (i.e., their intermediate
solutions) and interpret them. We distinguish between core conditions that appear
simultaneously in IS and PS, and peripheral conditions that appear only in the IS
recipes. The former functions as a strong cause and the latter as a weaker cause [25].

4  The measures of consistency (CON) and coverage (COV) allow the assessment of the
explanatory power of the IS and of each implicated individual prime. Consistency
quantifies the significance of a prime implicate or overall solution with desirable
values of >0.8. Coverage indicates empirical relevance and can be interpreted as a
measure of the effect size [26].

4. Results
4.1. Descriptive Statistics and Response of Research Objective 1

The descriptive statistics of the items included in the study are presented in Table 4.
The analysis revealed that ChatGPT emerged as the most frequently used generative Al
application among the respondents. The average of the aggregated variable measuring
the frequency of use of all GAIs (GAIU) was 2.66, which, according to the scale in Table 2,
corresponds to usage between “several times a month” and “several times a week.”
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Table 4. Summary statistics of study items.
Variables Mean SD FL CA CR AVE
Output variable (GAIU)
GAIU1 = ChatGPT 2.40 1.85
GAIU2 = Gemini 0.57 1.23
GAIU3 = Microsoft copilot 0.73 1.44
GAIU4 = Perplexity 0.16 0.662
GAIUS = Other 0.93 1.55
GAIU 2.66 1.82
Input variables
Usefulness (USEFUL) 0.631 0.781 47.70%
USEFUL 1 1.76 0.832 0.713
USEFUL 2 2.19 0.857 0.631
USEFUL 3 2.59 0.703 0.655
USEFUL 4 2.11 0.838 0.757
Innovativeness (INNOV) 0.612 0.791 56.90%
INNOV1 4.17 2.96 0.767
INNOV2 4.45 2.79 0.844
INNOV3 498 2.95 0.639
Privacy risk (PRI) 3.75 0.511 1 1 1 100%
Knowledge (KNOWL) 518 2.12 1 1 1 100%
Social performance (SPER) 0.668 0.803 51.40%
SPER1 1.84 0.889 0.614
SPER2 1.67 0.756 0.733
SPER3 1.62 0.754 0.741
SPER4 1.83 0.837 0.771
Need for Regulation (NREG) 0.805 0.869 57.50%
NREG1 43 1.02 0.835
NREG2 4.46 0.902 0.681
NREG3 4.42 0.963 0.851
NREG4 3.9 1.19 0.642
NREG5 419 1.06 0.76

Note: (a) FL = Factor loading by the 1st principal component, CA = Cronbach’s alpha, CR = composite reliability,
and AVE = average variance extracted; (b) In USEFUL, INNOV, PRI, SPER, NREG, the unicity of the correlation
matrix was rejected with the Barlett test with p < 0.0001.

Items associated with perceived usefulness indicate a predominantly negative assess-
ment of GAI's impact of GAI on the labor market (mean of 1.76, below the neutral value
of 2). In contrast, more positive than negative impacts are perceived in the areas of the
environment, medicine and health, and economy. Regarding the INNOV and KNOWL
dimensions, mean values fell below the neutral point of 5.5, and in the case of INNOV, no
item even reached a value of 5.

Concerns about Internet privacy show significant importance, with a mean of 3.75 on
a maximum scale of 4. However, the average evaluation of the items that capture perceived
positive externalities for society (SPER) does not exceed a value of two out of three in any
case. In contrast, the items related to the NREG showed values above 4, indicating the
majority support for regulating the development and use of AL

Regarding the psychometric quality of the scales, the item loadings for USEFUL,
INNOYV, SPER, and NREG all exceed the 0.6 threshold, and the average variance extracted
by the first component surpassed 50% for INNOV, SPER, and NREG. In the case of USEFUL,
the explained variance is slightly lower at 47.70% but remains very close to the desired
threshold. For all scales, Bartlett’s test rejects the hypothesis that the correlation matrix is the
identity matrix, supporting the suitability of the exploratory factor analysis. Accordingly,
the scales demonstrate adequate convergent reliability. Likewise, the internal consistency
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of the scales can be considered acceptable, as Cronbach’s alpha is above 0.6 in all cases [76],
and composite reliability exceeds 0.7 [77].

Table 5 presents the results of ordinal logistic regression. McFadden’s pseudo R?
was 0.13, indicating an acceptable model fit [79]. Additionally, the model was statistically
significant, with a likelihood ratio of 695.34 (p < 0.0001).

Table 5. Results of ordered logistic regression.

Factors Coefficient SD OR z-Statistic p-Value Acceptance
USEFUL 0.379 0.060 1.461 6.286 <0.0001 H1 = Accepted
INNOV 0.311 0.058 1.364 5.400 <0.0001 H2 = Accepted
PRI —0.019 0.048 0.981 —0.390 0.6965 H3 = Rejected
KNOW 0.935 0.056 2.547 16.560 <0.0001 H4 = Accepted
SPER 0.090 0.058 1.094 1.546 0.1221 H5 = Rejected
NREG —0.175 0.054 0.840 —3.230 0.0012 H6 = Accepted
FEM —0.009 0.100 0.991 —0.092 0.9265 H7 = Rejected
GENZ 0.553 0.117 1.739 4714 <0.0001 H8 = Accepted

Note: (a) SD stands for standard deviation; OR = odds ratio. (b) McFadden’s pseudo R? = 0.13099. The Log-
likelihood ratio statistic was 695.34 (p < 0.0001).

To evaluate the hypotheses proposed in Section 2.1, odds ratios (ORs) were analyzed
in relation to the reference value of 1. For USEFUL, the OR was 1.461 (p < 0.0001), and for
INNOV, the OR is 1.364 (p < 0.0001), supporting the acceptance of H1 and H2. Regarding
PRI, the OR was 0.981 (p = 0.6965); although the direction of the relationship between PRI
and GAIU, as postulated, was not statistically significant. For KNOWL, the OR was 2.547
(p < 0.0001), thus supporting H4.

Regarding the subjective norm variables, only NREG was statistically significant
(OR = 0.840, p = 0.0012). Among the sociodemographic variables, although the OR for
FEM suggests that men may have a higher propensity to use GAI, this result was not
significant. In contrast, Zoomers showed a significantly greater inclination to use GAI than
did Millennials (OR = 1.739, p < 0.0001).

4.2. Analytical Outcomes of Research Objective 2

Table 6 presents the results of necessity analysis. It can be observed that no variable
reached the threshold to be considered a necessary condition for the occurrence of GAIU,
as none of the consistency values exceed the 0.9 threshold.

As expected, the consistency of USEFUL, INNOV, KNOWL, SPER, and GENZ in
explaining GAIU was higher than their respective negations. Likewise, the consistency of
—USEFUL, mINNOV, - KNOWL, =SPER, and ~GENZ in explaining non-use was higher
than the consistency of their presence. Both findings are consistent with the hypothesized
positive relationship between USEFUL, INNOV, KNOWL, SPER, and GENZ, and the use
of GAL

Similarly, the consistency of =PRI, =REG, and =FEM in explaining GAIU was greater
than that of their affirmative versions. Conversely, PRI, REG, and FEM showed higher
consistency than their respective negations when analyzing the non-use of GAI These
results are consistent with the hypothesized negative relationship among PRI, REG, FEM,
and GAI use.

Figure 3 shows that the CON of the solution for GAI use was 0.867 and the coverage
(COV) was 0.505. A total of 17 configurations were identified, allowing all variables to
function as conditions in at least eight prime implications.
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Table 6. Results of necessity analysis.

Use of GAI Non Use of GAI

CONS cov CONS cov

USEFUL 0.73 0.67 0.49 0.51
INNOV 0.74 0.68 0.48 0.50
PRI 0.52 0.76 0.48 0.81
KNOWL 0.76 0.77 0.46 0.53
SPER 0.72 0.62 0.49 0.48
NREG 0.55 0.66 0.59 0.79
FEM 0.46 0.37 0.54 0.50
GENZ 0.68 0.44 0.44 0.32
—USEFUL 0.56 0.54 0.66 0.72
-INNOV 0.54 0.52 0.66 0.72
=PRI 0.58 0.24 0.42 0.19
-KNOWL 0.52 0.46 0.73 0.73
—SPER 0.55 0.56 0.63 0.72
-NREG 0.73 0.51 0.51 0.40
-FEM 0.59 0.63 0.41 0.50
-GENZ 0.52 0.64 0.54 0.77

Note: CONS stands for consistency and COV for coverage.

The roles of USEFUL, INNOV, KNOWL, GENZ, NREG, and FEM as conditions are
consistent with Proposition P1. For variables expected to have a positive relationship
with GAI use (USEFUL, INNOV, KNOWL, and GENZ), their presence is required in most
configurations in which they appear as conditions. Specifically, USEFUL and KNOWL
appeared exclusively in their affirmative forms in the configurations in which they were
present (11 and 13 times, respectively). In the case of INNOV and GENZ, their presence is
also considerably more frequent than their absence: INNOV appears as a present condition
in eight configurations and is absent in only 1, while GENZ appears 10 times as present
and 2 times as absent.

The inclusion of NREG and FEM as conditions in the GAIU configuration was also
consistent with P1. FEM appears negated in all configurations in which it is included
(13 times, 12 of which are core conditions), indicating that these paths are associated with
inhibiting factors. The NREG appears as a negated condition in six configurations as a core
condition and once as a peripheral condition, while its affirmative presence appears only
once as a core condition.

In contrast, the role of PRI and perceived social performance SPER in GAIU configura-
tions contradicts Proposition P1 and the hypothesized direction of their relationship with
GAI use, meaning that P1 is only partially supported. Although PRI appears as a condition
in 11 configurations, in nine of them, its presence is required, and only in two is its absence
relevant. SPER appears in nine prime implicates, and in the majority (five) its absence—not
its presence—constitutes a core condition.

Figure 4 presents an intermediate solution in the absence of GAI use (GAIU). This
indicates that CON = 0.857 and COV = 0.439. Eight configurations were identified in which
all variables functioned as conditions in at least four prime implicates. Furthermore, it was
observed that there were no peripheral conditions; all were core conditions.

The role of all variables aligns with Proposition 2 (P2), which is therefore fully sup-
ported. For the variables expected to have a positive relationship with GAI use (USEFUL,
INNOV, KNOWL, SPER, and GENZ), their absence consistently appears in all paths leading
to =“GAIU in which they participate. This occurred four times for “USEFUL, six times for
—INNOV, eight times for ~KNOWL, five times for -SPER, and six times for ~GENZ (i.e.,
belonging to Generation Y).
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As for the variables expected to have a negative relationship with GAI use (PRI, NREG,
and FEM), their presence in the GAIU configurations is more common than in their absence.
In the case of the FEM (being female), whenever this variable appears as a condition, its
presence is always required (six times). Regarding PRI and NREG, in most cases, they
also appear as affirmative conditions: PRI appears in six prime implicates with required
presence and in two with absence; NREG is part of the five prime implicates, with four
requiring its presence and only one requiring its absence.

Path 1 2 3 4 5 6 7 8 a
USEFUL ° ° ° ° ° e
INNOV ° ° o .

PRI L J L J L J L J L J
KNOWL e ° e ° e
SPER ® ® ® .
NREG ® @ @
FEM ® ® ® ® ® ® ® ®
GENZ L J L J L J L J L J L J L J

CON 0895 089 0897 0918 0903 0895 0897 0900 0917
cov 0155 0099 0111 0106 0178 0187 0130 0124 0.166

Path 10 11 12 13 14 15 16 17
USEFUL e ™ ™ . .
INNOV L J @ L J L J L J L J

PRI ° . ° @ . ®
KNOWL L J L J L J L J L J L J L J
SPER . ® ° ® e
NREG ® ® . ® ®
FEM ® ® ® ® ®
GENZ ™ ° ® ° ® °

cov 0915 0915 0891 0913 0913 0891 0911 0920

CON 0155 0102 006l 0040 0089 0197 0085 0.150
Note: (a) The consistency of the solution is 0.867 and the coverage 0.505 (b) Sclid circles »
indicate the presence of a condition, crossed drcles @ indicate their absence, and blanks do not
care. Large circles represent core conditions, and small circles represent peripheral conditions.

Figure 3. Intermediate solution of use of GAIL

Path 1 2 3 4 5 - 7 8
USEFUL ® ® ® ®
INNOV @ ® ® ® ® ®

PRI ° . ® . . . ®
KNOWL @@ ® ® ® ® ® ® ®

SPER ® ® ® ®

REG . . . . ®

FEM . ° ° . . °

GENZ ® ® ® ® ® ®

CON 0867 0855 0872 0876 0864 0859 0855 0872

COov 0221 0229 0291 0033 0297 0211 0199 0018
Note: (a) The consistency of the solution is 0.858 and the coverage 0.439. (b) Solid circles
¢ indicate the presence of a condition, crossed circles ® indicate their absence, and blanks
do not care. Large circles represent core conditions, and small circles represent

peripheral conditions.

Figure 4. Intermediate solution of non-use of GAIL
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The comparison between Figures 3 and 4 allows us to accept Proposition 3 (P3) because
the configurations associated with use (GAIU) and non-use (GAIU) are clearly asymmetric.
A total of 17 configurations were identified for GAIU and 8 for ~GAIU. Moreover, virtually
no path toward GAIU has a corresponding counterpart in GAIU, and vice versa. For exam-
ple, the first configuration for GAIU (KNOWLe—~-NREGe—-FEMeGENZ) has no opposite
equivalent in ~GAIU (-KNOWLeNREGeFEMe—~GENZ).

However, while some variables act symmetrically as conditions in both solutions
(GAIU and —GAIU), others do not. For example, the variable KNOWL (knowledge)
displays fairly symmetrical behavior; in the GAIU configurations in which it appears, it is
affirmed and negated in those for non-use of GAI In contrast, the variable PRI does not
exhibit such symmetry, as it tends to appear in both paths to GAIU and GAIU.

5. Discussion
5.1. General Considerations

In the context of rapid technological expansion, understanding the drivers and barriers
to the use of generative artificial intelligence (GAI) is crucial, not only for designing effective
interventions but also for theorizing emerging patterns of technology adoption. This study
provides relevant empirical evidence on the factors explaining the adoption of GAI among
young adults in Spain—specifically Millennials and Zoomers—integrating correlational and
configurational approaches within the framework of the Theory of Planned Behavior (TPB).

This study seeks to explain the use of GAI (GAIU) based on the average influence
of variables such as the perceived usefulness of GAI (USEFUL), respondent’s innovative
orientation (INNOV), privacy concerns (PRI), level of knowledge about GAI (KNOWL),
perceived social performance (SPER), and perception of the need for regulation (NREG).
Sociodemographic variables such as gender (FEM, coded as female) and belonging to
Generation Z (GENZ) were also included.

The first research question (RQ1) aimed to quantify the average influence of these
explanatory variables on GAIU, for which ordered logistic regression was applied. The
results show that the variables USEFUL, INNOV, KNOWL, and GENZ have a positive and
statistically significant relationship with GAIU, while NREG shows a significant negative
relationship, in line with the theoretical expectations.

The positive relationship between perceived usefulness (USEFUL) and the accep-
tance and use of Al—particularly GAl—has been widely documented in the reviewed
literature [20,23,33-36]. The positive relationship between INNOV and GAIU also finds
support in the literature, both in relation to Al broadly [20,41] and GAI specifically [42].
The lack of statistical significance of the influence of PRI on GAIU is consistent with
previous findings [47], which also found no statistically significant relationship in the
educational context.

The control variable KNOWL appears to be the most relevant variable in explaining
GAI use, both in the healthcare sector [51,52] and educational contexts [17,23,34].

The fact that the perception of the need for GAI regulation negatively influences its
use suggests that how society and the environment perceive GAI affects its adoption. The
relevance of social influence on Al use has been reported for both general Al [20,53] and
GAI specifically [33,54-56]. Additionally, the greater predisposition of GENZ to GAI aligns
with the reviewed literature [14,67].

The fsQCA results identified a plurality of causal paths leading to both the use and
non-use of GAIL Seventeen configurations explain GAI use and eight explain non-use,
highlighting the asymmetry between causal logics. This approach shows that there is no
single path to technology acceptance but rather a diverse combination of conditions that
act together to facilitate or hinder the use of GAIL These findings can be explained by the
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existence of different user profiles [68-70] and nonuser profiles [71,72]. This complexity
is amplified by the fact that these theoretical profiles are ideal types that rarely appear in
pure form in practice but rather as diverse combinations.

Through fsQCA, we gain additional insights beyond the regression model into how
the explanatory variables contribute to both the use and non-use of GAIL The positive
influence postulated for USEFUL, INNOV, KNOWL, and GENZ and the negative influence
of NREG with GAIU are confirmed by their roles as conditions in the GAIU and -GAIU
configurations. USEFUL, INNOV, KNOWL, and GENZ are typically required to be present
in use configurations and absent in non-use configurations. Conversely, NREG tends to be
absent in GAIU configurations and is present in GAIU.

We also observe that the statistical insignificance of PRI can be attributed to its pres-
ence being affirmed in both GAIU and ~GAIU configurations, where it is a condition. Its
role in GAIU configurations aligns with the hypothetically negative correlation proposed in
H3. However, its presence in GAIU suggests a positive relationship, effectively neutralizing
the overall effect. In various GAIU configurations, there are different user profiles where
knowledge of GAI and concern for online privacy, which may be mitigated by digital liter-
acy, go hand in hand. Examples include GAIU = USEFULePRIeKNOWLe—-FEMeGENZ
and GAIU = PRIeEKNOWLe—-FEMeGENZ. This finding reconciles the view that some au-
thors argue that privacy concerns inhibit Al use [41,46], whereas others find no significant
relationship [47].

The statistical insignificance of SPER in GAIU is due to it being mostly negated as
a condition in both use and non-use configurations. While its negation in most ~GAIU
configurations aligns with hypothesis H5 (positive correlation), its similar role in GAIU
configurations contradicts this hypothesis.

For Spanish digital natives, the results carry specific generational implications beyond
statistical confirmation. The positive effects of perceived usefulness and innovativeness
show that this cohort does not view GAl merely as a neutral technological tool but rather
as a means of enhancing creativity, learning, and employability. In a labor market marked
by high youth unemployment and precarious job conditions, these attributes are especially
salient, as they align with young Spaniards’ aspirations to gain a competitive edge and
improve career prospects. Knowledge also highlights the central role of digital literacy in
shaping adoption, suggesting that access to training and skill development may be decisive
in fostering responsible and productive use.

At the same time, the discouraging effect of regulatory concerns reflects a critical
awareness of institutional and governance issues surrounding GAI in Spain. This suggests
that young users are not unconditionally enthusiastic but remain attentive to broader
societal debates about regulation, accountability, and ethical risks. The limited influence
of privacy and social performance can be interpreted through their extensive immersion
in digital ecosystems, where privacy trade-offs are often normalized and peer influence
exerts less pressure than pragmatic assessments of utility. Taken together, these findings
portray Spanish digital natives as both pragmatic and critical adopters, motivated by the
opportunities GAI provides while remaining aware of its potential risks. This dual stance
opens new avenues for research on how cultural, economic, and policy contexts shape
generational engagement with emerging technologies and invites comparative analyses
across countries facing similar but not identical conditions.

Beyond these average effects, it is important to stress that Spanish digital natives are
far from homogeneous in their adoption or rejection of GAIL. While regression analysis
offers insights into the average contribution of each explanatory factor, the configurational
approach reveals that multiple distinct patterns can lead to the same outcome, whether
adoption or non-adoption. This shows that there is no single linear path toward embracing
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or rejecting GAI but rather diverse combinations of drivers and barriers. Such heterogeneity
underscores the value of adopting both correlational and configurational perspectives, as it
enables researchers to capture the complexity of generational behavior and the coexistence
of different logics of adoption within the same cohort.

5.2. Implications for Theory and Practice

The first theoretical implication is that a TPB-based analytical framework can provide
deep insights by combining correlational (in this case, ordered logistic regression) and
configurational tools (fsQCA). While the former quantifies the average variable’s influence
on GAIU, the latter reveals how these variables combine in the sample to explain both use
and non-use.

These findings have direct implications for policymakers, educators, technology devel-
opers, and social actors. These implications extend beyond the promotion of GAI adoption,
emphasizing the need for responsible and ethical use.

First, the evidence suggests that increasing knowledge about GAl is one of the most
effective strategies to foster meaningful engagement. This implies integrating specific Al
and GAI training into educational curricula, especially at the university and vocational
levels, and developing digital literacy programs that target young adults. Importantly, such
literacy should not only focus on technical skills, but also cultivate ethical awareness and
critical thinking, equipping students to recognize biased or inaccurate outputs and to use
generative Al responsibly. For instance, universities could integrate GAI ethics into media
literacy courses, while vocational training centers might organize workshops in which
students critically compare Al-generated outputs to human work.

Second, innovation orientation has emerged as a key driver. Strengthening the link
between GAI and innovation could foster favorable predispositions toward adoption, but
this should be accompanied by transparency regarding limitations and risks to avoid
unrealistic expectations.

Third, although the privacy risk was not statistically significant, its presence in some
fsQCA inhibitory configurations suggests that it should not be ignored. Transparency
in data use and system logic is crucial for building trust. Technology developers should
implement explainability and data-control mechanisms to reduce resistance, particularly
among ethically sensitive groups. Companies can implement transparency dashboards
that show users the data sources and decision rules behind the generated outputs, directly
addressing concerns about explainability.

An additional salient finding is that perceptions of the necessity of regulation exert an
inhibitory effect on adoption. This suggests that some perceive the absence of regulation
as a risk that can hinder adoption. Policymakers should therefore prioritize clear and
trustworthy governance frameworks that reduce uncertainty while safeguarding against
misuse, bias, and a lack of accountability. Communicating existing or developing regulatory
frameworks is key to reinforcing public trust. As a practical example, governments may
run public campaigns to clarify how existing EU initiatives, such as the Al Act, regulate
generative systems, thereby reducing uncertainty and enhancing citizens’ trust.

Finally, the positive effect of being a Zoomer on GAI adoption suggests that this group
should be considered a key catalyst for technology diffusion. Adoption strategies could
benefit from a generationally segmented approach, where GENZ members act as “digital
contagion agents” in educational, professional, or social environments. Simultaneously, it is
essential to design targeted interventions for Millennials, who, though also digital natives,
may be more skeptical or hold stronger ethical concerns. Social actors can contribute by
fostering public debate that balances opportunities with risks, reinforcing that adoption is
not an end in itself, but a process aligned with ethical standards and societal values.
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Taken together, these findings underscore the necessity of a multi-stakeholder strategy
integrating educational initiatives, transparent communication, robust regulation, and
generationally differentiated approaches to foster inclusive, ethical, and socially sustainable
adoption of GAL

6. Conclusions
6.1. Main Findings

This study identifies the key factors influencing the adoption of GAI among young
adults in Spain. Both quantitative and configurational approaches highlighted the signifi-
cant roles in GAI use of USEFUL, INNOV, KNOWL, NREG, and GENZ.

Correlational models show that attitudinal and cognitive variables carry more explana-
tory weight than classic sociodemographic factors such as gender or privacy concerns. The
configurational analysis (fsQCA), for its part, highlights the existence of multiple causal
paths toward GAI use or rejection, underscoring the complex and asymmetric nature of
technology adoption. The inclusion of social variables such as SPER and NREG represents
a relevant theoretical innovation by extending the classic subjective norm framework into
ethical-social dimensions.

6.2. Study Limitations

Despite its contributions, this study has several limitations. First, it uses a non-
probabilistic sample composed of Zoomers and Millennials, which, while allowing for
deeper insight into how explanatory factors influence GAI use, limits the generalizability
of results to older generations. Second, the cross-sectional nature of the design prevents
strong causal inferences and limits temporal conclusions about adoption. Additionally, the
use of self-reported measures (e.g., Al knowledge) may introduce social desirability bias or
recall errors.

The operationalization of some variables (e.g., SPER or KNOWL) warrants further
refinement in future research, for instance, through the development of more robust scales
or triangulation with qualitative data. Finally, while the combined use of logistic regression
and fsQCA captures complementary patterns, other approaches such as structural equation
modeling or machine learning could further enrich the analysis.

6.3. Future Research Directions

Based on these findings, future studies could broaden the sample to include other
age groups, professional profiles, or cultural contexts. Longitudinal studies would also be
valuable in assessing how attitudes and behaviors toward GAI evolve over time, especially
as these technologies become more integrated into daily life.

Another promising direction involves further exploring the ethical and social implica-
tions of GAI by incorporating more qualitative or mixed-methods approaches to examine
the tensions between innovation, regulation, and social values. Studying the roles of medi-
ators and moderators, such as digital literacy, trust in technology, and institutional context,
would also be relevant in understanding the relationship between predictive variables and
effective GAI use.

Finally, replicating this study in other countries would help in contrasting the findings
and enrich the intercultural understanding of GAI adoption across diverse populations.
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The following abbreviations are used in this manuscript:

Al Artificial intelligence

AVE Average variance extracted

FEM Being female

fsQCA Fuzzy set Qualitative Comparative Analysis
GAI Generative artificial intelligence

GAIU Use of Generative artificial intelligence

GENZ Belonging to Generation Z
INNOV  Innovativeness
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NREG Need for regulation
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SPER Social performance
TPB Theory of planned behaviour

USEFUL  Usefulness
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