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Abstract

Generative artificial intelligence (GAI) is emerging as a disruptive force, both economically
and socially, with its use spanning from the provision of goods and services to everyday
activities such as healthcare and household management. This study analyzes the enabling
and inhibiting factors of GAI use in Spain based on a large-scale survey conducted by the
Spanish Center for Sociological Research on the use and perception of artificial intelligence.
The proposed model is based on the Theory of Planned Behavior and is fitted using machine
learning techniques, specifically decision trees, Random Forest extensions, and extreme
gradient boosting. While decision trees allow for detailed visualization of how variables
interact to explain usage, Random Forest provides an excellent model fit (R2 close to
95%) and predictive performance. The use of Shapley Additive Explanations reveals that
knowledge about artificial intelligence, followed by innovation orientation, is the main
explanatory variable of GAI use. Among sociodemographic variables, Generation X and Z
stood out as the most relevant. It is also noteworthy that the perceived privacy risk does not
show a clear inhibitory influence on usage. Factors representing the positive consequences
of GAI, such as performance expectancy and social utility, exert a stronger influence than
the negative impact of hindering factors such as perceived privacy or social risks.

Keywords: artificial intelligence; generative artificial intelligence; theory of planned
behavior; machine learning; decision tree regression; Random Forest; extreme gradient
boosting

1. Introduction
Artificial intelligence (AI) has become integrated into society, serving as essential

support in virtually all areas of life. It is a tool that extends across economic sectors and
enhances economic productivity and quality of life [1]. Beyond its professional use in
industry 4.0 [2] and complex cognitive tasks [3], it is increasingly used in domestic settings.
AI facilitates home management through smart devices that optimize energy consumption,
security, and comfort [4]. It also plays a key role in home healthcare, health monitoring, and
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personalized medical assistance [5]. Additionally, its presence is common in educational
environments [6,7].

Among the various types of AI, generative artificial intelligence (GAI) is prominent.
Unlike other AI types that focus on classification or data analysis, GAI has the ability to
create original content, such as text, images, music, code, or designs [8]. Models such
as ChatGPT, Copilot, and Gemini are widely recognized applications that are capable of
generating results that traditionally require human intervention. Their potential spans from
creative assistance in the arts and communication to advanced applications in medicine,
education, and product design, opening new avenues for research in human–machine
interaction [9].

However, the deployment of AI presents challenges, particularly in the case of GAI.
One of the most significant concerns is the quality and accuracy of the generated content, as
this technology does not always distinguish between accurate and erroneous information,
which can lead to misleading or incorrect results [8]. There is also the risk of algorithmic
bias—if training data contain prejudices, these can be replicated or even amplified in the
generated outputs. These limitations can exacerbate informational risks, especially if GAI
is used deliberately to spread misinformation, impersonate identities [10], or normalize
practices such as automated plagiarism [11]. Additionally, there are unresolved legal uncer-
tainties regarding intellectual property and the copyright of generated content [12]. Ethical
and social concerns have also been raised, such as the potential replacement of human
creative labor and the urgent need for regulatory frameworks that balance innovation with
responsibility [13]. These challenges highlight the need to promote the ethical, transparent,
and supervised use of GAI [14].

The aim of this study is to analyze the determinants of generative AI (GAI) usage
in Spain and its social relevance, using data from the National Survey conducted by
the Centro de Investigaciones Sociológicas (Sociology Research Centre) [15] on the use
of generative artificial intelligence in Spanish society. This study focuses specifically
on general-purpose GAI, that is, tools designed for multiple functions and cognitive
tasks, rather than specialized applications such as image, music, or art generation. These
generalist tools are widely accessible to the public and include popular platforms such as
ChatGPT (OpenAI), Copilot (Microsoft), Gemini (Google), and Perplexity AI—all of which
share the common feature of processing natural language and assisting users across a broad
range of general tasks.

This study adopts the Theory of Planned Behavior (TPB) [16] as a theoretical frame-
work, which identifies three categories of behavior predictors: attitude, perceived behav-
ioral control, and subjective norms. This conceptual framework has proven effective in
explaining a wide range of behaviors, including the acceptance and use of GAI [17]. Figure 1
illustrates the proposed theoretical model.

Attitude is defined as the positive or negative evaluation a person makes about
performing a specific behavior [16]. In technology adoption models, such as the Technology
Acceptance Model (TAM) [18], the main antecedent of attitude is perceived usefulness, such
as increased productivity [19]. Additionally, a predisposition to using new technologies
has proven particularly relevant in shaping attitudes toward AI usage [20].

TPB defines perceived behavioral control as the sense of control a person believes
they have over performing a behavior, including both internal and external factors [21].
The literature identifies various approaches to this concept, ranging from self-efficacy to
perceived control over outcomes [22]. This study considered two factors under perceived
behavioral control. The first is the perceived risk of losing control over personal data
privacy [10]. The second is the level of knowledge about how GAI works, as technological
understanding is key to its effective usage [19].
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Figure 1. Framework used in this paper.

Subjective norms refer to perceived social pressure to perform a behavior [16]. In the
case of GAI, this study considers that it may be shaped by both beliefs about its social
benefits and concerns about social risks, such as its use for spreading misinformation [23]
and the perception of insufficient regulation to mitigate its potential risks [13].

Based on the previous reflections, this study proposes the following research objectives:

• RO1: To develop a theoretical framework based on TPB to explain and predict the use
of GAI. The proposed theoretical model was tested using a national survey conducted
in Spain by Centro de Investigaciones Sociológicas titled “Artificial Intelligence” [15].

• RO2: To identify the most relevant variables in explaining GAI use.

Unlike conventional empirical applications of technology acceptance and use—which
often apply linear-regression-based tools such as Partial Least Squares–Structural Equation
Modeling (PLS-SEM)—this study adopts a more innovative approach based on machine
learning (ML) techniques, using Decision Tree Regression (DTR) and its extensions: Ran-
dom Forest (RF) [24] and Extreme Gradient Boosting (XGBoost) [25].

Conventional regression models require assumptions about linear relationships among
variables and predefined interaction terms, which may represent mediated influences, as
in TAM3 [26], or moderated ones, as proposed in the Unified Theory of Acceptance and
Use of Technology (UTAUT) [27]. In contrast, DTR allows for an intuitive representation of
nonlinear relationships and the discovery of emergent interactions from data [28], which is
especially useful in analyzing behavioral phenomena such as technology acceptance [29,30].

Combining DTR with RF or XGBoost enhanced the predictive power of DTR. Addi-
tionally, applying Shapley Additive Explanations (SHAP) [31] enables the interpretation of
the relative importance of each variable in RF and XGBoost predictions.

2. Theoretical Background
2.1. Attitudinal Variables

In the field of AI adoption, attitude has been reported as one of the most relevant
factors explaining its acceptance and use [17]. One of the main antecedents of attitudes
toward new technologies is performance expectancy (PE), which is the belief that using the
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evaluated technology enables individuals to perform intended tasks more efficiently than
traditional methods [32].

GAI is transforming both everyday activities and complex intellectual tasks and has
tremendous potential to reshape human life [13]. In daily life, GAI optimizes routine tasks
such as home management [33] and healthcare delivery [34]. Beyond daily tasks, GAI
significantly enhances intellectual- and knowledge-based work. In the academic domain,
it supports researchers and educators by automating repetitive tasks, facilitating data
analysis, and assisting in the writing of scholarly articles, thereby allowing professionals to
focus on higher-order thinking and creativity [35]. Moreover, GAI tools have been shown
to increase productivity and improve work quality in knowledge-intensive fields [36].

Perceived usefulness and perceptions of efficiency and effectiveness have proven
particularly relevant in the adoption of AI, and, therefore, GAI [37,38], whether among
firm employees [39], in AI-powered products [20], or in educational settings [40–43]. Thus,
we propose the following:

Hypothesis 1 (H1): Performance expectancy (PE) is positively associated with the use of GAI.

Innovativeness (INNOV) refers to an individual’s willingness to try new technologies [44].
People with higher levels of innovativeness tend to develop more positive perceptions of
an innovation in terms of advantages, ease of use, compatibility, etc., and are more likely
to express favorable intentions toward its use [45]. When exposed to the same technology,
individuals with greater INNOV are more likely to form positive beliefs about its use [44].

Innovativeness has been shown to be relevant to the acceptance and use of AI [20,46],
as well as GAI [47]. Therefore, we propose the following:

Hypothesis 2 (H2): Innovativeness (INNOV) is positively associated with the use of GAI.

2.2. Variables Associated with Behavioral Control

Perceived behavioral control, in the context of GAI, refers to an individual’s perceived
ability to use this tool effectively [17]. One consequence of the efficacy of using a tech-
nology is its positive impact on perceived ease of use [40], which has been identified as
a relevant factor in AI acceptance at work [39], in home environments [20], and in the use
of GAI [40,43].

As shown in Figure 1, this study considers two factors within this dimension: the loss
of control over personal information, which creates privacy risks (PRIs), and the level of
knowledge (KNOW) of users about GAI.

Using the Internet entails risks related to the privacy of digital consumers’ personal
data [48]. GAI users are no exception, as they are ultimately online consumers and are thus
exposed to these risks. Moreover, these risks are intensified by the inherent characteristics of
AI: massive data collection, limited control over reuse, and difficulty in auditing algorithms,
all of which increase public concern and regulatory demand [49].

The rapid evolution of AI, particularly generative models, presents significant privacy
challenges. GAI systems often operate with large volumes of data, including sensitive
information, which increases risks, such as unauthorized identification of individuals or
biased, opaque automated decision-making [50]. In particular, unauthorized access—by
internal or external third parties—to personal data without consent violates fundamental
principles of confidentiality and user autonomy, and may lead to serious consequences
such as identity theft or fraud [51].

Empirical findings on the impact of PRI on AI adoption are mixed. While some studies
argue that a higher perceived risk discourages the use of AI and GAI [46,52], others find
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no significant relationship between privacy concerns and GAI acceptance in educational
contexts [53]. Therefore, the following hypothesis is proposed:

Hypothesis 3 (H3): Privacy risk (PRI) negatively impacts the use of GAI.

Prior knowledge about a technology can significantly strengthen users’ perceived
self-efficacy, understood as their belief in their ability to effectively use the technology [54].
This psychological component directly influences the perceived ease of use, which is a key
determinant of technology acceptance [32]. In fact, ease of use not only affects intention to
use directly but also acts as a predictor of perceived usefulness [26,55].

In this regard, prior knowledge of AI (KNOW), whether general education or domain-
specific expertise, is associated with more favorable expectations of its usefulness and lower
perceived risk [56]. Alshutayli et al. [57] supported this relationship by showing that higher
levels of AI knowledge, especially among young people with higher education, enhance
acceptance in healthcare contexts. Similarly, in health education settings, lack of AI training
hinders adoption among students and professionals, whereas greater understanding pro-
motes acceptance [58,59]. Higher self-efficacy in using GAI has also been shown to foster
acceptance [40,43,60]. So:

Hypothesis 4 (H4): Greater knowledge (KNOW) of GAI leads to its greater use.

2.3. Subjective Norms

Subjective norms, also referred to as social influence in models such as the Unified
Theory of Acceptance and Use of Technology (UTAUT) [27], have been extensively re-
ported as a relevant variable for understanding the adoption of AI [20,61] and GAI in both
societal [37,47] and industrial [39] contexts, as well as for academic purposes [62,63].

Various sources have highlighted the numerous benefits of GAI for society [8], as well
as their significant risks, which must be carefully managed [10]. Among the main positive
social utilities (SU) are their potential to increase productivity and improve decision-
making in key sectors, such as healthcare, education, and industry [8]. GAI has already
been used in medicine to predict health risks and in mining to perform hazardous tasks,
reduce costs, and improve operational efficiency [49]. Its capacity to support innovation
and solve complex problems is widely acknowledged, contributing to both economic
and social development [13]. It supports personalized learning and facilitates inclusive
education [7,64].

However, there are substantial social risks (SR) associated with GAI. Economically,
several studies have warned that GAI may increase income and wealth inequality. While
highly skilled workers may benefit from higher wages, lower-skilled workers face a greater
risk of job displacement and unemployment [65], potentially exacerbating existing social
divides. Ethically, GAI raises concerns regarding algorithmic bias, transparency, and
privacy [10].

Public trust in these technologies has been limited. A study analyzing social media
comments revealed that negative emotions such as anger and disgust are prevalent in
attitudes toward GAI, with frequent concerns about misinformation, loss of privacy, and
existential risks [13]. In education, GAI use may undermine academic integrity more than
traditional plagiarism does by enabling undetectable cheating, fostering overreliance, and
a lack of collective creativity [11,66]. Therefore, we propose the following:

Hypothesis 5 (H5): Greater perception of social utility (SU) of GAI leads to its increased use.

Hypothesis 6 (H6): Greater perception of social risks (SRs) of GAI leads to its decreased use.
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The growing perception of the need for regulation (REG) of AI and GAI largely stems
from the ethical, social, and legal risks posed by technology and its negative externalities.
Its widespread use has sparked concerns regarding privacy, misinformation, security, and
algorithmic discrimination [10]. Many individuals lack trust in AI systems, and nearly half
of them admit that their automation projects have been slowed by uncertainties regarding
the inner workings of these tools [49]. These concerns are especially relevant in GAI systems
trained on massive datasets, including potentially sensitive information, increasing the risk
of data leaks, or misuse [67,68].

There is also mounting social and political pressure for regulations to ensure principles
such as transparency, fairness, data protection, and respect for human rights [13]. The
academic community has emphasized that the opacity, potential bias, and audit challenges
associated with these models demand urgent measures to protect individual rights and
institutional integrity [10,69].

Hypothesis 7 (H7): Greater perception of the need for regulation (REG) of GAI leads to its
decreased use.

2.4. Influence of Sociodemographic Variables

The relevance of variables such as age, work experience (which is related to age), and
gender in the adoption and use of technology has been widely acknowledged in adoption
models, such as UTAUT and its extensions [27,70]. This study included four sociodemo-
graphic variables: gender (SEX), generation (GEN), educational level (ED), and income
level (IN).

Sex has strong potential to influence the perception of GAI. Women tend to express
higher levels of ethical and privacy concerns regarding these technologies, which may
translate into a lower willingness to adopt them than men [71]. This difference is also
reflected in self-perceptions of technological competence: men tend to assess their AI skills
more positively and trust the technology more, whereas women demand more transparency,
understanding, and practical examples before adopting it [72].

Age is another potentially relevant factor for GAI acceptance. Younger individuals are
more likely to adopt these technologies, showing more positive attitudes, confidence in
their use, and willingness to integrate them into educational or professional environments.
By contrast, older individuals tend to express more concern, particularly regarding privacy,
transparency, and potential loss of control over automated processes [71]. Trust in AI varies
across generations. Digital natives tend to perceive AI as a useful and trustworthy tool,
whereas older adults are more cautious or skeptical [73].

Individuals with higher education levels typically demonstrate more favorable atti-
tudes toward GAI, partly because they have more prior technological knowledge and are
better equipped to understand how it works and its potential. This positive relationship
between education and acceptance has been observed in various academic contexts, where
students with advanced training show greater interest in integrating GAI into their work,
particularly valuing its practical utility and ability to streamline processes [72]. More-
over, prior training in technology and AI, often included in university curricula, directly
influences a more confident and positive perception of these tools [74].

Income level also affects access to and use of GAI. Individuals from higher socioe-
conomic strata tend to have more resources to access devices, specialized training, and
supportive digital environments, which increases their exposure to and familiarity with
these technologies [75]. Thus, we propose the following:

Hypothesis 8 (H8): Men are more likely to use GAI than women.
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Hypothesis 9 (H9): Members of younger generations (Z and Y) are more likely to use GAI than
older generations (X and Baby Boomers).

Hypothesis 10 (H10): Individuals with higher levels of education are more likely to use GAI.

Hypothesis 11 (H11): Individuals with higher income levels are more likely to use GAI.

3. Materials and Methods
3.1. Sampling

The study was conducted at the national level, targeting a population consisting of
residents of Spain of both sexes aged 18 years or older. The sample was designed to include
4000 interviews, with a final total of 4004 interviews conducted [15].

The sampling procedure combined the random selection of landline numbers (17.4%)
and mobile phones (82.6%), and individuals were selected using quotas based on sex and
age. Strata were defined by the combination of autonomous communities (17 communities
and 2 autonomous cities) and habitat size, and classified into seven categories according to
population. A total of 1131 municipalities across 50 Spanish provinces were included. The
interviews were conducted between February 6 and February 15, 2025.

The sampling error for the total sample was ±1.6%, assuming a 95.5% confidence level
and simple random sampling.

The final number of observations used was 3877, with 187 respondents who initially
agreed to participate reporting having never heard of artificial intelligence.

3.2. Sample

Table 1 lists the profiles of the samples used in this study. The sex distribution was
1880 men (48.5%) and 1997 women (51.5%). The age distribution, shown in more detail in
Table 1, can be approximated by generational groups: 40.6% of participants belonged to
Generation Z and Y (aged up to 44), while 59.4% were from Generation X and the Baby
Boomer generation (aged 45 or older). The average age of the participants was 49.60 years,
with a standard deviation of 15.91 years.

Table 1. Profile of the sample (N = 3877).

Factor Categories

Sex Male (48.5%), female (51.5%)

Age
18–24 years (8.5%), 25–34 years (13.6%), 35–44 years (18.3%),

45–54 years (19.5%), 55–64 years (16.4%), 65–74 years (11.9%),
75+ years (11.8%)

Nationality Spanish (91.3%), Spanish and others (3.1%), others (5.6%)

Education degree
Less than primary (4.7%), primary (11.4%), secondary

(43.1%), vocational education and training (14.1%),
University degree, master and PhD (26.7%)

Monthly income level

≤EUR 300 (0.5%), EUR 301–600 (5.0%), EUR 601–900 (6.0%),
EUR 901–1200 (14.0%), EUR 1201–1800 (16.8%),
EUR 1801–2400 (15.3%), EUR 2401–3000 (13.1%),
EUR 3001–4500 (15.4%), EUR 4501–6000 (5.5%),

>EUR 6000 (3.7%), not answered (3.9%)

The vast majority of respondents (91.3%, or 3540 individuals) reported exclusively
Spanish nationality.

Regarding educational attainment, 16.1% (624 respondents) had completed no more
than a primary education, 57.2% (2218) had secondary or vocational training, and
26.7% (1035) held a university degree.



Algorithms 2025, 18, 410 8 of 23

As for income levels, Table 1 shows that 989 individuals (25.5%) reported net monthly
incomes of up to EUR 1200, whereas 651 (16.8%) earned between EUR 1201 and EUR
1800. A total of 1101 respondents (28.4%) earned between EUR 1801 and EUR 3000 and
597 (15.4%) earned between EUR 3001 and EUR 4500. Finally, 357 individuals (9.2%)
reported earning more than EUR 4500 per month, while 151 (3.9%) chose not to disclose
their income.

3.3. Measurement of Variables

The variables used in this study were measured using items from a survey [15]. The
items and scales used are listed in Table 2. Regarding the response variable, participants
indicated the frequency of use of various GAIs (e.g., ChatGPT, Gemini) on a 6-point scale.

The explanatory variables related to attitude (PE and INNOV) consisted of multiple
items measured on a 10-point scale. The variables associated with perceived behavioral
control include PRI, which comprises five items assessed on a 4-point Likert scale, and
KNOW, which is measured through a single item using a 10-point Likert scale.

Table 2. Measurement of the variables used and its operationalization.

Variables Responses Operationalization

Output variable: frequency of using GAI (USE)
USE1 = Chat GPT

USE2 = Gemini
USE3 = Microsoft copilot

USE4 = Perplexity
USE5 = Other

Never = 0; Once = 1;
Several times in a year = 2;

Several times in a month = 3;
Several times in a week = 4;

Every day = 5

The standardized value
of the maximum of USE1,

USE2,. . ., USE5

Input variables (Attitude)
Performance expectancy (PE): Indicate your

agreement respect the following consequences of
using GAI:

PE1 = Progress
PE2 = Wealth

PE3 = Efficiency
PE4 = Well-being

From completely
disagreement = 1 to completely

agreement = 10

The standardized value
of the first principal

component of the items

Innovativeness (INNOV): Indicate your level of
comfort in the following situations

INNOV1 = Undergoing a medical operation
performed by a robot

INNOV2 = Traveling in a self-driving car
INNOV3 = Talking to an artificial intelligence, for

example, a customer service or information
service assistant

From completely
disagreement = 1 to completely

agreement = 10

The standardized value
of the first principal

component of the items

Input variables (Behavioral control)
Privacy risk (PRI): When someone provides personal

data on the Internet, do you think it is very likely,
somewhat likely, not very likely, or not at all likely

that...?
PRI1 = Their data may be used without their

knowledge
PRI2 = Their identity may be stolen

PRI3 = Their personal safety may be at risk
PRI4 = They may become a victim of fraud
PRI5 = Their reputation may be damaged

From not possible = 1 to very
possible = 4

The standardized value
of the first principal

component of the items

Knowledge (KNOW) = Assess your knowledge and
familiarity with artificial intelligence.

From complete lack of
knowledge = 1 to complete

knowledge = 10.

The standardized value
of the item



Algorithms 2025, 18, 410 9 of 23

Table 2. Cont.

Variables Responses Operationalization

Input variables (Subjective norms)
Social usefulness (SU): AI may promote
SU1 = The protection of people’s rights
SU2 = Culture, values, and ways of life

SU3 = Humanity as a whole

Harmful = 1 Neutral = 2;
Beneficial = 3

The standardized value
of the first principal

component of the items

Social risks (SR): AI
SR1 = may be used to spread misinformation and

fake news
SR2 = may facilitate the commission of crimes or

illegal acts
SR3 = may lead to greater global inequality

SR4 = may pose a threat to humanity

From completely disagree = 1 to
completely agree = 5. Neutral

value = 3.

The standardized value
of the first principal

component of the items

Regulation (REG). Indicate your degree of agreement
REG1 = The programming and training of artificial

intelligence should be regulated
REG2 = Companies and organizations should disclose
when they use artificial intelligence instead of humans

REG3 = The use of artificial intelligence should
be regulated

REG4 = Artificial intelligence poses a threat to
intellectual property

REG5 = Implementing stricter ethical standards and
legal safeguards for artificial intelligence is one of the
most important challenges humanity currently faces

From completely disagree = 1 to
completely agree = 5. Neutral

value = 3.

The standardized value
of the first principal

component of the items

Input variables (sociodemographic)
Sex (SEX) Male = 0 and Female = 1 Dummy variable

Generation (GEN)
Gen Z and Y (age less than

45 years) = 0, Gen X or baby
Boomers(at least 45 years) = 1

Dummy variable

Education (ED)

Primary school or less = 1;
secondary school or vocational
education = 2, University degree

or higher = 3

The standardized value
of the item

Monthly Income (IN)

By following the scales in
Table 1, from the lower income
(< EUR 300) = 1 to the higher

degree (>EUR 6000) = 10

The standardized value
of the item

The variables corresponding to subjective norms were also multiple items. SU includes
three items with a 3-point response scale, while SR and REG consist of four and five items,
respectively, measured on 5-point scales.

3.4. Data Analysis
3.4.1. Operationalizing the Variables

The operationalization of the variables used for the quantitative analysis of RO1 and
RO2 is detailed in Table 2. Regarding the outcome variable, the intensity of GAI use was
better captured by the frequency of use than by the number of tools used. A person may use
a single GAI intensively, whereas another may occasionally use it. In this case, the former
exhibited higher intensity of use. Accordingly, for each individual, the usage intensity is
defined as follows:

USEINT = Max{USE1, USE2, USE3, USE4, USE5}
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Finally, USE is the standardized value of USEINT.
For multi-item variables (PE, INNOV, PRI, SU, SR, and REG), the standardized value

of the first principal component, extracted using varimax rotation, was employed. This
extraction was justified if factor loadings exceeded 0.6, the average variance extracted was
at least 50%, and the null hypothesis of the correlation matrix’s sphericity was rejected
using Bartlett’s test.

For single-item variables measured on multi-point scales (KNOW, ED, and IN), stan-
dardized values were used.

As shown in Table 2, SEX and GEN are dichotomous variables. SEX distinguishes
between men and women (1 = woman), whereas GEN classifies individuals by generation
(0 = Generations Z and Y; 1 = Generation X and Baby Boomers).

The principal component analysis was conducted using in R 4.5.0 with the tidyverse
and factoextra libraries.

3.4.2. The Use of Machine Learning Instruments to Assess Drivers of GAI Use

We begin by establishing the direction of the relationship between USE and the
explanatory variables using Spearman correlations, and by estimating the model presented
in Figure 1 using linear regression. These analyses allow us to empirically verify whether
the direction and significance of the relationships proposed in Section 2 are supported.
Additionally, linear regression serves as a benchmark for assessing the ability of ML
methods to fit the proposed model.

Subsequently, to address RO1, we fit a DTR and its generalizations, RF and XGBoost,
using the full sample. Model fit was assessed using the coefficient of determination (R2),
root mean squared error (RMSE), and mean absolute error (MAE). Although RF [24] and
XGBoost [25] are expected to yield substantially higher R2 values, DTR provides a clear
visual representation of how threshold values for explanatory variables direct observations
toward lower-level nodes. For instance, if a node splits under the condition X < Xa, leading
to nodes associated with lower usage, the relationship between USE and X is interpreted
as increasing. Conversely, if the condition is X > Xa, USE is considered to decrease with
X. Surrogate splits will also be of interest, as they help infer the sign of the relationship
for explanatory variables that are not primary split criteria, but may act as substitutes. In
this step, we also conducted a preliminary analysis of the predictive performance of the
machine learning methods and linear regression using a holdout validation test. Evaluating
predictive power is essential for theory development and validation as well as for selecting
models to support decision-making in management and policy [76]. The evaluation was
based on three performance metrics: Stone–Geisser’s Q2, root mean squared error (RMSE),
and mean absolute error (MAE), and randomly splitting the sample into 80% training
and 20% testing sets. This approach provides an initial comparison of the out-of-sample
predictive capabilities of each method.

Third, to develop RO2, we first conduct a deeper comparison than in RO1 of the
predictive capacities of the three tree-based methods by using Monte Carlo cross-validation.
The performance of methods was again assessed using Stone–Geisser’s Q2, RMSE, and
MAE. To test the significance of the differences among the methods, an ANOVA was
conducted to examine the homogeneity of the RMSE and MAE across the three models.
For pairwise comparisons, paired-sample Student’s t-tests were applied with Tukey’s
adjustment for p-values. A total of 500 simulations were conducted by randomly splitting
the sample into 80% training and 20% testing sets. Finally, we determined the explanatory
importance of each variable using the SHAP method [31], applied to the ML method with
the highest predictive performance.



Algorithms 2025, 18, 410 11 of 23

All analyses were conducted in R 4.5.0 using various libraries. The rpart and rpart.plot
packages were used to fit and visualize the decision tree. The randomForest library was used
for RF and xgboost for the XGBoost model. Monte Carlo cross-validation was implemented
using the caret, dplyr, and tibble packages. Finally, SHAP analysis was performed using the
iml package.

4. Results
4.1. Descriptive Statistics and Linear Regression Estimation

Table 3 presents descriptive statistics for the items included in the study. Among
generative AI (GAI) tools, ChatGPT in any of its versions is the most widely used. The
average value of the variable aggregating usage frequency across all tools (USEINT) is
1.87, which, according to Table 2, corresponds to usage between “once” and “several times
a year”.

Notably, the items related to performance expectancy (PE) showed high evaluations,
with values ranging from 6.28 to 7.88 on a 10-point scale. In contrast, self-reported knowl-
edge (KNOW) had a mean score of only 4.26 out of 10. The average score for items
capturing perceived societal benefits (SU) did not reach a neutral value of 2 on a three-point
scale. Conversely, the items addressing perceived societal risk (SR) range from 3.57 (SR4)
to 4.37 (SR1), exceeding the neutral value of 3, indicating a generalized perception of
risk. Finally, the items with perceived need for regulation (REG) scores above 4 reflect
a predominantly favorable opinion toward the regulation of AI development and use.

All factor extractions for the multi-item variables (PE, INNOV, PRI, SU, SR, and
REG) exceed the 0.6 loading threshold, and the first principal component in each case
explained, on average, more than 50% of the variance, supporting the reliability of the
measurement constructs.

Using the variable values defined in Table 2, Spearman correlations with the USE
were computed, and all were statistically significant (p < 0.001). These values are shown in
Figure 2. As expected, PE, INNOV, KNOW, SU, ED, and IN showed positive correlations
with GAI use, whereas perceived societal risks (SRs) and the need for regulation (REG)
were negatively correlated. Additionally, the negative correlations between SEX and GEN
suggest that older generations and women are less inclined to use GAIs. Interestingly,
the correlation for privacy risk perception (PRI), although weakest, is positive. Thus, the
Spearman correlations support all the hypotheses proposed in Section 2, except H3, which
predicts a negative correlation between PRI and USE.

Figure 2. Spearman correlations of explanatory variables with USE. Note: All correlations are
significant for p < 0.001.
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Table 3. Descriptive statistics of variables used in this paper.

Mean SD FL AVE

Output Variable (USE)
USE1 = ChatGPT 1.58 1.81 --- ---
USE2 = Gemini 0.385 1.07 --- ---

USE3 = Microsoft Copilot 0.571 1.29 --- ---
USE4 = Perplexity 0.099 0.56 --- ---

USE5 = Other 0.632 1.37 --- ---
USEINT 1.87 1.87 1 100%

Input Variables

Mean SD FL AVE

Performance expectancy (PE)
PE1 7.88 1.91 0.79 55.60%
PE2 6.28 2.32 0.69
PE3 7.56 1.93 0.78
PE4 6.41 2.1 0.72

Innovativeness (INNOV)
INNOV1 4.63 3.07 0.73 56.10%
INNOV2 4.1 2.79 0.82
INNOV3 4.52 2.94 0.68

Privacy risk (PRI)
PRI1 3.44 0.654 0.62 50.02%
PRI2 3.06 0.762 0.75
PRI3 2.72 0.851 0.72
PRI4 3.23 0.705 0.76
PRI5 2.74 0.863 0.67
Knowledge (KNOW)

KNOW 4.36 2.23 1.00 100%
Social usefulness (SU)
SU1 1.63 0.753 0.74 54.10%
SU2 1.62 0.763 0.74
SU3 1.78 0.837 0.73

Social risks (SR)
SR1 4.37 1 0.71 50.04%
SR2 4.1 1.18 0.75
SR3 3.79 1.33 0.72
SR4 3.57 1.35 0.64

Regulation (REG)
REG1 4.42 0.905 0.84 55.40%
REG2 4.54 0.824 0.70
REG3 4.52 0.843 0.86
REG4 4.01 1.15 0.64
REG5 4.36 0.95 0.77

Education (ED)
ED 2.53 0.543 1.00 100%

Income (IN)
IN 3.46 1.92 1.00 100%

Note: In PE, INNOV, PRI, SU, SR, and REG, the unicity of the correlation matrix was rejected using the Bartlett
test with p < 0.001. SD, standard deviation; FL, factor loading; AVE, average variance extracted.

Regarding the linear regression estimation, whose results are shown in Table 4, the
results closely align with the Spearman correlations, with the notable exception that societal
risk (SR) is not statistically significant. The model fit is acceptable, with an R2 of 39.12%,
indicating moderate explanatory power. The regression analysis shows that KNOW is by
far the most influential predictor of usage (β = 0.709, η2 = 0.2494, p < 0.001), underscoring its
central role in GAI adoption. Other relevant positive predictors include INNOV (β = 0.228),
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ED (β = 0.199), and SU (β = 0.140), all statistically significant with moderate-to-small
effect sizes.

Table 4. Results of the estimation with linear regression of the model in Figure 1.

Variable β SD η2 t-Ratio p-Value

PE→USE 0.083 0.0253 0.0816 3.287 0.001
INNOV→USE 0.228 0.0268 0.0987 8.5 <0.001

PRI→USE 0.083 0.0240 0.0081 3.469 <0.001
KNOW→USE 0.709 0.0262 0.2494 27.082 <0.001

SU→USE 0.140 0.0255 0.0117 5.49 <0.001
SR→USE −0.036 0.0281 0.0050 −1.284 0.1993

REG→USE −0.153 0.0284 0.0108 −5.376 <0.001
SEX→USE −0.156 0.0490 0.0024 −3.177 0.002
GEN→USE −0.730 0.0511 0.0522 −14.274 <0.001
ED→USE 0.199 0.0244 0.0170 8.178 <0.001
IN→USE 0.054 0.0240 0.0013 2.273 0.023

Note: R2= 39.12%, β represents the path coefficient, SD the standard deviation, and η2 size factor.

In contrast, GEN and SEX show significant negative effects (β = –0.730 and β = –0.156,
respectively), suggesting that being female may act as a barrier to adoption. Additionally,
REG (β = −0.153, p < 0.001) negatively predicts usage, indicating that regulatory concerns
may discourage engagement with GAI tools. Other variables, such as PE, PR, and IN,
exhibit small but statistically significant positive effects. In summary, the results from
linear regression support all the proposed hypotheses except H3 and H6, which were not
statistically significant.

4.2. Results of Research Objective 1

Table 5 and Figure 3 present the results of the DTR. The variable that appears most
frequently as the primary splitting condition is KNOW, which is present in two instances.
The variables GEN, SU, and REG also appear once each. In all cases, their participation
aligns with the expected direction of their relationship with USE. For KNOW and SU,
the conditions leading to nodes associated with lower GAI use involved values below
the respective thresholds. In contrast, for REG, these conditions require values above the
threshold. Additionally, at Node 5, being part of an older generation (GEN = 1) led to
nodes associated with lower GAI use, which is also consistent with H8.

Table 5. Principal splits and subrogate splits in the decision tree regression nodes (Figure 3).

Node 1 Node 2 Node 3 Node 5 Node 7

KNOW < 0.511 KNOW < −0.834 SU < −0.787 GEN = 1.000 REG > 0.369
GEN = 1.000 GEN = 1.000 REG > 0.369 INNOV < 0.076 GEN = 1

INNOV < −0.265 INNOV < 0.074 INNOV < −0.265 SU < −0.196 KNOW < 0.960
SU < −0.185 ED < −0.056 GEN = 1 PE < 0.636 PE < 0.708
ED < −0.056 SU < 0.100 SR > 0.687 ED < −0.056 SR > −0.106

INNOV < 1.324 PE < −1.714 PE < −2.589 PRI > −4.298 SU < −0.175
REG > −2.262 ED < −1.897 PRI < −4.332 REG > −4.461 INNOV < −0.676

PE < 1.504 PRI < −2.565
SU < 1.497 SR < −3.448

PRI > −10.588
Note: The first row shows the conditions used to construct the fitted decision tree. The conditions applied to
guide observations toward lower-level nodes associated with a lower level of use (i.e., “to the left”).
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Figure 3. Explanatory decision tree for USE.

The role of variables as surrogate splitters in intermediate nodes provides valuable
insights, particularly for interpreting the relationship between explanatory and dependent
variables when a given explanatory variable does not appear as a primary condition in any
node. Thresholds for INNOV and PE (nodes 1, 2, 3, 5, and 7), KNOW (node 7), SU (nodes 1,
2, 5, and 7), and ED (nodes 1, 2, and 5) function as maximum values for reaching branches
associated with lower GAI use or, alternatively, minimum values for reaching terminal
nodes associated with higher use, consistent with their expected positive correlation with
USE. Similarly, accessing nodes of lower use implies being at least 45 years old (GEN = 1)
in nodes 2, 3, and 7, and having high values of REG (nodes 1, 3, and 4) also leads to lower
usage, which aligns with the hypothesized negative relationship.

In contrast, PRI and SR did not exhibit unidirectional relationships with the USE.
For PRI, thresholds serve as maximum values to access higher-use nodes in nodes 2 and
3, supporting the expected negative relationship. However, in nodes 1 and 4, the same
thresholds led to lower-use nodes, aligning with the Spearman correlation but contradict-
ing H3. A similar pattern is observed for SR: while thresholds act as maxima, leading
to higher-use nodes in nodes 3 and 7 (supporting H6 and the Spearman correlation);
in node 2, the threshold leads to a lower-use node, suggesting a positive, rather than
negative, relationship.

It is also noteworthy that SEX and IN do not appear as primary or surrogate conditions
in any node of the decision tree.

In summary, the interpretation of the DTR results supports H1 (PE), H2 (INNOV), H4
(KNOW), H5 (SU), H7 (REG), H9 (GEN), and H10 (ED). However, they did not support H3
(PRI), H6 (SR), H8 (SEX), or H11 (IN).

Table 6 shows the goodness of fit for the linear regression, DTR, Random Forest
(RF), and XGBoost models using the full sample. The two generalizations of DTR clearly
outperform the basic model and also linear regression: while DTR achieves an R2 of
32% and linear regression of 39.12%, both RF and XGBoost reach an R2 of 92%. However,
this does not mean that RF or XGBoost is preferable in all respects. Instead, they should
be viewed as complementary methods. While RF and XGBoost maximize adjustment
performance by aggregating multiple trees, DTR offers a clear and interpretable visual
representation, which is highly valuable for understanding the structure of the relationships
between explanatory variables and the dependent variable.
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Table 6. Adjustment performance for the linear regression method and DTR, RF, and XGBoost using
the full sample.

Method R2 RMSE MAE

Linear regression 39.12% 1.455 1.176
Decision tree regression 32.55% 1.532 1.260

Random Forest 92.30% 0.652 0.528
XGBoost 92.85% 0.535 0.396

Table 7 presents the results of the predictive performance tests for the models across
different metrics. The Q2 statistic, which shows values greater than zero for all models,
suggests that the model developed in Section 2 has predictive capability regardless of the
fitting methodology used.

Table 7. Predictive performance for the linear regression method and DTR, Random Forest, and
XGBoost with Monte-Carlo cross validation (500 simulations).

Method Q2 RMSE MAE

Linear regression 38.81% 1.465 1.175
Decision tree regression 31.53% 1.548 1.267

Random Forest 41.26% 1.437 1.170
XGBoost 32.44% 1.566 1.231

In the holdout validation test shown in Table 7, we observe that RF is the machine
learning method with the best predictive performance. It also outperforms linear regression
across all metrics. It is also worth noting that linear regression shows better predictive
metrics than DTR and XGBoost, although its performance is clearly inferior to that of
Random Forest.

4.3. Results of Research Objective 2

The results presented in Table 7 suggest that Random Forest (RF) is the decision-
tree-based method with the highest predictive power. A more insightful evaluation was
conducted through a Monte Carlo cross-validation, as shown in Table 8, which further
confirms that RF is the machine learning method with the greatest predictive capability. In-
deed, the ANOVA applied to RMSE and MAE values allows us to reject the null hypothesis
of equal mean errors across the three tree-based methods evaluated in the study.

Table 8. Results of the Monte Carlo cross-validation test of predictive ability assessment.

Method Q2 RMSE MAE

DTR 31.52% 1.56 1.28
RF 41.36% 1.46 1.2

XGBoost 33.21% 1.57 1.24

ANOVA F = 385.8 (<0.001) F = 314.6 (<0.001)
Notes: F stands for Snedecor’s F, and parentheses show the value of ANOVA.

Table 9 provides a pairwise comparison of average error metrics, showing that RF
significantly outperforms the other alternatives, regardless of whether RMSE or MAE is
used as the evaluation criterion. It is also worth noting that no conclusive difference was
observed between Decision Tree Regression (DTR) and XGBoost in terms of predictive
performance: while DTR performed better according to RMSE, XGBoost showed superior
performance based on MAE.



Algorithms 2025, 18, 410 16 of 23

Table 9. Statistical tests on the differences in mean errors of paired methods.

RMSE MAE

Mean
Difference p-Value Mean

Difference p-Value

RF vs. DTR −0.097 <0.001 −0.089 <0.001
XGBoost vs. DTR 0.010 0.038 −0.047 <0.001
XGBoost vs. RF 0.107 <0.001 0.041 <0.001

Therefore, RF was selected as the reference model for computing SHAP values for the
explanatory variables.

Figure 4 shows the SHAP summary beeswarm plot, which displays the individual
impact of each explanatory variable on every prediction made by the RF algorithm to
USE. The variables are ordered from top to bottom according to their average importance.
The variable KNOW stands out as the most influential, followed by GEN and INNOV. In
these cases, a clear pattern emerges: high values of these variables tend to be associated
with positive contributions to the prediction, while low values generally exert a negative
effect. This suggests that, for example, higher KNOW values lead to higher predicted levels
of USE.

Figure 4. Summary beeswarm plot of SHAP values of explanatory variables of USE.

The variables SU, ED, and REG also show a relevant, though smaller, contribution.
In contrast, variables such as PE, PRI, SR, IN, and especially SEX have limited predictive
influence, as indicated by their reduced horizontal spread. Overall, the plot reveals not
only which variables are most important to the model, but also how different values of
each one affect the prediction, capturing nonlinear relationships and interaction effects that
would remain hidden in traditional approaches like linear regression.

Table 10 presents the mean of absolute values of SHAP obtained by fitting the model
in Section 2 using the RF and also the 95% confidence interval. Notice that by considering
the absolute value, we are interested in the size but not the sign of the relationship of
every explanatory variable with USE, and so it can be assimilated to the effect size of the
relationships in the regression analysis in Table 4. When considering the average value,
we focus on the average importance of each variable in the whole sample. The similarity
between the mean absolute SHAP values and the effect sizes obtained from the linear
regression is reinforced by the fact that the Spearman correlation between the effect sizes of
the variables on USE and their mean absolute SHAP values is 0.872.
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Table 10. Relative importance of explanatory variables to predict USE measured with the mean of the
absolute value of SHAP.

Mean 95% Confidence Interval

Variable SHAP SHAP_Lower SHAP_Upper

KNOW 0.559 0.547 0.571
GEN 0.297 0.293 0.301

INNOV 0.193 0.189 0.197
SU 0.154 0.150 0.158
ED 0.136 0.134 0.138

REG 0.117 0.113 0.120
PE 0.102 0.099 0.104
PRI 0.074 0.072 0.076
SR 0.073 0.071 0.075
IN 0.053 0.051 0.054

SEX 0.039 0.038 0.040

The most important variable is KNOW, as it exhibits the highest average SHAP value.
This finding is consistent with the fact that the KNOW has the highest absolute Spearman
correlation and serves as the primary splitting variable in the largest number of branches in
the DTR, as shown in Figure 3. It is noteworthy that INNOV appears to be the third most
important variable despite not serving as a primary splitter in any node. However, this is
understandable given that it has the second-highest Spearman correlation and effect size
in linear regression and appears as a surrogate condition in all non-terminal nodes of the
DTR model represented in Figure 3.

The fact that the variables SEX and IN do not appear as either primary or surrogate
splitters in the DTR is consistent with their position as the least important variables in the
SHAP ranking, as shown in Table 8.

5. Discussion
5.1. General Issues

This study, framed within the Theory of Planned Behavior (TPB), analyzes data
from a national survey conducted in Spain by the Centro de Investigaciones Sociológicas
(Sociology Research Centre) [15], focusing on the perception and use of generative artificial
intelligence (GAI). To this end, advanced machine learning techniques were applied. This
study had two main objectives. The first (RO1) was used to assess the validity of the
proposed theoretical model for fitting the sample data and predicting the observed behavior.

The results show that combining Spearman correlations with machine learning models
such as decision trees (DTR) and their extensions (RF and XGBoost) not only enables
the visualization of interactions between explanatory variables, but also allows for the
explanation of approximately 95% of the variance in the dependent variable. Furthermore,
the model demonstrated predictive capacity, regardless of the fitting methodology used.
However, RF emerged as the model with the highest predictive power.

The application of SHAP values to the best-performing model (Random Forest) en-
abled the identification of the most influential factors in explaining GAI use, addressing
RO2. The main drivers, in order of importance, are knowledge about technology (KNOW),
innovativeness (INNOV), membership in older generations (GEN), and perceived useful-
ness, both in social utility terms (SU) and in terms of performance expectancy (PE).

Conversely, factors such as the perceived need for stricter regulations, negative societal
externalities, and privacy risk perception show lower relevance. Additionally, sociodemo-
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graphic variables such as education level, income, and gender have a limited influence in
predicting GAI use.

The finding that KNOW is the most important variable reinforces existing evidence
of its relevance to AI adoption—not only in domains such as healthcare [58,59] and
education [40,43,60], but also across diverse cultural contexts, including Abu Dhabi [40],
Taiwan and Indonesia [43], Germany [60], and India [59].

In the field of AI adoption, attitude has been consistently reported as a key determinant
of acceptance and use [17], which supports the strong role of INNOV, the significance of
which has been observed in multiple empirical studies in countries such as Germany [20],
Israel [46] and Croatia [47]. This also helps explain the notable relevance of PE, consistently
confirmed across various GAI application contexts [37–43], including regions and coun-
tries such as Southern Europe [37], Germany and Poland [38,42], Abu Dhabi and Saudi
Arabia [40,41], and Southeast Asia [43].

The strong impact of SU and REG, both related to subjective norms, is consistent with
the idea that societal perceptions of AI use are important for understanding its acceptance,
as shown in previous studies placed in different cultural context such as Germany [20],
Croatia [47], Arabia Saudi [62], or Poland and Egypt [63].

The results concerning privacy risk perceptions were unexpected. In our sample,
privacy risk showed a positive correlation with USE in bivariate analysis and appeared
as both a positive and negative predictor in the DTR. This suggests that privacy concerns
may not be a significant determinant of GAI adoption, a finding echoed in the context of
higher education in South Korea [53]. It is also plausible that individuals with greater AI
knowledge are more aware of privacy risks but weigh anticipated benefits more heavily. So-
cially, a similar pattern emerges: perceived social usefulness is valued more than perceived
societal risks or the need for regulation.

5.2. Theoretical and Analytical Implications

From a theoretical standpoint, this study validates the applicability of TPB as an ex-
planatory model of digital behavior in the context of GAI, as previously shown in [17]. The
use of Random Forest and XGBoost enables model fitting with over 90% accuracy, while
also providing strong predictive power.

The three dimensions of the TPB provide empirical support, albeit with uneven
importance. Attitude (operationalized via INNOV), perceived behavioral control (via
KNOW), and belonging to younger generations are stronger predictors than subjective
norms (SU, SR, and REG), suggesting that GAI usage is influenced more by internal factors
than by social pressures.

Analytically, the use of non-parametric methods such as decision trees and their
extensions allows alternative analytical perspectives to traditional linear models, especially
useful in technological adoption, which is mediated by nonlinear relationships and complex
interactions. Implementing the SHAP measure in the best predictive method (RF) enables
a transparent decomposition of each variable’s impact on model predictions, providing
a methodological contribution that can be replicated in future research on technology
acceptance. The robust model fit (R2 > 90% in RF and XGBoost) strengthened the validity
of the findings.

One of the most interesting theoretical findings was the central role of KNOW as the
main predictor of GAI use. This suggests that perceived self-efficacy and technological
familiarity carry more weight than do concerns about social risks or formal education
levels. Similarly, the high relevance of INNOV, despite not being a primary split in the
DTR, reinforces the idea that individual dispositions toward innovation act transversally in
the adoption of new technologies.
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Also noteworthy is the lack of influence of traditionally relevant variables, such as
gender and income, which did not appear as either primary or surrogate conditions in the
DTR models. This calls for a re-evaluation of the centrality of these variables in classical
digital divide models, at least in the specific context of GAI.

5.3. Practical Implications

From a practical standpoint, the findings of this study offer clear guidance for design-
ing interventions and public policies that promote responsible and equitable use of GAI.
The importance of knowledge suggests that educational and digital literacy campaigns
may be the most effective tools for increasing use, especially among older individuals or
those with less prior exposure.

Additionally, the strong influence of innovativeness implies that communication
strategies should emphasize the disruptive and transformative potential of these tools and
present them as opportunities for personal and professional growth. The limited impact of
gender and income suggests that barriers to GAI use are not primarily structural but rather
linked to individual skills and motivation.

This study strongly supports the integration of GAI-related content into secondary
and higher education curricula in the education sector. It also recommends including GAI
tools in adult education programs to promote digital inclusion for groups less exposed to
emerging technologies.

On the other hand, societal risk perception and the perception of a need for regulation
(REG) do not clearly inhibit usage but do appear as significant variables in the models.
This indicates that social acceptance of GAI also depends on ensuring its ethical and
transparent use. Therefore, institutions should accompany technological development with
clear regulations that protect citizens’ rights and minimize undesirable effects, such as
misinformation, bias, or privacy violations.

Finally, the predictive capacity of the models developed in this study can be leveraged
by both public and private organizations to better segment users, anticipate their needs, and
design personalized services. For example, public administrations can use these models
to identify profiles with a low likelihood of use and target them with specific training or
access programs.

In short, the study provides not only a theoretical understanding of GAI use but also
practical tools for its effective and equitable implementation in Spanish society.

6. Conclusions
This study concludes that GAI usage in Spain is determined by a combination of

individual (such as knowledge and openness to innovation) and contextual factors (such as
perceived usefulness and regulation). The methodological robustness and sample size lend
credibility to these findings, which not only validates the TPB as an explanatory framework
but also offers new insights into the role of sociodemographic variables.

The minimal influence of gender and income in the models invites a reconsideration
of traditional assumptions about the digital divide, whereas the central role of knowledge
underscores the need for educational policies.

This study has some limitations. First, it relies primarily on existing research and
technical documents, which may overlook recent empirical evidence on the direct impact
of regulation in specific contexts. Second, the sample is exclusively based in Spain, po-
tentially limiting the generalizability of the findings to regions with different regulatory
frameworks. However, it is worth noting that our discussion highlights that several of
our findings are consistent with those reported in other cultural settings. Finally, the
rapid technological evolution of AI models creates a persistent gap between regulation
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and emerging technical capabilities. Therefore, gaining insightful knowledge about how
generative AI is adopted requires longitudinal studies that capture the different phases of
technology implementation.

Future research should include empirical studies analyzing how different social groups
(e.g., users, developers, and legislators) perceive the effectiveness of current regulations.
It would also be valuable to study the impact of differentiated regulatory frameworks on
countries with varying levels of technological development. Another promising direction
is to explore hybrid governance models that combine formal regulation with self-regulation
mechanisms, and open participatory algorithmic auditing tools. These lines of research may
enhance the understanding of GAI adoption and trust, while contributing to the creation of
a more ethical, inclusive, and secure technological ecosystem.
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