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Abstract
The rapid diffusion of Artificial Intelligence (AI) is transforming
everyday practices, raising concerns about emerging forms of exces-
sive use and technological dependency. The present study, based on
an online questionnaire with 306 participants aged 18–30, examined
how the satisfaction of psychological needs relates to AI depen-
dency. Drawing on Self-Determination Theory (SDT), need satisfac-
tion was assessed both in everyday life and in the context of AI use,
alongside a measure of AI dependency. Relationships among vari-
ables were examined using Structural Equation Modelling (SEM).
Results revealed a contrasting pattern: basic psychological need
satisfaction was negatively associated with AI dependency, whereas
AI-specific need satisfaction showed a strong positive association.
These findings suggest that generative AI may function not only as
a compensatory resource for unmet needs, but also as a primary con-
text for need satisfaction, thereby reinforcing dependency-related
patterns of use. Contrary to expectations, the association between
basic and AI-specific needs was weak, indicating that the two con-
structs operate as partially independent processes. Overall, the
findings highlight the importance of distinguishing between basic
and context-specific need satisfaction in understanding the psycho-
logical mechanisms underlying AI dependency.

CCS Concepts
• Human-centered computing→ HCI theory, concepts and mod-
els; • Applied computing → Psychology; • Computing method-
ologies → Artificial intelligence.
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1 Introduction
The increasing diffusion of Artificial Intelligence (AI) technologies
has made access to information more immediate and has expanded
opportunities for support in learning and content production, con-
tributing to the transformation of how individuals learn, work, and
interact with technology [14].

Young adults, adolescents, and younger users represent a sub-
stantial proportion of individuals engaging with AI applications
across a range of contexts, including education, digital communica-
tion, and social media platforms [2, 27, 59]. According to the latest
Eurostat report on the use of Artificial Intelligence [16], based on a
population sample aged between 16 and 74 years, 63.8% of individu-
als aged 16–24 in Europe report using AI technologies, compared to
36.2% of the overall population. The use of generative AI for private
purposes is also more prevalent among younger users (44.2%) than
in the general population (25.1%).

Within this context, the increasing use of advanced digital sys-
tems may contribute to the development of intensive usage patterns
which, in some cases, may evolve into problematic use or forms of
technological dependency. Research on behavioral addictions re-
lated to digital technologies has shown that excessive use of digital
tools can be associated with loss of control, interference with daily
activities, and negative consequences for psychological well-being
[35, 40].
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In the specific case of AI systems, some authors have highlighted
the risk of overreliance, defined as an excessive trust in automated
systems and machine-generated outputs, which may impair users’
critical evaluation and decision-making processes [45].

In light of these considerations, there is a growing interest within
the scientific community in examining the psychological and behav-
ioral implications of intensive AI use, particularly among younger
users [30].

Against this background, the present study aims to explore fac-
tors that may facilitate or hinder the emergence of intensive AI use
and to examine the psychological consequences associated with
these patterns of interaction. More specifically, the study investi-
gates whether the satisfaction of basic psychological needs—namely
autonomy, competence, and relatedness—as well as needs related
to AI use, may reduce the tendency to rely excessively on such
technologies, thereby decreasing the likelihood of developing prob-
lematic or dependency-like usage patterns.

2 Related Work
2.1 Attitudes Toward Artificial Intelligence
A variety of cognitive, psychological, social, and contextual factors
can influence attitudes toward artificial intelligence (AI) and, con-
sequently, individuals’ propensity to use such technologies [26].
In this regard, the Technology Acceptance Model (TAM) explains
how positive attitudes are shaped by perceptions of usefulness and
the ability of technology to enhance performance or simplify tasks
[10, 65].

Digital competence also plays a key role: individuals with higher
levels of digital skills and greater exposure to emerging technolo-
gies tend to display more favorable attitudes toward AI [66, 67].
Additionally, merely perceiving a system as AI can increase trust
and reliance, even when its actual performance does not differ from
non-AI technologies [34]. This suggests that expectations associ-
ated with AI may foster reliance and cognitive delegation processes
[38]. Generational differences further contribute to these dynamics,
with younger individuals generally more inclined to adopt new
technologies [49].

Psychological and dispositional factors are also relevant. Trust in
technological systems is a key determinant of adoption, as higher
levels of trust are associated with greater willingness to rely on
automated outputs [37]. However, recent studies have questioned
both the conceptualization of trust and the methodologies used in
AI research, highlighting the need for further investigation [57]. Per-
sonality traits, particularly those described by the Big Five model
[22, 44, 56, 62], also influence attitudes. For example, agreeable-
ness is associated with more positive attitudes toward AI, whereas
conspiratorial beliefs are linked to more negative ones [46, 61]. Sim-
ilarly, openness to experience is positively associated with attitudes
toward AI [23].

Risk perception and concerns about potential negative conse-
quences, such as loss of control, privacy issues, and the impact of
automation on employment, may also lead to more cautious atti-
tudes [14]. In addition, social and cultural factors, including norms,
media representations, and institutional context, can significantly
shape AI acceptance [4].

Overall, attitudes toward AI emerge from the interaction of mul-
tiple individual, technological, and contextual factors, making their
understanding crucial for analyzing AI adoption and promoting
responsible use.

2.2 Attitudes Toward AI and Self-Determination
Theory

Self-Determination Theory (SDT) identifies three basic psychologi-
cal needs that guide human motivation and behavior: autonomy,
competence, and relatedness [53]. Autonomy refers to the percep-
tion of acting freely and making one’s own decisions; competence
concerns the sense of personal effectiveness in dealing with tasks;
and relatedness reflects the need to feel connected to others and
to develop meaningful relationships. Within SDT, these needs rep-
resent fundamental theoretical components and play a key role in
distinguishing between intrinsic and extrinsic motivation [12, 53].

In recent years, SDT has been widely applied across domains
such as education, health, work, and, more recently, digital tech-
nology use [6, 53, 64]. With regard to artificial intelligence, several
studies have begun to examine how the satisfaction of basic psycho-
logical needs influences interaction with AI systems. Evidence sug-
gests that need satisfaction is associated with higher engagement,
more positive attitudes, and greater acceptance of AI [5, 11, 41].
Conversely, when these needs are frustrated, individuals tend to
perceive AI more negatively and with greater concern, highlighting
the importance of perceived competence and social connectedness
in technology acceptance.

At the same time, digital technologies can both support and hin-
der the satisfaction of psychological needs. For instance, excessive
usemay reduce direct social interactions and foster isolation [43, 48].
Moreover, advanced automation may undermine individuals’ sense
of competence and autonomy, potentially impairing independent
decision-making [55]. Despite growing interest in these dynam-
ics, existing research has rarely examined how basic psychological
needs operate as protective or risk factors in the development of
AI dependency.

2.3 From Need Satisfaction to AI Dependency
Recent research has increasingly focused on the psychological and
behavioral factors underlying problematic or excessive use of gener-
ative AI systems, leading to the development of validated measures
of AI dependency [15, 21, 42]. For instance, Goh et al. [21] conceptu-
alize AI dependency in terms of metacognitive evaluations, such as
cognitive preoccupation and awareness of negative consequences,
combined with perceptions of restlessness and social isolation.

Understanding user–AI interaction requires considering how
these systems operate across multiple levels of experience, evolving
from simple tools into cognitive and relational partners. One line of
research highlights how AI systems are designed to promote contin-
uous and cyclical interactions through personalized feedback loops
[33]. These dynamics can generate reinforcement mechanisms, as
AI outputs are often perceived as relevant and rewarding, thereby
encouraging repeated use. Such processes resemble behavioral ad-
diction patterns, where intermittent rewards strengthen behavioral
persistence [32, 33].

265



From Psychological Need Satisfaction to AI Dependency: The Divergent Roles of Basic and AI-Specific Needs ECCE 2026, September 15–18, 2026, Siena, Italy

Another key mechanism involves cognitive offloading [1]. Fre-
quent interaction with AI may lead individuals to externalize cog-
nitive functions such as problem solving, decision-making, and
self-reflection [31, 36]. This process has been described as the emer-
gence of an "algorithmic self," in which self-understanding becomes
mediated by AI-generated interpretations [29, 63]. As a result, in-
creasing reliance on AI may reduce personal agency and weaken
self-regulation capacities [54].

From an SDT perspective, AI systems may provide immediate
and seemingly effective ways to satisfy basic psychological needs.
For example, rapid and personalized responses can enhance per-
ceived competence, while conversational interactions may simulate
forms of relatedness [54]. However, evidence suggests that per-
ceived competence does not necessarily increase dependency risk.
Although more competent users may engage more with AI systems,
they also tend to adopt more efficient strategies, reducing overall
interaction time [9, 34, 60]. Consequently, competence may buffer
the relationship between perceived risk and dependent use [54][53].
Regarding relatedness, some studies suggest that interactions with
AI may partially substitute direct social relationships, potentially re-
ducing motivation or skills needed for authentic social engagement
[17, 58].

Despite these theoretical insights, research linking SDT to prob-
lematic AI use remains limited. Most studies have focused on tech-
nological or behavioral aspects of AI adoption, while the role of
psychological needs in the development of dependency has received
less attention [14]. It is therefore important to investigate how the
satisfaction or frustration of autonomy, competence, and related-
ness shapes individuals’ relationship with AI, potentially fostering
either balanced use or problematic patterns.

3 The Study
Grounded in Self-Determination Theory (SDT), the present study
examines how the satisfaction of basic psychological needs and
their technology-specific counterparts relate to generative AI de-
pendency. In line with research on behavioral addictions, unmet
psychological needs may increase the likelihood of relying on ex-
ternal sources to compensate for psychological deficits [35, 40]. H1.
Basic psychological needs are negatively associated with generative
AI dependency. Previous research suggests that general need satis-
faction tends to extend to context-specific experiences, including
interactions with AI technologies [5, 11, 41]. H2. Basic psycho-
logical needs are positively associated with technology-specific
psychological needs. However, evidence regarding problematic AI
use remains mixed, as need satisfaction may either promote effi-
cient use or increase engagement depending on contextual factors
[9, 34, 60]. Accordingly, the direction of this relationship remains
theoretically ambiguous. For this reason, H3 is formulated as a
non-directional hypothesis. H3. Technology-specific psychologi-
cal needs are associated with generative AI dependency. Building
on these assumptions, it is plausible that AI-specific need satis-
faction acts as an intervening mechanism through which general
psychological needs influence dependency-related outcomes. H4.
Technology-specific psychological needs mediate the relationship
between basic psychological needs and generative AI dependency.
The hypotheses of the present study are graphically represented in

Figure 1: Hypothesized structural model. Basic psychological
needs are expected to positively predict AI-specific psycho-
logical needs (H2) and negatively predict AI dependency (H1).
AI-specific psychological needs are expected to be associated
with AI dependency (H3). The indirect effect (H4) is rep-
resented by the path from basic psychological needs to AI
dependency through AI-specific psychological needs.

Figure 1. In addition to the main analyses, a set of individual and
usage-related variables were examined in preliminary analyses to
explore their associations with generative AI dependency. Gender
was included due to potential differences in technology use and
psychological experiences reported in prior research [7]. Age was
considered given that younger individuals tend to show higher
levels of technology adoption and AI use [16, 49]. Finally, famil-
iarity with AI and daily time spent using AI tools were included,
as they have been associated with more intensive usage patterns
[35, 66, 67].

4 Method
4.1 Sample characteristics
The sample comprises 306 participants, including 182 females (60%)
and 120males (39%); 4 participants chose not to disclose their gender
(“other”; 1%). The participants range in age from 18 to 30 years (Mf=
22.6; SDf= 3.10; Mm=22.7; SDm= 2.99; Mo=20.5; SDo= 2.08). The
participants are mainly students (N= 237; 77.4%), workers (N=35;
11.4%), working students (N=32; 10.5%), and not occupied or study-
ing (N= 2; 0.7%). Among the participants, 185 have a high school
diploma or lower (60.5%), 2 have a bachelor’s degree (0.7%), 117 have
a master’s degree (38.2%), and 2 have a PhD or specialization (0.7%).
Participants completed a voluntary, anonymous self-report ques-
tionnaire administered online between January and March 2026. A
snowball sampling method was employed to recruit participants.

Upon accessing the questionnaire, which was implemented on
the Google Forms platform, participants were provided with infor-
mation about the aims of the study and were required to give their
informed consent before proceeding. The completion time for the
questionnaire was approximately 5–10 minutes.

The questionnaire was structured into three sections. Section
1 collected socio-demographic information, including gender, age,
education, and occupation. Section 2 focused on participants’ use
of artificial intelligence applications, including familiarity with
AI, time spent using such tools, types of applications used, and
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purposes of use. Section 3 included three validated scales, which
are described in detail in the following section.

The study was approved by the Ethical Research Committee of
the University of Siena (CAREUS 8/2026/0052276).

4.2 Measures
The general satisfaction of psychological needs was assessed using
the Italian version of the Satisfaction of Basic Psychological Needs
Scale (SBPNS) [20]. The scale consists of 12 items measuring three
dimensions: autonomy, competence, and relatedness, with four
items per subscale. Responses are rated on a 5-point Likert scale
ranging from 1 (not true at all) to 5 (very true). Examples of items are:
“I feel free to decide for myself how to do my things” (autonomy); "I
feel good at doing many things" (competence); "People are generally
pretty friendly towards me" (relatedness). In the present study, the
scale demonstrated good internal consistency for autonomy (𝛼 =
0.86), and acceptable internal consistency for competence (𝛼 = 0.75)
and relatedness (𝛼 = 0.76).

To assess the satisfaction of psychological needs in relation to
AI use, we employed the Basic Psychological Needs Scale for Tech-
nology Use (BPNS-TU) [41]. The scale comprises four subscales
(autonomy, competence, relatedness to others, and relatedness to
technology), each consisting of three items. Responses are pro-
vided on a 5-point Likert scale. Examples of items are: "When I
use Artificial Intelligence, I feel like I am in control" (autonomy);
"When I use Artificial Intelligence, I feel empowered in my own
abilities" (competence); "When I use Artificial Intelligence, I feel
less alone" (relatedness to others); “I have a friendly feeling with
AI” (relatedness to technology). The Italian version of the scale was
obtained using a back-translation procedure, involving independent
translation into Italian followed by reverse translation into English
by a native speaker. The scale demonstrated satisfactory internal
consistency: good for autonomy (𝛼 = 0.87) and competence (𝛼 =
0.84); acceptable for relatedness to others (𝛼 = 0.71) and relatedness
to technology (𝛼 = 0.73).

Dependency on generative AI was measured using the Gener-
ative Artificial Intelligence Dependency Scale (GAIDS) [21]. The
scale includes 11 items across three subscales: cognitive preoccupa-
tion, negative consequences, and withdrawal. Items are rated on
a 5-point Likert scale ranging from 1 (not at all) to 5 (very much).
Examples of items for the three subscales are: “I feel an urge to use
generative AI, even when it may not be necessary” (preoccupation,
3 items); “I have trouble completing work or other responsibili-
ties without generative AI” (negative consequences. 4 items); “I
get frustrated or irritable when I am unable to use generative AI”
(withdrawal, 4 items). The Italian version of the scale was devel-
oped using a back-translation procedure. Internal consistency in
the present study was good (𝛼 = 0.89), particularly for negative
consequences (𝛼 = 0.81) and withdrawal (𝛼 = 0.91), and acceptable
for cognitive preoccupation (𝛼 = 0.74).

4.3 Data analysis
Analyses were organized around the study hypotheses. Descriptive
statistics characterized participants’ familiarity with, time spent on,
and uses of AI tools. Because all scales departed from normality
(Shapiro–Wilk test, p < .001), gender differences across the SBPNS,

Figure 2: The distribution of familiarity with AI tools.

BPNS-TU, and GAID domains were examined with Wilcoxon rank-
sum tests and rank-biserial effect sizes; these comparisons were
exploratory. H1 was tested with a multiple linear regression pre-
dicting GAID scores from daily AI usage, age, and familiarity, ap-
plying heteroscedasticity-consistent (HC3) standard errors given
non-normal, heteroscedastic residuals (Breusch–Pagan test, p <
.001). H2 was addressed through Spearman rank-order correla-
tions among the three scales. H3 and H4 were tested via structural
equation modeling (SEM), following the two-step procedure of An-
derson and Gerbing [3]: a confirmatory factor analysis (CFA) first
established measurement-model adequacy, after which the struc-
tural paths were estimated. Because the indicators were ordinal
Likert-type items, all models were estimated in lavaan [52] using
the WLSMV estimator on the polychoric correlation matrix, and
the scaled versions of all fit indices are reported. Model fit was
evaluated against the criteria of Hu and Bentler [28]: CFI and TLI ≥
.95 (≥ .90 acceptable), RMSEA ≤ .06 (≤ .08 acceptable), and SRMR
≤ .08; the 𝑋 2 statistic is reported for completeness only, given its
sensitivity to sample size. As the initial measurement model fit
poorly, it was respecified by inspecting standardized loadings and
modification indices, leading to removal of the BPNS-TU Autonomy
subscale; this respecification was data-driven and the revised model
is therefore partly exploratory. Convergent validity and reliabil-
ity were assessed via average variance extracted (AVE > .50) and
composite reliability (𝜔 > .70). To address concerns about common
method variance arising from the single-session, self-report design,
a Harman single-factor test was conducted by constraining all in-
dicators to load on a single common factor and comparing its fit
with that of the hypothesized measurement model.

5 Results
5.1 Familiarity with AI tools, daily time spent

on AI tools and AI’s main uses
Participants’ familiarity with AI tools and their daily usage pat-
terns were examined. The majority reported moderate (37.9%), high
(36.7%), or very high (11.1%) levels of familiarity (Figure 2).

Daily usage, however, was more evenly distributed, with 25.2%
reporting low use, 28.4% relatively low use, and 31.7% moderate
use (Figure 3).
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Figure 3: The distribution of daily time spent on AI tools.

Figure 4: Distribution of self-reported generative AI use
across activities (% of participants per response category).
Bars display the full Likert distribution, from "Very much"
to "Not at all". Green values on the left indicate the combined
proportion of frequent users (the three highest categories),
and red values on the right indicate the combined proportion
reporting little or no use (the two lowest categories). Activi-
ties are ordered from most to least frequently used.

Participants reported using generative AI across a variety of
activities, with marked differences in frequency by task (Figure 4).
Productivity-oriented uses, particularly as a search engine substi-
tute and for writing-related tasks, were the most widely adopted,
followed by creative and learning tasks at intermediate levels. In
contrast, relational and emotional uses (companion, emotional sup-
port, psychological coaching) were reported by very few partici-
pants, suggesting that generative AI remains largely confined to
cognitive and instrumental purposes in this sample. This pattern is
particularly relevant given the centrality of relatedness within the
self-determination theory framework underlying this study.

5.2 Gender Differences
We analyzed data from the SBPNS, BPNS-TU, and GAID scales. For
each domain, we calculated themean, standard deviation, and scores
for males and females, and reported the p-value from the Wilcoxon
rank sum test. This nonparametric test was chosen because all scale
distributions were non-normal (Shapiro-Wilk test, p < 0.001). Total

scores were derived for the entire sample, excluding the four par-
ticipants who did not report their gender in comparisons between
females and males. Most gender differences were non-significant,
with some notable exceptions. On the SBPNS, none of the three
dimensions (Autonomy, Competence, Relatedness) showed signifi-
cant differences between females and males, as indicated by similar
mean values and high p-values (0.2–0.8). On the BPNS-TU scale,
significant gender differences were found for Autonomy (p = 0.001)
and Competence (p = 0.002), with males scoring higher (3.7±0.9 and
3.1±0.9) than females (3.3±1.1 and 2.8±1.0). Relatedness to Tech-
nology also differed significantly (p=0.009), again higher in males,
whereas Relatedness to Others was not significant (p=0.4). On the
GAID scale, only the Preoccupation dimension showed a significant
difference (p=0.011), with males slightly higher (1.9±0.8 vs 1.7±0.8).
Negative Consequences, Withdrawal, and the Total score did not
reach significance. Overall, males scored significantly higher than
females in Autonomy, Competence, Relatedness with Technology,
and Preoccupation with AI, with small effect sizes (rank-biserial
correlation 0.17–0.22). No gender differences were found in basic
psychological needs in general contexts.

5.3 Generative Artificial Intelligence
Dependency

To examine H1, a multiple linear regression was conducted with
daily AI tool usage, age, and AI tool familiarity as predictors of
GAID scores. Given evidence of non-normality of residuals (Shapiro-
Wilk test, p < .001) and heteroscedasticity (Breusch-Pagan test, p
< .001), heteroscedasticity-consistent standard errors (HC3) were
applied [39]. The overall model was significant, F(3, 302) = 22.86, p
< .001, R2 = .185. As shown in Figure 3, all three predictors emerged
as significant independent contributors, with daily time spent on
AI tools as the strongest (B = 0.19, p < .001), followed by age (B =
−0.04, p = .002) and familiarity with AI tools (B = 0.09, p = .041).

5.4 Relationships Between Basic Needs,
Technology Needs, and AI Dependency

A correlation analysis revealed coherent patterns across the three
scales. As expected, domains within the same scale were positively
correlated, with BPNS dimensions showing moderate-to-strong
associations (e.g., autonomy–competence, 𝜌 = .62) and BPN-TU
domains displaying weaker but consistent interrelations (e.g., au-
tonomy–competence, 𝜌 = .48). At the inter-scale level, basic psy-
chological needs were only weakly associated with technology-
specific needs (e.g., autonomy–autonomy-TU, 𝜌 = .39; competence–
competence-TU, 𝜌 = .31), and no significant correlations emerged
with AI-related forms of relatedness. This suggests that general
need satisfaction only partially translates into need satisfaction in
AI contexts. Technology-specific psychological needs were posi-
tively associated with all dimensions of AI dependency, with cor-
relations ranging from weak to moderate (e.g., relatedness to oth-
ers with cognitive preoccupation, 𝜌 = .44; competence with nega-
tive consequences, 𝜌 = .28). In contrast, basic psychological needs
showed largely non-significant associations with AI dependency,
with the exception of a small negative correlation between auton-
omy and negative consequences (𝜌 = −.21). Overall, these findings
indicate that AI-specific need satisfaction is more closely linked to
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dependency-related outcomes than general need satisfaction, while
the association between the two need domains remains limited.

5.5 Confirmatory Factor Analysis (CFA) and
Structural Equation Model (SEM)

To examine the hypotheses (H3-H4), a structural equation mod-
elling (SEM) approach was employed to test the proposed rela-
tionships among basic psychological needs, technology-specific
psychological needs, and dependency on generative AI within a
self-determination theory framework [13]. Following the two-step
procedure recommended by Anderson and Gerbing [3], a confirma-
tory factor analysis (CFA) was first performed to assess measure-
ment model adequacy before estimating structural paths.

The initial CFA model, in which all subscales served as first-
order indicators of their respective second-order latent constructs,
demonstrated poor fit: 𝑋 2 (547) = 1711.619, p < .001; CFI = .879;
TLI = .869; RMSEA = .084, 90% CI [.079, .088]; SRMR = .123. Prior
CFAs conducted separately for each scale had already indicated
that the BPNS-TU Autonomy subscale exhibited a weak loading on
its intended factor (𝜆 = .530). This pattern was corroborated in the
full measurement model, where the same subscale showed a large
modification index indicating cross-loading onto the general basic
psychological needs factor (MI = 599.325, standardized EPC = .576),
confirming insufficient discriminant validity between perceived au-
tonomy in AI use and general autonomy satisfaction. Rather than
reflecting a measurement failure, this overlap may indicate that au-
tonomy in AI use is not experienced as a technology-specific need
but as an extension of general autonomy satisfaction; a finding that
aligns with SDT, which considers autonomy the most universal and
domain-transcendent of the three basic needs [13]. Consequently,
the BPN-TU Autonomy subscale was removed from the measure-
ment model, and the CFA was re-estimated.

The revised measurement model demonstrated good fit: 𝑋 2 (452)
= 893.453, p <.001; CFI = .949; TLI = .944; RMSEA =.057; SRMR =
.085 (Figure 5). CFI, TLI, and RMSEA met recommended thresholds;
although the SRMRwas marginally above the .08 criterion, the over-
all pattern of fit indices consistently supported model adequacy [28].
All standardized factor loadings were statistically significant (p <
.001). Convergent validity was supported by AVE values exceeding
the .50 threshold for all factors (range = .501–.845) [19]. Composite
reliability estimates (𝜔) were satisfactory across all factors (range
= .759–.906). Structural paths were then estimated within this vali-
dated measurement framework, specified as the hypothesized me-
diation model (Figure 1), in which basic psychological needs (F1)
could influence AI dependency (F3) both directly and indirectly
through AI-specific psychological needs (F2). Basic needs positively
predicted AI-specific needs (a = .20, p = .001) and negatively pre-
dicted dependency directly (c = −.34, p < .001), whereas AI-specific
needs strongly and positively predicted dependency (b = .78, p <
.001). The indirect effect of basic needs on dependency through
AI-specific needs was positive and significant (a×b = .16, 95% CI [.06,
.26], p = .002), opposite in sign to the direct effect, while the total
effect remained negative (total = −.18, p = .010). This pattern reflects
competitive (inconsistent) mediation, supporting H4: greater basic
need satisfaction is directly associated with lower dependency, yet
is also associated with slightly higher AI-specific need satisfaction,

Figure 5: Final structural equation model linking basic psy-
chological needs (BPNS = F1), technology-specific needs
(BPNS-TU = F2), and Generative AI Dependency (GAIDS =
F3).
Note. Rounded rectangles represent latent variables and rectangles
represent observed indicators. Path coefficients are reported on the
arrows. The path from F1 to F2 is the mediation path (a); AI depen-
dency (F3) is predicted by basic psychological needs (F1, direct effect)
and AI-specific psychological needs (F2). Negative paths are shown
in red, positive paths in green. All structural paths were significant
(p ≤ .001), and the indirect effect of F1 on F3 through F2 was positive
and significant (a×b = .16, p = .002), opposite in sign to the direct
effect, indicating competitive mediation. The model explains 60.8%
of the variance in AI dependency (F3; R2 = .608).

which in turn raises dependency, partially offsetting the protective
direct effect. Together, F1 and F2 accounted for 60.8% of the vari-
ance in dependency (R2 = .608). Because the BPNS-TU Autonomy
subscale was removed from the measurement model, this indirect
pathway reflects AI-specific competence and relatedness, but not
AI-specific autonomy. As a check for common method variance,
a single-factor model in which all items loaded on one common
factor fit the data poorly (𝑋 2(464) = 4378.83, p< .0001; CFI = .546;
TLI = .514; RMSEA = .166; SRMR = .189), markedly worse than
the hypothesized measurement model (CFI = .949, RMSEA = .057).
This indicates that a single method factor cannot account for the
observed structure, suggesting that common method variance is
unlikely to be the primary driver of the results, although it cannot
be ruled out entirely given the self-report design.

6 Discussion
The results presented here attempt to provide an overview of gen-
erative AI dependency by combining behavioral indicators with
underlying motivational processes. Daily AI use emerged as the
strongest predictor of dependency, consistent with dose–response
patterns observed in behavioral addictions [25, 68]. The imme-
diacy and personalization of AI outputs may function as a form
of variable-ratio reinforcement, sustaining repeated engagement
over time. Notably, dependency levels among moderate users were
comparable to those of heavier users, suggesting that dependency-
related processes may emerge at intermediate levels of engagement.
Although this pattern requires replication, it highlights the poten-
tial for AI systems to foster habitual use even in the absence of
intensive exposure.
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Beyond usage frequency, familiarity with AI was also associated
with dependency, indicating that increased confidence and ease of
use may lower the threshold for repeated interaction. Age showed
a negative association with dependency, with younger individuals
reporting higher GAID scores irrespective of usage levels. This
aligns with prior evidence on greater susceptibility to problem-
atic technology use among younger populations [35], as well as
with neurodevelopmental accounts emphasizing ongoing matura-
tion of cognitive control systems [8]. No gender differences were
observed in overall dependency, although males reported higher
levels of cognitive preoccupation. This localized effect suggests
that gender differences may operate at the level of specific depen-
dency components rather than the global construct. Although very
few participants reported using generative AI for explicitly rela-
tional or emotional purposes (Figure 3), AI-specific relatedness was
among the strongest correlates of dependency. This is consistent
with comparable student samples, where chatbot use is widespread
but explicit help-seeking is rare [51]. The BPNS-TU relatedness
items capture a felt sense of connection while using AI, feeling
less alone, perceived reciprocity, a friendly disposition toward the
system, rather than deliberate emotional use; such relatedness can
thus emerge even during instrumental use and predict dependency
without implying that users turn to AI for companionship. Social
desirability and the predominantly student, academic sample may
further reduce reports of explicit relational use.

Despite their significance, usage-related variables accounted for
a limited proportion of variance in dependency (R2 = .185), under-
scoring the need to consider deeper psychological mechanisms.
Correlational evidence indicated that general need satisfaction only
weakly translated into AI-related need satisfaction, and that rela-
tional experiences with AI were largely independent from broader
social connectedness. At the same time, technology-specific psy-
chological needs were consistently associated with all dimensions
of AI dependency, whereas general needs showed minimal direct as-
sociations. This pattern points to a functional dissociation between
offline and AI-mediated need satisfaction.

The structural model further clarified these dynamics. Consis-
tent with H1, basic psychological need satisfaction was significantly
and negatively associated with AI dependency, consistent with
SDT-based accounts of compensatory technology use [12]. In con-
trast, and in line with H3, technology-specific psychological needs
showed a strong positive association with dependency, indicating
that perceiving AI as a primary source of competence and relat-
edness is strongly associated with greater dependency. Together,
these predictors accounted for a substantial proportion of variance
in the AI dependency latent factor (R2 = .608). This estimate should,
however, be interpreted with caution. Because it derives from a
latent-variable model, in which structural coefficients are disatten-
uated for measurement error, it is expected to exceed the variance
that would be explained using observed scores; and because all con-
structs were assessed through self-report in a single session, shared
method variance may have further inflated the associations. The
value should therefore be read as evidence that a need-based frame-
work is informative for understanding AI dependency, rather than
as a precise estimate of explanatory power generalizable beyond
this sample.

Crucially, the two need systems exerted opposing influences
on dependency. Consistent with H4, AI-specific need satisfaction
significantly mediated the relationship between basic needs and
dependency; however, this indirect path was positive whereas the
direct path was negative, indicating competitive mediation. Basic
need satisfaction is therefore directly protective against depen-
dency, but to the extent that it spills over into AI-specific need
satisfaction it marginally increases it. This divergence reinforces
the view that need fulfilment in AI contexts operates as a partially
independent motivational system rather than a simple extension
of offline functioning: AI may act not only as a compensatory re-
source for unmet needs, but also as an autonomous context of need
satisfaction capable of reinforcing continued use. These structural
relationships are correlational. Given the cross-sectional design,
the strong association between AI-specific need satisfaction and de-
pendency is equally compatible with the reverse account, in which
heavier or more dependent AI use cultivates perceptions of AI as
a source of competence and connectedness rather than the other
way around. The competitive mediation pattern should likewise be
read as a structure of associations, not a causal sequence.

Additional implications arise from the measurement model. The
exclusion of the BPNS-TU autonomy subscale due to cross-loading
with general autonomy raises important conceptual and method-
ological questions. While this pattern may reflect the domain-
transcendent nature of autonomy within SDT [12], it may also indi-
cate limitations in operationalizing autonomy as a context-specific
construct (cf. [47]). Future research should therefore further exam-
ine whether autonomy can be meaningfully distinguished across
contexts, or whether it functions as a more global psychological
resource.

Overall, the present findings suggest that AI dependency cannot
be fully understood in terms of usage intensity alone, but requires
consideration of how and where psychological needs are satisfied.
The distinction between basic and AI-specific need satisfaction
provides a novel lens for understanding human–AI interaction,
pointing to the possibility that dependency emerges not only from
unmet needs, but from the increasing capacity of AI systems to
fulfill them.

7 Conclusion
These findings may have important implications for the design of
generative AI systems. Digital technologies appear to provide a
framework for psychological need satisfaction [50, 53], while design
features aimed at maximizing engagement may reinforce persistent
use patterns [18, 25]. In this sense, generative AI systems may not
simply support task completion, but also shape users’ motivational
experiences by providing immediate and personalized feedback.

If AI increasingly serves as a source of competence and social
connectedness, such mechanisms may inadvertently contribute to
dependency-related outcomes. This is particularly relevant in light
of the reinforcing nature of interactive systems, where repeated
engagement can be sustained even in the absence of explicit user
intentions. Designers should therefore balance engagement with
features that support user autonomy and self-regulation, avoiding
manipulative design practices [24].
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More broadly, these findings suggest that the psychological ar-
chitecture of AI systems should be considered alongside their func-
tional capabilities, as design choices may directly influence not only
how often users engage with these tools, but also the quality and
regulation of such engagement.

8 Limitations
Some limitations of the present study should be acknowledged.

First, the design is cross-sectional, so the associations observed
among basic need satisfaction, AI-specific need satisfaction, and AI
dependency cannot be interpreted in causal or temporal terms. The
reverse direction is equally consistent with the data: rather than
AI-specific need satisfaction fostering dependency, more frequent
or dependent AI use may itself cultivate perceptions of competence
and connectedness with AI; conversely, dependency could erode
the satisfaction of basic psychological needs rather than result from
its absence. Longitudinal and experimental designs are needed to
establish the direction of these effects.

Second, the study relied on a self-report questionnaire, which
may be subject to common method bias, social desirability, and in-
accuracies in participants’ self-perceptions, particularly regarding
their actual use of AI and dependency-related behaviors. Relatedly,
the proportion of variance explained by the structural model (R2 =
.608) is likely an upper-bound estimate: latent-variable disattenua-
tion and the single-session, self-report design both tend to inflate
structural associations, and the value may be lower in samples
assessed with multi-method or multi-wave designs.

Third, the sample was recruited using a snowball sampling
method and consisted exclusively of young adults aged between 18
and 30 years. While this population is highly relevant given its fre-
quent use of AI technologies, the findings may not be generalizable
to more diverse populations.

A notable limitation concerns the exclusion of the BPN-TU Au-
tonomy subscale, which was removed following evidence of insuf-
ficient discriminant validity with the general autonomy construct
assessed by the BPNS. Although this decision was guided by sys-
tematic evaluation of the measurement model and is theoretically
interpretable within SDT [13], it was not specified a priori. The re-
vised structural model should therefore be considered exploratory.

Finally, although validated scales were employed, the Italian ver-
sions of some instruments were obtained through a back-translation
procedure and may require further validation in different samples
and contexts. The absence of independent psychometric validation,
in conjunction with the current internal consistency estimates (𝛼/𝜔
= .71–.91), permits the use of these results as preliminary.
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