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Abstract

Background: Artificial intelligence (Al) chatbots are rapidly becoming integrated into higher education, supporting human—computer
interaction, knowledge explanation, rapid access to information, access to online learning resources, and personalized learning pathways.
However, little is known about potential patterns of dependence on these technologies and their relationship with anxiety and depressive
symptoms. This study aimed to conduct an initial psychometric evaluation of the Spanish version of the Artificial Intelligence Chatbot
Dependence Scale (AICDS) and to explore its association with anxiety and depressive symptoms among university students. Methods: A
cross-sectional study was conducted among 200 university students from Santa Rosa del Aguaray, Paraguay. Participants completed the
AICDS together with screening measures of anxiety and depressive symptoms. Data were analyzed using R version 4.5.3. Confirmatory
factor analysis using diagonally weighted least squares estimation with robust standard errors was performed to examine the scale's factor
structure, and multiple linear regression models were used to evaluate associations between AICDS scores and anxiety and depressive
symptoms. Results: The findings supported a unidimensional factor structure with acceptable-to-good model fit and high internal
consistency (Cronbach's o = 0.833; McDonald's ® = 0.903). Fully standardized factor loadings ranged from 0.538 to 0.873. In bivariate
analyses, students who screened positive for anxiety symptoms had higher AICDS scores than those who screened negative, although
the effect size was small. However, this association was not maintained after adjustment for sociodemographic and academic covariates
in multiple regression models. No significant association was observed between AICDS scores and depressive symptoms under two-
tailed testing. Conclusions: These findings provide preliminary evidence supporting the internal consistency and factorial validity of the
Spanish version of the AICDS in this sample. However, associations between Al chatbot dependence and anxiety or depressive symptoms
were weak and not robust after adjustment. Further longitudinal and psychometric research is needed before broader conclusions can be
drawn about the mental health implications of Al chatbot dependence among university students.
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Main Points this association was small and did not remain significant af-
ter adjustment for sociodemographic and academic covari-
ates.

3. No statistically significant association was found
between AICDS scores and depressive symptoms under
two-tailed testing.

1. The Spanish version of the Artificial Intelligence
Chatbot Dependence Scale (AICDS) showed a coherent
unidimensional structure and high internal consistency in
this sample.

2. AICDS scores were higher among students screen-
ing positive for anxiety symptoms in bivariate analyses, but
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4. These findings support the AICDS as a promis-
ing instrument for further research, but additional validation
studies with larger and more diverse samples are needed.

1. Introduction

The rapid expansion of artificial intelligence (Al)
technologies has transformed multiple domains of everyday
life, including higher education. Among these innovations,
Al-based conversational agents, commonly referred to as
chatbots, have become increasingly integrated into the aca-
demic routines of university students. These systems allow
users to interact through natural language and obtain imme-
diate responses to questions, explanations of complex top-
ics, and assistance in completing academic tasks [1,2]. Asa
result, Al chatbots are progressively being incorporated into
study practices, information-seeking behaviors, and learn-
ing processes in higher education environments [3,4,5,6].

The growing reliance on Al chatbots among univer-
sity students represents an emerging phenomenon that may
extend beyond purely instrumental academic use. Chatbots
are computer programs designed to simulate conversation
with human users through natural language interaction [7].
In the present study, chatbot dependence was understood
as the tendency to rely on conversational Al systems for
academic support, social interaction, or emotional reassur-
ance in situations involving uncertainty or stress. Although
the concept of “digital natives” has been debated, contem-
porary university students are frequently exposed to digital
technologies and may rapidly incorporate emerging tools,
including Al chatbots, into their academic and everyday
practices [1,8].

Importantly, dependence on Al chatbots should be dis-
tinguished from frequent or academically appropriate use.
In university settings, students may use chatbots as legit-
imate learning aids for clarifying concepts, organizing in-
formation, obtaining feedback, supporting writing-related
tasks, or facilitating self-directed study [1,3,6]. Such use
does not necessarily imply problematic behavior. Build-
ing on this literature, the present study operationalizes chat-
bot dependence as a pattern of perceived reliance, difficulty
functioning without chatbot access, excessive trust in chat-
bot outputs, and repetitive consultation that may go beyond
instrumental academic support. This distinction is impor-
tant to avoid pathologizing ordinary Al-assisted learning
while still allowing empirical examination of potentially
maladaptive patterns of use.

University life is widely recognized as a period char-
acterized by multiple developmental and psychosocial chal-
lenges. Students often face substantial academic demands,
evolving social relationships, financial pressures, and the
transition toward independent adulthood, all of which may
significantly affect mental health [9,10]. A growing body
of research has documented elevated levels of psychologi-
cal distress among university students worldwide, including
symptoms of anxiety, depression, and stress [11,12,13,14].

These concerns have become particularly salient in recent
years due to the disruptions caused by the Coronavirus dis-
ease 2019 (COVID-19) pandemic, which intensified stu-
dents’ reliance on digital learning environments and online
communication technologies [15,16,17].

Recent studies have begun to explore the potential re-
lationship between the use of Al technologies and mental
health outcomes among students. Some research suggests
that intensive engagement with digital platforms and online
tools may be associated with psychological distress, sleep
disturbances, and problematic technology use [18,19,20].
Although Al chatbots differ from traditional social media
or internet platforms, their conversational and interactive
nature may encourage frequent use and emotional reliance.
For example, students may use chatbots not only to obtain
academic assistance but also to manage uncertainty, seek
reassurance, or cope with academic stress.

Previous research on technology-related dependence
has shown that problematic patterns of internet, smart-
phone, and social media use are frequently associated with
depressive symptoms among university students. These as-
sociations may be explained by several mechanisms, in-
cluding reduced sleep quality, displacement of offline so-
cial interaction, repetitive reassurance seeking, impaired
self-regulation, and the use of digital tools as avoidant cop-
ing strategies [18,19,20,21]. Although AI chatbots dif-
fer from earlier digital platforms because they provide in-
teractive, generative, and personalized responses, this lit-
erature offers a useful framework for examining whether
dependence-like patterns of chatbot use may be related to
depressive symptoms.

From a psychological perspective, digital technolo-
gies can function as mechanisms of cognitive and emotional
regulation. Immediate access to information and feedback
may help individuals reduce uncertainty and alleviate anxi-
ety associated with complex or demanding tasks [22]. In
academic contexts, Al chatbots may therefore operate as
tools that facilitate rapid problem-solving while simultane-
ously providing a form of psychological reassurance. How-
ever, excessive reliance on such technologies could poten-
tially contribute to maladaptive patterns of technology use
or dependence, particularly if students begin to substitute
independent problem-solving or interpersonal interactions
with automated systems.

Another important concept in this context is cognitive
offloading, which refers to the tendency to rely on exter-
nal technological systems to support cognitive processes
such as memory, reasoning, or decision-making [23,24].
Al chatbots may facilitate this process by allowing users
to quickly outsource cognitive effort, which could increase
efficiency but also encourage habitual reliance on digital as-
sistance. Over time, this reliance may contribute to patterns
of dependence that are conceptually related to other forms
of problematic technology use.

&% IMR Press


https://www.imrpress.com

Despite the growing interest in the educational and
psychological implications of Al chatbots, empirical re-
search examining the potential relationship between chat-
bot dependence and mental health remains limited. Further-
more, the systematic measurement of this construct is still
in an early stage of development. Reliable and valid psy-
chometric instruments are essential for advancing research
in this area and for identifying potential risk factors associ-
ated with problematic technology use.

One instrument recently developed to address this
gap is the Artificial Intelligence Chatbot Dependence Scale
(AICDS), which was designed to assess psychological and
behavioral dependence on Al chatbots in everyday life [25].
The scale evaluates dimensions such as excessive trust in
chatbot responses, compulsive use, and perceived difficulty
functioning without access to Al conversational systems.
Initial validation studies have reported promising psycho-
metric properties, suggesting that the AICDS may represent
auseful tool for examining emerging patterns of technology
dependence.

However, to date there are no validated Spanish-
language versions of this instrument available for use in uni-
versity populations. The absence of culturally adapted tools
limits the ability to investigate chatbot dependence and its
potential psychological consequences in specific Spanish-
speaking university populations. Cross-cultural adaptation
and psychometric validation are therefore necessary steps
to ensure that the scale can be reliably used in different lin-
guistic and cultural settings [26,27].

The marginal contribution of the present study is
threefold. First, it provides an initial Spanish adaptation and
psychometric evaluation of the AICDS in a South American
university sample, addressing the lack of instruments for
assessing Al chatbot dependence in Spanish-speaking con-
texts. Second, it examines whether AICDS scores are as-
sociated with anxiety and depressive symptoms using both
bivariate and adjusted analytical approaches. Third, it con-
tributes conceptually by distinguishing ordinary Al-assisted
learning from dependence-like patterns of perceived re-
liance, excessive trust, and difficulty functioning without
chatbot access. In this way, the study aims to support
a more nuanced understanding of Al use in higher edu-
cation without pathologizing legitimate academic engage-
ment with these tools.

Given the increasing integration of Al technologies
into students’ academic lives and the potential implications
for psychological well-being, further research is needed to
better understand how dependence on Al chatbots may re-
late to mental health outcomes. Therefore, the primary aim
of the present study was to conduct an initial psychomet-
ric evaluation of the Spanish version of the AICDS, while
a secondary aim was to examine its association with anxi-
ety and depressive symptoms in a sample of university stu-
dents from Santa Rosa del Aguaray, Paraguay. The follow-
ing sections describe the study design, sampling strategy,
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measures, statistical analyses, psychometric results, associ-
ations with anxiety and depressive symptoms, and the im-
plications and limitations of the findings.

2. Materials and Methods
2.1 Study Design

A quantitative observational study with a correlational
scope and a cross-sectional design was conducted to exam-
ine the relationship between anxiety and depressive symp-
toms and dependence on Al chatbots among university stu-
dents. This design allowed the characterization of associ-
ations between mental health variables and chatbot depen-
dence at a specific point in time [28]. Because of its cross-
sectional nature, the design did not permit causal inference
or determination of the temporal direction between chatbot
dependence and anxiety or depressive symptoms.

2.2 Population and Sampling

The target population comprised university students
enrolled in undergraduate programs in Santa Rosa del
Aguaray, Paraguay. This city represents an emerging re-
gional educational center in northern Paraguay, attracting
students from surrounding districts and rural areas. Conse-
quently, although the study was conducted in a single city,
the sample includes students from diverse socioeconomic
and geographic backgrounds. The accessible population in-
cluded students who had used an artificial intelligence chat-
bot within the previous four weeks.

Participants were recruited using a non-probabilistic
consecutive sampling strategy based on an open invitation
extended to students. This strategy enabled the inclusion
of an accessible and heterogeneous sample in terms of aca-
demic level and individual characteristics. Eligibility cri-
teria included being 18 years or older, currently enrolled
in an undergraduate university program in Santa Rosa del
Aguaray, having used an artificial intelligence chatbot dur-
ing the previous four weeks, and voluntarily agreeing to
participate in the study. Students on academic leave or
temporary withdrawal were excluded prior to enrollment,
and therefore no data were collected from these subgroups.
Questionnaires with more than 20% missing responses were
defined as ineligible; however, in practice all questionnaires
were fully completed, and all collected responses were re-
tained for analysis.

Data collection was carried out through an online
questionnaire hosted on a freely accessible digital platform
and disseminated through institutional channels, social me-
dia, and messaging applications such as WhatsApp and
Telegram. The survey remained open from October to De-
cember 2025. Before accessing the survey, participants
were informed about the objectives of the study, the vol-
untary nature of participation, and the anonymity and con-
fidentiality of data handling. Online survey methods have
been shown to be a methodologically valid and efficient
strategy, producing results comparable to those obtained


https://www.imrpress.com

through traditional face-to-face surveys [29]. No incentives
were offered for participation, and reminder messages were
disseminated biweekly through the same institutional chan-
nels and social media platforms to encourage survey com-
pletion.

2.3 Variables

Several sociodemographic, academic, and psycholog-
ical variables were collected to characterize the study pop-
ulation and explore their association with Al chatbot de-
pendence. These variables were selected because sociode-
mographic and academic characteristics may influence both
technology use and mental health, while anxiety and de-
pressive symptoms represent common indicators of student
psychological vulnerability and have been widely examined
in relation to problematic digital technology use.

Sociodemographic variables included sex (male or fe-
male), age (in completed years), type of university (pub-
lic or private), and academic field of study categorized into
major disciplinary areas: natural sciences, engineering and
technology, medical and health sciences, agricultural and
veterinary sciences, social sciences, and humanities and
arts.

Participants were also asked to report the primary pur-
pose of their use of artificial intelligence chatbots through
an open-ended question. Responses were coded into the-
matic categories after data collection. Two members of the
research team independently reviewed the responses and
proposed preliminary categories based on semantic similar-
ity. These categories were then discussed and consolidated
by consensus into five mutually exclusive groups: resolv-
ing academic doubts, writing assignments, curiosity or en-
tertainment, emotional support, and other. Disagreements
were resolved through discussion with a third researcher.
Because the coding was descriptive and used only to char-
acterize the sample rather than to test a primary hypothesis,
no formal inter-rater reliability coefficient was calculated.

Mental health variables included symptoms of anxi-
ety and depression. Anxiety was assessed using the Gen-
eralized Anxiety Disorder-7 scale (GAD-7), while depres-
sive symptoms were measured using the Patient Health
Questionnaire-2 (PHQ-2). The primary outcome variable
of the study was dependence on artificial intelligence chat-
bots, measured using the AICDS.

2.4 Measures

2.4.1 Artificial Intelligence Chatbot Dependence Scale
(AICDS)

Dependence on Al chatbots was assessed using the
AICDS, a self-report instrument designed to evaluate psy-
chological and behavioral dependence on conversational
artificial intelligence systems in everyday contexts. The
scale explores patterns such as excessive trust in chatbot
responses, compulsive consultation of Al systems, and per-
ceived difficulty functioning without access to these tools.

The instrument consists of eight items organized in a
unidimensional structure. Each item is rated using a seven-
point Likert scale reflecting increasing levels of agreement
or frequency. Higher scores indicate greater levels of de-
pendence on Al chatbots.

Previous validation studies have reported adequate
psychometric properties for the instrument, including a sta-
ble factor structure and approximately 58% of explained
variance [25]. The scale does not include clinical cut-off
points; therefore, scores are interpreted dimensionally us-
ing the total or average score as a continuous indicator of
chatbot dependence.

Translation and Cultural Adaptation of the AICDS. The
scale was translated and culturally adapted into Spanish
following internationally recommended procedures for the
cross-cultural adaptation of self-report instruments. The
process included forward translation, back-translation, and
review by bilingual researchers to ensure semantic and con-
ceptual equivalence with the original instrument [26].

First, the original English version was independently
translated into Spanish by two bilingual researchers famil-
iar with psychological terminology. The two translated ver-
sions were then compared and synthesized into a prelimi-
nary Spanish version. Subsequently, this version was back
translated into English by an independent bilingual transla-
tor who was blinded to the original instrument. The back-
translated version was compared with the original scale to
detect potential discrepancies and ensure conceptual equiv-
alence. Minor wording adjustments were made to improve
clarity and cultural appropriateness for Spanish-speaking
university students. The final Spanish version of the scale
was incorporated into the survey used in the present study.

The Spanish wording of the eight AICDS items used
in this study is presented in the Results section together with
the factor loadings.

2.4.2 Patient Health Questionnaire-2 (PHQ-2)

Depressive symptoms were assessed using the PHQ-
2, originally developed by Kroenke, Spitzer, and Williams
(2003) [30]. The PHQ-2 comprises the first two items of the
nine-item Patient Health Questionnaire (PHQ-9) and evalu-
ates the presence of depressed mood and anhedonia during
the previous two weeks.

Items are rated on a four-point Likert scale ranging
from 0 (“not at all”) to 3 (“nearly every day”), resulting in
a total score between 0 and 6. A score of 3 or higher has
been proposed as a screening threshold for major depres-
sive disorder, showing a sensitivity of approximately 83%
and specificity of 92% [30]. The Spanish version of the
PHQ-2 was used in the present study and has demonstrated
adequate reliability in previous research [31].
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2.4.3 Generalized Anxiety Disorder-7 (GAD-7)

Anxiety symptoms were measured using the GAD-
7, a widely used self-administered instrument designed to
screen for generalized anxiety disorder and assess the sever-
ity of anxiety symptoms [32].

The scale consists of seven items rated on a four-point
Likert scale ranging from 0 (“not at all”) to 3 (“nearly ev-
ery day”), yielding a total score between 0 and 21. Cut-off
scores of 5, 10, and 15 correspond to mild, moderate, and
severe anxiety symptoms, respectively. A score of 10 or
higher has been suggested as an appropriate threshold for
identifying probable cases of generalized anxiety disorder.
The validated Spanish version of the GAD-7 was used in
this study and has demonstrated good psychometric prop-
erties in previous research [33].

2.5 Sample Size

The sample size was determined considering method-
ological recommendations for psychometric studies involv-
ing self-report instruments. Traditional guidelines sug-
gest including between five and ten participants per item
when conducting factor analyses, as well as minimum sam-
ple sizes ranging between 100 and 200 participants to ob-
tain stable solutions [34]. Because the AICDS contains
eight items, the minimum recommended sample size would
range between 40 and 80 participants according to this rule
of thumb. However, more recent methodological litera-
ture emphasizes the importance of overall sample size and
model complexity in confirmatory factor analysis (CFA)
rather than relying exclusively on item-based ratios. Stud-
ies on instrument validation commonly recommend sam-
ples of approximately 200 to 300 participants to obtain
stable parameter estimates and reliable model fit indices
[35,36,37]. In line with these recommendations, a total of
200 university students were included in the final sample,
which is considered adequate for confirmatory factor anal-
ysis of relatively simple models with a limited number of
items.

2.6 Statistical Analysis

Statistical analyses were conducted using R (version
4.5.3; R Foundation for Statistical Computing, Vienna,
Austria; https://www.R-project.org/). Descriptive statis-
tics were calculated to summarize sample characteristics.
Quantitative variables were described using measures of
central tendency and dispersion; categorical variables were
presented as frequencies and percentages. Group compar-
isons were performed using Student’s 7-tests or one-way
analysis of variance (ANOVA), with a significance level of
5% (two-tailed for all tests). Effect sizes were estimated us-
ing Cohen’s d for -tests and eta-squared (n?) for ANOVA,
with 95% confidence intervals.

Psychometric analyses were conducted using the
lavaan (version 0.6-21; https://CRAN.R-project.org/packa
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ge=lavaan) and psych packages (version 2.6.3; https://CR
AN.R-project.org/package=psych). The adequacy of the
correlation matrix was assessed using the Kaiser—Meyer—
Olkin (KMO) index and Bartlett’s test of sphericity. Poly-
choric correlations were computed for the ordinal item ma-
trix, and item-level descriptive statistics and response fre-
quency distributions were examined.

Confirmatory factor analysis was performed to eval-
uate the unidimensional structure of the AICDS. Because
items were measured on an ordered Likert-type scale, the
model was estimated using the diagonally weighted least
squares (DWLS) method with robust standard errors (ro-
bust.sem parameterization), which is recommended for
structural equation models with ordinal categorical indica-
tors [38,39]. Model fit was evaluated using the Compara-
tive Fit Index (CFI), Tucker—Lewis Index (TLI), Root Mean
Square Error of Approximation (RMSEA) with 90% confi-
dence interval, and Standardized Root Mean Square Resid-
ual (SRMR). Good fit was defined as CFI and TLI >0.95,
RMSEA <0.05, and SRMR <0.08; acceptable fit as CFI
and TLI between 0.90 and 0.95, RMSEA between 0.05 and
0.08, and SRMR between 0.05 and 0.10 [40]. Standardized
residuals and modification indices were inspected to evalu-
ate local model fit. Internal consistency was assessed using
both Cronbach’s alpha (o) and McDonald’s omega (o), the
latter estimated via the psych package using polychoric cor-
relations. Composite reliability (CR) and average variance
extracted (AVE) were computed using semTools (version
0.5-8; https://CRAN.R-project.org/package=semTools) to
provide additional evidence of construct reliability and item
convergence within the latent factor.

To examine associations between chatbot dependence
and mental health indicators, three complementary analyt-
ical approaches were employed. First, bivariate compar-
isons used independent-samples ¢-tests with Cohen’s d and
95% confidence intervals. Second, multiple linear regres-
sion models were fitted with GAD-7 and PHQ-2 continu-
ous scores as predictors of AICDS total score, adjusting for
age, sex, type of university, and field of study as potential
confounders; standardized beta coefficients and 95% Cls
are reported. Third, generalized additive models (GAMs)
with thin-plate splines (k = 5) were used to test for nonlin-
ear associations between anxiety and depressive symptom
scores and chatbot dependence. Exploratory moderation
analyses examined whether field of study, sex, or primary
purpose of chatbot use moderated the association between
anxiety symptoms and dependence. An exploratory me-
diation analysis with nonparametric bootstrap resampling
(1000 iterations, bias-corrected and accelerated [BCa] 95%
CI) tested whether anxiety (GAD-7) mediated the relation-
ship between chatbot dependence and depressive symp-
toms (PHQ-2). Pearson and Spearman correlations between
the AICDS total score and continuous GAD-7 and PHQ-2
scores were computed to explore associations with anxiety
and depressive symptom severity. Variance inflation fac-


https://www.R-project.org/
https://CRAN.R-project.org/package=lavaan
https://CRAN.R-project.org/package=lavaan
https://CRAN.R-project.org/package=psych
https://CRAN.R-project.org/package=psych
https://CRAN.R-project.org/package=semTools
https://www.imrpress.com

tors (VIF) were inspected to rule out multicollinearity in
regression models.

2.7 Ethical Considerations

This study was conducted within the framework of
the Scientific Research Initiation Program of the Re-
search Group on Epidemiology of Mental Disorders, Psy-
chopathology, and Neurosciences, and was approved by
the Department of Research Methodology II of the School
of Medical Sciences, National University of Asuncion,
Paraguay, in accordance with Resolution No. 0625-00-
2025 of the Board of Directors of the School of Medical Sci-
ences, Article 3, which regulates the ethical approval proce-
dures for non-experimental research. Before accessing the
questionnaire, participants were presented with an informed
consent form describing the study objectives, voluntary na-
ture of participation, estimated time required, anonymity,
confidentiality, and absence of direct incentives. Consent
was recorded electronically by selecting an acceptance op-
tion before proceeding to the survey. Participants could
withdraw at any time before submitting their responses by
closing the survey link, and no identifying information was
collected. Data were stored in a password-protected digi-
tal file accessible only to the research team. Because the
study included screening measures for anxiety and depres-
sive symptoms, participants were informed that these in-
struments did not constitute a clinical diagnosis. Those who
wished to receive individualized feedback or guidance were
invited to contact the research team by email. Participants
with elevated scores who requested feedback were advised
to seek evaluation from qualified mental health profession-
als or appropriate university health services. Data were
managed in accordance with the principles of confidential-
ity, equity, and justice, and in line with the ethical standards
outlined in the Declaration of Helsinki.

3. Results
3.1 Sample Characteristics

A total of 200 university students were included in the
study. Participants ranged in age from 18 to 55 years, with
a mean age of 23.7 + 6.1 years. Women represented 60.5%
of the sample. Most participants were enrolled in public
universities (66%), and half of the sample (50%) belonged
to programs within the medical and health sciences. The
most frequently reported use of artificial intelligence chat-
bots was resolving academic doubts (59.5%). Sociodemo-
graphic characteristics of the participants are presented in
Table 1.

3.2 Psychometric Properties of the AICDS

The adequacy of the correlation matrix for factor anal-
ysis was supported by a high Kaiser—-Meyer—Olkin index
(KMO = 0.889) and a statistically significant Bartlett’s test
of sphericity (3> = 728.90; df = 28; p < 0.001), indicating
that the data were suitable for factor analysis.

Table 1. Sociodemographic and general characteristics of the
participating students (N = 200).

Characteristic n %
Sex
Male 79 395
Female 121 60.5
Type of university
Public 132 66.0
Private 68  34.0
Field of study
Medical and health sciences 100 50.0
Social sciences 43 215
Natural sciences 19 95
Engineering and technology 15 75

Agricultural and veterinary sciences 15 7.5
Humanities and arts 8 4.0
Primary purpose of Al chatbot use

Resolving academic doubts 119 59.5
Writing assignments 32 16.0
Curiosity or entertainment 20 10.0
Emotional support 10 5.0
Other 19 95

Al, artificial intelligence.

A CFA was performed to test the unidimensional
structure of the AICDS using DWLS estimation with ro-
bust standard errors. The one-factor model showed accept-
able to good fit to the data: y*(20) = 45.819; CFI = 0.994;
TLI = 0.992; RMSEA = 0.081 (90% CI: 0.050-0.111);
SRMR = 0.054. CFI and TLI values exceeded the 0.95
threshold for good fit. The RMSEA value of 0.081 falls
within the acceptable range (0.05-0.10), and the SRMR
of 0.054 indicates good residual fit. Standardized residu-
als were inspected; the largest off-diagonal values were ob-
served for the AICDS6—-AICDS?7 pair (standardized resid-
ual =4.49) and the AICDS1-AICDS7 pair (—4.87), and the
top modification index suggested a correlated residual be-
tween AICDS6 and AICDS7 [modification index (MI) =
15.58, expected parameter change (EPC) = 0.21]. Given
the absence of theoretical justification for these local de-
pendencies, no modifications were introduced to the model;
this pattern is noted as a psychometric limitation to be ad-
dressed in future studies with larger samples.

All factor loadings were statistically significant (p <
0.001). Fully standardized loadings ranged from 0.538
(AICDS6) to 0.873 (AICDSS), indicating moderate to
strong relationships between each item and the latent con-
struct (Table 2, Fig. 1).

Internal consistency of the AICDS was high, with a
Cronbach’s alpha coefficient of 0.833. The mean AICDS
score was 21.84 + 10.6, with observed values ranging from
8t055. McDonald’s omega (), estimated using polychoric
correlations, was 0.903, consistent with Cronbach’s alpha
and supporting high internal consistency under the unidi-
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Table 2. Spanish item wording and standardized and unstandardized factor loadings of the Spanish version of the Artificial
Intelligence Chatbot Dependence Scale (AICDS) (N = 200).

Residual variance

Item—Spanish wording Unstandardized A~ SE z Standardized A (1-R?)
AICDS1—Si no pudiera utilizar chatbots con IA, me sentiria an- 1.000 — — 0.788 0.379
sioso/a o incomodo/a.

AICDS2—Necesito abrir los chatbots con IA antes de comenzar 0.943 0.052 18.253 0.743 0.448
a trabajar o realizar mis tareas.

AICDS3—Si no pudiera utilizar chatbots con IA, me resultaria 0.891 0.051 17.381 0.702 0.508
dificil obtener la informacion que necesito.

AICDS4—Incluso cuando me enfrento a tareas o trabajos que 0.916 0.052 17.663 0.722 0.479
podria completar facilmente por mi cuenta, tiendo a buscar

ayuda en los chatbots con I4.

AICDS5—En comparacion con otras personas o actividades, 1.024 0.051 19.972 0.807 0.349
prefiero dedicar tiempo a utilizar chatbots con IA.

AICDS6—Aunque no esté utilizando activamente los chatbots 0.682 0.061 11.101 0.538 0.711
con 14, suelo mantenerlos abiertos o funcionando en segundo

plano.

AICDS7—Cada vez dedico mds tiempo al uso de chatbots con 0.905 0.054 16.647 0.713 0.492
14.

AICDS8—Para mi, la vida sin chatbots con 14 seria incomoda. 1.108 0.053 20.931 0.873 0.238

DWLS estimation with robust standard errors. All loadings were significant at p <0.001. A, factor loading; SE, standard error. Standardized
A refers to the fully standardized loading. Residual variance was calculated as 1 — standardized A%. Items were administered in Spanish and
rated on a 7-point Likert scale ranging from 1 = strongly disagree to 7 = strongly agree. DWLS, diagonally weighted least squares. The

Spanish wording of the AICDS items is presented in italics.

mensional model. CR was 0.881 and AVE was 0.549, ex-
ceeding the 0.50 threshold commonly used to support item
convergence within the latent construct.

Pearson and Spearman correlations were also exam-
ined to explore the relationship between AICDS total scores
and continuous mental health scores. Pearson correlations
were positive but small and non-significant: r=0.073 (95%
CI: —0.066 to 0.210, p = 0.304) with GAD-7, and r =
0.099 (95% CI: —0.040 to 0.235, p = 0.162) with PHQ-2.
Spearman rank correlations were consistent: p=0.059 (p =
0.404) and p = 0.085 (p = 0.234), respectively. These find-
ings do not provide strong evidence of convergence with
anxiety or depressive symptom severity. Instead, they sug-
gest that AICDS scores may capture a behavioral pattern
that is not fully explained by general symptoms of anxiety
or depression in this sample. Further studies should exam-
ine convergent and discriminant validity using additional
theoretically related and unrelated constructs.

Item-level descriptive statistics are presented in Table
3. All items showed right-skewed distributions (skewness
range: 0.45-1.20), confirming that the use of DWLS esti-
mation for ordinal data was appropriate. Mean item scores
ranged from 2.37 (AICDSS) to 3.18 (AICDS6) on a 1-7
scale, indicating that most participants reported low to mod-
erate levels of chatbot dependence on individual items. Re-
sponse frequency distributions showed that the most fre-
quent response category was 1 (“strongly disagree’) across
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all items, with between 31% and 42% of participants select-
ing this option.

Table 3. Descriptive statistics of the Spanish version of the
AICDS (N =200).
Mdn Min Max Skewness Kurtosis

Item M SD

AICDS1 271 1.73 2 1 7 0.87 —0.23
AICDS2 252 1.68 2 1 7 1.03 —0.05
AICDS3 294 179 2 1 7 0.61 —0.76
AICDS4 294 195 2 1 7 0.69 —0.86
AICDSS 237 1.64 2 1 7 1.20 0.50

AICDS6 3.18 2.00 3 1 7 0.45 —1.18
AICDS7 2.68 1.75 2 1 7 0.80 —0.53
AICDS8 250 1.75 2 1 7 1.05 —0.03

N =200. M, mean; SD, standard deviation; Mdn, median. All items
were scored on a 7-point Likert scale ranging from 1 = strongly dis-

agree to 7 = strongly agree.

Polychoric correlations among AICDS items ranged
from 0.323 (AICDS5-AICDS6) to 0.731 (AICDS5-—
AICDSS), with all inter-item correlations positive and mod-
erate to strong in magnitude, supporting the internal coher-
ence of the unidimensional structure (Fig. 2).
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Standardized Factor Loadings — AICDS
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Fig. 1. Standardized factor loadings of the Spanish version of the AICDS estimated via DWLS. Error bars represent 95% confidence

intervals. The dashed red line indicates the minimum acceptable loading threshold of 0.40.

3.3 Mental Health Indicators

The mean GAD-7 score ranged from O to 21 points,
with a mean of 8.3 + 5.9. Based on the established cut-off
criteria, 37.5% of participants screened positive for anx-
iety symptoms. The mean PHQ-2 score ranged from 0
to 6 points, with a mean of 2.26 + 1.8, indicating that
42% of participants screened positive for depressive symp-
toms. Internal consistency for the GAD-7 and PHQ-2 scales
was high, with Cronbach’s alpha coefficients of 0.905 and
0.746, respectively.

3.4 Associations Between Chatbot Dependence and
Mental Health

Bivariate analyses showed no statistically significant
differences in chatbot dependence scores according to sex
or type of university (both p > 0.05). Similarly, no signifi-
cant differences were observed across academic disciplines
(ANOVA,; all p > 0.05).

In bivariate analyses, a statistically significant but
small difference in chatbot dependence was observed ac-
cording to anxiety screening status. Participants who
screened positive for anxiety showed higher AICDS scores
(M = 23.77, SD = 10.79) than those who screened nega-
tive (M = 20.68, SD = 10.49), with a mean difference of

3.09 points (95% CI: 0.06-6.12; #(198) = 2.01; p = 0.046).
The effect size was small (Cohen’s d = —0.29, 95% CI:
—0.58 to —0.01), with the negative sign reflecting the cod-
ing/order of group comparison rather than the direction de-
scribed in the text. The comparison between participants
screening positive and negative for depressive symptoms
did not reach statistical significance under two-tailed test-
ing (2(198) = —1.80, p = 0.073; mean difference = —2.72
points, 95% CI: —5.70 to 0.26; Cohen’s d = —0.26, 95%
CIL: —0.54 to 0.02) (Fig. 3).

To examine whether anxiety and depressive symptoms
predicted chatbot dependence after controlling for potential
confounders, multiple linear regression models were fitted
with AICDS total score as the dependent variable. Model
1 included GAD-7 continuous score along with age, sex,
type of university, and field of study as covariates. Model
2 replaced GAD-7 with PHQ-2 continuous score. Model 3
included both mental health scores simultaneously with all
covariates (Table 4).

In Model 1, the overall model was not statistically sig-
nificant (F(9, 190) = 1.20, p = 0.295, R? = 0.054). The
GAD-7 score was not a significant predictor of chatbot de-
pendence after adjustment (B =0.08, 95% CI: —0.07 t0 0.23,
p =0.276). Similarly, in Model 2, the PHQ-2 score did not
significantly predict dependence when covariates were in-
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Polychoric Correlations Among AICDS ltems
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Fig. 2. Heatmap of polychoric correlations among the eight items of the Spanish version of the AICDS (N = 200). Color scale
ranges from red (negative) to blue (positive). All inter-item correlations were positive, ranging from 0.32 to 0.73.

Table 4. Multiple linear regression model predicting scores on the Spanish version of the AICDS (N =200).
Predictor B SE B 95% CI for B t p

GAD-7, continuous 0.05 0.17 0.03 [-0.28,0.38] 0.30 0.763
PHQ-2, continuous 0.51 053 0.09 [-0.54,1.55] 0.95 0.341

Age -0.10 0.13 -0.06 [-0.36,0.17] —0.73 0.464
Sex, female -1.78 1.62 -0.17 [-4.97,141] -1.10 0.272
University, private 1.20 1.71 0.11 [-2.18,4.57] 0.70 0.485

Field: health sciences —1.15 3.01 —-0.11 [-7.10,4.79] —0.38 0.702
Field: natural sciences —4.68 3.77 —0.44 [-12.12,2.75] —1.24 0.216
Field: social sciences —1.18 3.28 —0.11 [-7.65,5.28] —0.36 0.719
Field: humanities —-7.62 497 —-0.72 [-17.42,2.18] —1.53 0.127
Field: engineering =5.15 396 -049 [-12.97,2.67] —-1.30 0.196

This table presents Model 3, fully adjusted. Reference categories were male, public uni-

versity, and agricultural/veterinary sciences. B, unstandardized coefficient; SE, stan-
dard error; B, standardized coefficient; CI, confidence interval. Model fit: R? = 0.058,
F(10,189)=1.17,p=0.311.

cluded (B = 0.10, 95% CI: —0.04 to 0.25, p = 0.157; F(9,  Model 3, neither GAD-7 (B = 0.03, 95% CI: —0.16 to 0.21,
190) = 1.30, p = 0.240, R2 = 0.058). In the fully adjusted  p = 0.763) nor PHQ-2 (B = 0.09, 95% CI: —0.09 to 0.27,
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Chatbot Dependence (AICDS) by Mental Health Screening
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Fig. 3. Distribution of AICDS total scores by mental health screening status. Boxplots show median, interquartile range, and

individual data points (jittered). Left panel: anxiety screening (GAD-7 >10); right panel: depressive symptom screening (PHQ-2 >3).

Screening-positive participants are shown in orange; screening-negative in blue. GAD-7, Generalized Anxiety Disorder-7 scale; PHQ-2,

Patient Health Questionnaire-2.

p = 0.341) remained significant predictors (£#(10, 189) =
1.17,p=0.311,R?=0.058). Variance inflation factors were
all below 2.0, indicating no multicollinearity. No sociode-
mographic covariate reached statistical significance in any
model.

GAMs were fitted to test whether the associations
between chatbot dependence and anxiety and depressive
symptom scores were nonlinear. The smooth term for
GAD-7 was not statistically significant, estimated degrees
of freedom =2.49, F = 1.95, p = 0.13, nor was the smooth
term for PHQ-2, edf = 1.00, F =2.20, p = 0.14, indicating
no evidence of nonlinear associations. Parametric quadratic
models confirmed these findings; the addition of quadratic
terms for GAD-7 and PHQ-2 did not significantly improve
model fit, both p > 0.14. These patterns are also shown
graphically in Figs. 4,5, where the associations between
AICDS scores and both anxiety and depressive symptoms
appear weak and approximately linear.

Exploratory moderation analyses examined whether
field of study, sex, or primary purpose of chatbot use mod-
erated the association between GAD-7 scores and chatbot
dependence. No statistically significant interaction was
identified for field of study, F(13, 186) = 1.24, p = 0.253,
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or sex, GAD-7 x sex interaction: B =1.10, SE =0.86, p =
0.201. Across the five purpose-of-use categories reported
in Table 1 (resolving academic doubts, writing assign-
ments, curiosity or entertainment, emotional support, and
other), no statistically significant interaction with GAD-
7 was identified. Given the small subgroup sizes within
some categories, these analyses should be interpreted as ex-
ploratory. Overall, these analyses did not provide robust
evidence that the association between anxiety symptoms
and chatbot dependence differed meaningfully across de-
mographic or use-related subgroups.

An exploratory mediation analysis tested whether anx-
iety symptoms (GAD-7) mediated the relationship be-
tween chatbot dependence and depressive symptoms (PHQ-
2), using nonparametric bootstrap resampling (1000 itera-
tions, BCa 95% CI). The average causal mediation effect
(ACME) was small and non-significant (ACME = 0.009,
95% CI: —0.006 t0 0.025, p=0.238), as were the average di-
rect effect (ADE = 0.009, p = 0.330) and total effect (0.018,
p = 0.136). These findings suggest that anxiety does not
mediate the relationship between chatbot dependence and
depressive symptoms in this sample.
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Chatbot Dependence (AICDS) ~ Anxiety Symptoms (GAD-7)
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Fig. 4. Scatterplot of AICDS total score by GAD-7 score (N = 200). The red line represents the linear regression fit; the blue curve

represents the generalized additive model (GAM) smooth (k = 5). The near-identical trajectories of both curves indicate no evidence of

a nonlinear association.

4. Discussion
4.1 Main Findings

To our knowledge, this study represents one of the first
attempts in South America to examine Al chatbot depen-
dence using a psychometric scale. The present study ex-
plored the relationship between dependence on artificial in-
telligence chatbots and symptoms of anxiety and depression
among university students, while also examining the psy-
chometric properties of the Spanish version of the AICDS.

The findings indicate that, in bivariate comparisons,
higher chatbot dependence was associated with screening
positive for anxiety symptoms. However, this association
did not remain statistically significant after adjustment for
sociodemographic covariates in multiple regression analy-
ses. No statistically significant association was observed
with depressive symptoms using two-tailed testing. In ad-
dition, the AICDS demonstrated good internal consistency
and a coherent unidimensional factor structure, providing
preliminary psychometric support for its use in assessing
dependence on Al chatbot technologies among university
students.

Within this sample, dependence levels did not signif-
icantly differ according to the sociodemographic or aca-
demic variables examined. This pattern may reflect the in-
creasing integration of Al chatbots into academic routines
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across different student profiles, although broader gener-
alizations require caution given the non-probabilistic sam-
pling strategy and single-city setting.

From a psychometric perspective, the results provide
preliminary evidence supporting the internal consistency
and factorial validity of the Spanish version of the AICDS
in this population. However, the CFA results should be in-
terpreted cautiously [38,39]. Although CFI and TLI indi-
cated strong fit and SRMR suggested adequate residual fit,
the RMSEA value was at the upper boundary of the accept-
able range. In addition, inspection of standardized residuals
and modification indices suggested possible local depen-
dence between some item pairs, particularly AICDS6 and
AICDS?7. Because there was no strong theoretical justifica-
tion for adding correlated residuals, the original unidimen-
sional model was retained. Taken together, these findings
support the plausibility of a one-factor structure, but they
should not be interpreted as full validation of the Spanish
AICDS. Rather, they provide initial evidence of factorial
validity in this specific sample and indicate the need for
further psychometric evaluation in larger and more diverse
populations.
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Chatbot Dependence (AICDS) ~ Depressive Symptoms (PHQ-2)
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Fig. 5. Scatterplot of AICDS total score by PHQ-2 score (N = 200). The red line represents the linear regression fit; the blue curve

represents the GAM smooth (k = 5). As with the GAD-7, both curves follow a near-identical trajectory, indicating a linear (and non-

significant) association.

4.2 Interpretation in Context of Literature

These findings align with emerging literature suggest-
ing that artificial intelligence chatbots are increasingly in-
corporated into students’ academic routines as sources of
rapid information, problem-solving assistance, and cogni-
tive support [1,2]. Importantly, frequent use of Al chat-
bots should not be interpreted as inherently problematic.
In educational contexts, repeated use may reflect legitimate
academic engagement, Al literacy, self-regulated learning
strategies, or pragmatic adaptation to new learning environ-
ments. The construct assessed by the AICDS is more spe-
cific, referring to perceived reliance, difficulty functioning
without chatbot access, excessive trust, and repetitive con-
sultation. Therefore, the present findings should be inter-
preted as preliminary evidence regarding a possible pattern
of Al-related dependence, not as evidence that ordinary Al-
assisted learning is maladaptive.

Previous research on technology-mediated behaviors
has shown that excessive engagement with digital plat-
forms, including internet use and social media, may be as-
sociated with psychological distress, sleep disruption, and
emotional dysregulation among university students [14,20].
The present findings extend this line of research cautiously
by suggesting that dependence-like patterns involving Al
chatbots may represent an emerging domain of technology-
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related behavior that warrants further empirical and psycho-
metric investigation.

The cultural adaptation of the AICDS is also relevant
because Spanish-speaking university populations may dif-
fer in their educational practices, patterns of digital access,
and meanings attributed to Al-assisted learning. In this
manuscript, the term “Spanish version” refers to the lan-
guage of the adapted instrument rather than to a sample
from Spain. In Paraguay and other Latin American con-
texts, students may use Al chatbots not only as tools for
academic productivity but also as accessible resources in
settings where educational support, tutoring, or specialized
academic guidance may be unevenly distributed. There-
fore, the availability of a Spanish version of the AICDS may
facilitate future research on Al-related behavioral patterns
in regional contexts where evidence remains scarce. Nev-
ertheless, the present findings should be interpreted as an
initial step, and further studies are needed to examine se-
mantic, cultural, and measurement equivalence across dif-
ferent Spanish-speaking countries and educational systems.

The additional analyses examining nonlinearity, mod-
eration, and mediation should be interpreted as exploratory.
These analyses were included to examine whether the weak
bivariate association between anxiety screening status and
AICDS scores could reflect more complex patterns; how-
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ever, they did not provide evidence of nonlinear associa-
tions, subgroup-specific effects, or mediation by anxiety. In
particular, the mediation analysis should be interpreted with
caution because the study was cross-sectional and because
the main associations between chatbot dependence, anxiety
symptoms, and depressive symptoms were weak and not ro-
bust after adjustment. Therefore, these findings should not
be understood as evidence of causal pathways. Instead, they
suggest that, in this sample, Al chatbot dependence as mea-
sured by the AICDS was not strongly explained by general
anxiety or depressive symptom severity.

4.3 AI Chatbot Use and Mental Health

The association observed between chatbot depen-
dence and anxiety may reflect the role of these tools as
mechanisms for reducing uncertainty and obtaining imme-
diate reassurance. In academically demanding contexts,
students frequently face cognitive overload, time pressure,
and fear of making mistakes. Under such conditions, Al
chatbots may function as rapid feedback systems that pro-
vide immediate answers and perceived academic support
[41,42].

However, the constant availability of instant responses
may reinforce reliance on external sources for decision-
making and information verification. This dynamic may
contribute to patterns of reassurance-seeking or avoidance
of cognitive effort, particularly among individuals experi-
encing higher levels of anxiety. Similar mechanisms have
been described in studies examining digital help-seeking
behaviors and emotional regulation through online plat-
forms [43,44].

Importantly, the cross-sectional nature of the present
study does not allow conclusions regarding the direction
of this relationship. It remains possible that students ex-
periencing higher anxiety or depressive symptoms are more
likely to rely on Al chatbots, rather than chatbot dependence
causing distress.

4.4 Cognitive Offloading and Technological Dependence

Another possible explanation for the observed associ-
ation involves the concept of cognitive offloading, defined
as the tendency to rely on external tools or technologies to
reduce cognitive effort or memory load. Cognitive offload-
ing has been widely documented in relation to smartphones,
digital reminders, and search engines [23,24,45].

Al chatbots may represent an advanced form of cog-
nitive offloading because they provide not only informa-
tion retrieval but also synthesized explanations, decision
support, and problem-solving guidance. While these func-
tions can enhance learning efficiency, excessive reliance
may reduce active cognitive engagement or independent
reasoning, potentially fostering psychological dependence
on these technologies [46,47].
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4.5 Implications for Higher Education and Mental Health

The findings have several implications for higher edu-
cation institutions. As Al chatbots become increasingly in-
tegrated into academic practices, universities may need to
consider how these technologies influence students’ learn-
ing processes and psychological well-being.

Educational policies should not necessarily discour-
age the use of Al tools, as they can serve valuable peda-
gogical functions. Instead, institutions may benefit from
promoting balanced and reflective use of Al technologies,
encouraging students to combine Al-assisted learning with
critical thinking, independent analysis, and traditional study
strategies. Furthermore, digital literacy programs may help
students understand both the benefits and potential limita-
tions of Al tools, thereby reducing the risk of excessive re-
liance [48,49]. Recent work on Al-supported university as-
sessment has also highlighted the need to consider validity,
reliability, and fairness when Al systems are incorporated
into academic practices [50].

In practical terms, universities could incorporate Al
literacy modules into first-year orientation or academic
skills courses, emphasizing critical evaluation of chat-
bot outputs, appropriate citation and academic integrity
practices, protection of personal data, and the importance
of maintaining independent reasoning. Faculty members
could also design assignments that require students to doc-
ument how Al tools were used, compare Al-generated re-
sponses with scholarly sources, and reflect on the limita-
tions of automated feedback. Such strategies may help
preserve the pedagogical value of Al-assisted learning
while reducing excessive or uncritical reliance on chatbot-
generated content.

From a mental health perspective, the present findings
do not support the use of chatbot dependence as a screening
indicator for anxiety or depressive symptoms. The bivariate
association with anxiety symptoms was small and did not
remain statistically significant after covariate adjustment,
while depressive symptoms were not significantly associ-
ated with AICDS scores under two-tailed testing. There-
fore, any potential role of chatbot dependence as a marker of
student distress should be considered only as a hypothesis
for future research. Longitudinal studies with larger sam-
ples, predictive validity analyses, and clinically meaningful
thresholds would be needed before any screening implica-
tion could be considered. Nevertheless, university coun-
selling services and student well-being programs may ben-
efit from remaining attentive to emerging patterns of Al-
assisted learning and technology-related behavior as part
of broader digital well-being initiatives [51,52]. At the
same time, Al tools may also offer opportunities for men-
tal health support. Conversational agents have been ex-
plored as tools for delivering psychoeducation, emotional
support, and digital cognitive-behavioral interventions. For
instance, randomized trials of Al-based chatbots such as
Woebot have reported reductions in symptoms of depres-
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sion and anxiety among young adults [53,54]. Future re-
search should therefore examine how Al technologies may
simultaneously represent potential sources of vulnerability
and supportive resources for student well-being.

4.6 Strengths, Limitations and Future Directions

This study has several strengths. First, it contributes
to a rapidly emerging area of research by examining the
relationship between Al chatbot dependence and anxiety
and depressive symptoms, a topic that has received lim-
ited empirical attention. Second, the study provides ini-
tial psychometric evidence for the Spanish version of the
Artificial Intelligence Chatbot Dependence Scale, facilitat-
ing future research in Spanish-speaking populations. Third,
the inclusion of validated mental health screening instru-
ments (PHQ-2 and GAD-7) allowed the examination of as-
sociations between chatbot use and anxiety and depressive
symptoms using established measures. Finally, the use of
an appropriate estimation method (DWLS) for ordinal data
strengthens the robustness of the psychometric analyses.

Several limitations should also be considered. The
cross-sectional design prevents causal inference; therefore,
it remains unclear whether greater chatbot dependence con-
tributes to anxiety or depressive symptoms, or whether stu-
dents experiencing higher anxiety or depressive symptoms
are more likely to rely on Al chatbots. Furthermore, self-
selection bias may have occurred because participation was
voluntary and conducted through an online survey. Addi-
tionally, all measures relied on self-reported data collected
at a single time point, which may increase the risk of com-
mon method bias, including social desirability, recall bias,
and shared response tendencies across instruments. No
procedural strategies such as temporal separation of mea-
sures, multi-informant data, or objective behavioral indica-
tors were used, and no statistical test specifically designed
to assess common method bias was applied. Therefore,
the results should be interpreted with caution. The study
was conducted in a single geographic location using a non-
probabilistic online sampling strategy, and half of the sam-
ple came from medical and health sciences. Therefore, the
findings should be interpreted as initial evidence from a
specific university population in Santa Rosa del Aguaray,
Paraguay, rather than as representative of Paraguayan or
Spanish-speaking university students more broadly. In ad-
dition, anxiety and depression were assessed using screen-
ing instruments rather than clinical diagnostic interviews.
Another limitation is that some potentially relevant con-
founding variables were not measured, including academic
pressure, perceived social support, digital literacy, previous
experience with Al tools, and general patterns of technol-
ogy use. These factors may influence both chatbot depen-
dence and anxiety or depressive symptoms, and their omis-
sion may have affected the precision and stability of the es-
timated associations. Finally, the relatively modest sample
size and the absence of external validation or replication
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samples may limit the generalizability and stability of the
factor structure.

Future research should explore these relationships us-
ing longitudinal designs to clarify potential causal path-
ways between Al chatbot dependence and mental health
outcomes. Studies in diverse academic settings and cul-
tural contexts would also be valuable to determine whether
similar patterns are observed in other populations. Addi-
tionally, further psychometric evaluations of the AICDS are
needed, including tests of measurement invariance across
gender and academic disciplines, as well as test—retest reli-
ability. Future studies should also examine convergent and
discriminant validity using theoretically related constructs,
such as problematic technology use, reassurance seeking,
cognitive offloading, Al trust, and self-regulated learning,
as well as unrelated constructs to better establish the bound-
aries of the AICDS. Cross-validation in independent sam-
ples would also be important.

5. Conclusions

In conclusion, this study provides preliminary ev-
idence supporting the internal consistency and factorial
validity of the Spanish version of the Artificial Intelli-
gence Chatbot Dependence Scale in a sample of univer-
sity students from Santa Rosa del Aguaray, Paraguay. Al-
though students who screened positive for anxiety symp-
toms showed slightly higher chatbot dependence scores in
bivariate analyses, this association was small and did not
remain significant after adjustment. No robust association
was observed with depressive symptoms. These findings
suggest that the AICDS may be a useful instrument for fu-
ture research on Al-related behavioral patterns, but addi-
tional validation studies with larger, more diverse, and lon-
gitudinal samples are needed before broader conclusions
can be drawn about the mental health implications of Al
chatbot dependence.
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