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This study aimed to adapt the Generative AI Dependency Scale into Turkish and 
to evaluate its psychometric properties in a Turkish sample. The study was con-
ducted with 640 participants. The adaptation process was carried out through 
translation, back-translation, expert review and cultural evaluation procedures. 
Construct validity was examined using confirmatory factor analysis (CFA) and 
both first-order and second-order models were tested. The findings supported 
the original three-factor structure of the scale, consisting of cognitive preoc-
cupation, negative consequences, and withdrawal. The fit indices indicated that 
both models demonstrated good fit. Reliability analyses showed that the Turkish 
form of the scale had acceptable to high internal consistency coefficients for 
both the subdimensions and the total score. Additional evidence based on the 
measurement model was obtained through average variance extracted (AVE) 
and composite reliability (CR) values. Measurement invariance analyses further 
showed that the scale achieved strict invariance across all examined demo-
graphic and AI-related groups. Overall, the findings provide evidence supporting 
the validity and reliability of the Turkish version of the Generative AI Dependency 
Scale for assessing dependency on generative artificial intelligence systems.

KEYWORDS

generative AI dependency, generative artificial intelligence, measurement invariance, 
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Introduction

Recent advances in artificial intelligence have accelerated the development and visibility of 
generative AI systems capable of producing text, images, audio and other forms of content. As 
these systems have become more widely discussed and used, scholarly attention has increas-
ingly focused on their role in supporting content generation, decision-related processes and 
human–AI interaction in professional and educational contexts (Bansal et al., 2024; Chuma 
and Oliveira, 2023; Hao et al., 2024). At the same time, the rapid expansion of generative AI 
has prompted growing interest in its broader psychological, behavioral and cognitive implica-
tions, suggesting that these tools should be examined not only in terms of utility, but also in 
terms of their possible effects on users’ thinking and everyday practices (Goh et al., 2025; 
Klingbeil et al., 2024). Although generative AI systems may increase efficiency and reduce 
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cognitive effort in many contexts, growing reliance on them may also 
create new risks. Previous studies suggest that excessive reliance on AI 
may be associated with reduced human agency, weaker critical 
engagement and increasing dependence in judgment and decision-
making processes (Chan, 2020; Klingbeil et al., 2024). Recent work has 
also drawn attention to concerns such as skill erosion, creative dis-
placement anxiety and the gradual transfer of cognitively demanding 
or creative tasks to AI systems (Caporusso, 2023; Giray, 2024). In edu-
cational contexts, the effects of generative AI on learning and higher-
order thinking are still under discussion. However, recent studies 
indicate that the quality of AI interaction and the quality of generated 
outputs may shape learning-related outcomes, while systematic 
reviews point to the need for closer examination of the implications 
of these technologies for students’ critical thinking.

Such patterns may be interpreted within the broader frame-
work of behavioral addiction. Behavioral addiction refers to the 
continuation of a behavior despite loss of control and negative con-
sequences in daily functioning (Goodman, 1990; Griffiths, 2005). 
Models developed for internet and smartphone addiction provide 
an important starting point for understanding problematic or 
excessive patterns of technology use (Chen et al., 2003; Kwon et al., 
2013; Young, 1998). However, generative AI systems differ from 
many earlier digital tools in that they function not only as channels 
for communication or information access, but also as systems that 
can generate content, support reasoning and partially substitute for 
human cognitive effort. For this reason, excessive reliance on gen-
erative AI may not be fully captured by traditional models of tech-
nology addiction alone (Bandi et al., 2023; Goh et al., 2025). 
Self-Determination Theory also provides a useful framework for 
interpreting this issue. According to Deci and Ryan (2000), auton-
omy, competence, and relatedness are basic psychological needs 
that shape human motivation and behavior. In this context, genera-
tive AI tools may initially strengthen perceived competence by 
helping individuals perform difficult tasks more easily; however, 
persistent delegation of cognitive effort to AI systems may, over 
time, weaken autonomous functioning and self-regulation. In 
other words, while generative AI may serve a supportive role in the 
short term, excessive and uncontrolled use may gradually erode 
individuals’ confidence in their own cognitive resources.

Conceptually, generative AI dependency should be distin-
guished from related but different constructs such as addiction-
oriented approaches to digital technology use, problematic online 
use, habitual technology use, cognitive offloading, and technol-
ogy acceptance. Technology addiction and addiction-oriented 
approaches to digital technology use are generally discussed with 
reference to core addiction-like components such as salience, 
mood modification, tolerance, withdrawal, conflict, and relapse 
(Griffiths, 2005), whereas problematic online use, often opera-
tionalized through generalized problematic internet use frame-
works, emphasizes maladaptive patterns of internet use and their 
psychological or functional consequences (Caplan, 2010). 
Habitual technology use refers to repeated and increasingly auto-
matic engagement with a technology and may influence contin-
ued use without necessarily indicating dependency or impairment 
(Limayem et al., 2007). Cognitive offloading describes the use of 
external tools to reduce the cognitive demands of a task (Risko 
and Gilbert, 2016). However, unlike conventional forms of cogni-
tive offloading, generative AI tools may support or partially 

substitute higher-order cognitive processes such as writing, rea-
soning, summarizing, problem solving, and idea generation. 
Technology acceptance, in turn, focuses on users’ perceived use-
fulness, perceived ease of use, and intention to use a technology 
(Davis, 1989), with more recent AI-specific acceptance models 
extending this perspective to issues such as privacy concerns and 
socially responsible AI deployment (Salam et al., 2026a, 2026b). 
Generative AI dependency overlaps with these constructs but is 
more specific in that it refers to users’ perceived difficulty in 
functioning, thinking, or completing tasks without generative AI 
assistance. Therefore, it reflects not merely frequent use or posi-
tive attitudes toward generative AI, but a stronger form of reli-
ance characterized by cognitive preoccupation, negative 
consequences, and withdrawal-like discomfort when access to 
generative AI tools is limited or unavailable. These conceptual 
distinctions are important for interpreting generative AI depen-
dency as a specific form of reliance on generative AI systems 
rather than as a direct synonym for general technology addiction, 
problematic internet use, habitual use, cognitive offloading, or 
technology acceptance.

A further issue concerns the adequacy of existing measurement 
tools. The current literature on AI-related instruments is largely 
focused on attitudes, acceptance, anxiety, or general problematic tech-
nology use. Yet generative AI differs from conventional digital tools 
because of its distinctive roles in content generation, decision support, 
and cognitive offloading. Therefore, more specific instruments are 
needed to assess dependency on generative AI directly and multidi-
mensionally. In the Turkish context, studies on artificial intelligence 
have also tended to focus primarily on attitudes, acceptance, or anxi-
ety, whereas instruments designed to assess dependency on generative 
AI remain limited. Because technology use, trust in cognitive tools 
and problematic usage patterns may be shaped by cultural context, 
instruments developed in other cultures may not be fully transferable 
without adaptation. For this reason, adapting a specific measure of 
generative AI dependency into Turkish is important both theoretically 
and practically. Such an instrument may contribute to a more accurate 
examination of risky patterns of generative AI use among groups that 
are likely to interact with these tools regularly, such as teachers, aca-
demics and office employees.

To situate the present study within the broader literature, exam-
ples of instruments related to problematic technology use and genera-
tive AI dependency are presented in Table 1.

As shown in Table 1, earlier instruments primarily focused on 
general patterns of problematic technology use, particularly in rela-
tion to internet and smartphone use. More recent work, however, 
has begun to address dependency on generative AI more directly. 
In this regard, the Generative AI Dependency Scale developed by 
Goh et al. (2025) is particularly noteworthy because it was designed 
specifically to assess dependency on generative AI systems. This 
feature makes the scale especially relevant for adaptation studies 
focusing on generative AI rather than on broader forms of technol-
ogy use. In cross-cultural scale adaptation, maintaining the original 
factor structure is desirable when the adapted form demonstrates 
linguistic equivalence, construct validity, reliability, and measure-
ment invariance, because it indicates that the same construct can be 
interpreted consistently across linguistic and cultural contexts. 
Therefore, the present study evaluated the Turkish form of the 
Generative AI Dependency Scale through multiple sources of 
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psychometric evidence, including confirmatory factor analysis, 
second-order factor modeling, reliability coefficients, convergent 
validity indices, and measurement invariance across demographic 
and AI-related groups. Establishing such evidence is particularly 
important because generative AI dependency is an emerging con-
struct that may be shaped by cultural context, professional use pat-
terns, and the degree to which generative AI tools are embedded in 
daily cognitive and work-related routines. Accordingly, the present 
study aimed to adapt the Generative AI Dependency Scale into 
Turkish and to examine its psychometric properties in a Turkish 
sample. More specifically, the study sought to evaluate the linguistic 
and cultural suitability of the scale, test its original three-factor 
structure through confirmatory factor analysis, examine its reliabil-
ity, and assess measurement invariance across different demo-
graphic and AI-related groups.

Method

Research design

The present study was designed as a scale adaptation and psy-
chometric validation study. The aim was to adapt the Generative 
AI Dependency Scale into Turkish and to examine its psychomet-
ric properties in a Turkish sample. Within this scope, the study 
focused on evaluating the linguistic and cultural suitability of the 
scale, confirming its original factor structure, examining its reli-
ability and testing measurement invariance across different demo-
graphic and AI-related variables.

Participants

The study sample consisted of 640 individuals who voluntarily 
participated in the study through an online survey. The sample size 
was considered adequate for the planned psychometric analyses, 
including confirmatory factor analysis and measurement invariance 
testing (Hair et al., 2022a, 2022b; Kline, 2023). Furthermore, for large 
populations, a minimum sample size of 384 is recommended at a 95% 
confidence level with a 5% margin of error (Krejcie and Morgan, 
1970). Accordingly, the sample of 640 participants exceeded the rec-
ommended minimum sample size. The demographic characteristics 
of the participants and their AI-related characteristics are presented 
in Table 2.

As shown in Table 2, the sample varied across demographic 
characteristics and AI-related background variables. Most partici-
pants reported using AI tools (92.5%), whereas 7.5% identified 
themselves as non-users. Regarding self-reported AI knowledge, 
most participants reported a moderate level of knowledge (63.3%), 
followed by low (30.6%), and advanced (6.1%) levels. In terms of 
duration of AI use, 39.1% had used AI tools for 1–2 years, 26.4% 
for 6–12 months, 19.1% for less than 6 months, and 15.5% for more 
than 2 years. Participants also differed in interaction complexity: 
33.6% reported simple or basic use, 40.5% reported querying or 
content-editing use, and 25.9% reported complex or multi-step 
use. Finally, 67.3% used free AI tools, whereas 32.7% reported 
using paid subscriptions. Overall, these characteristics provide a 
clearer contextual profile of the validation sample and indicate that 
most participants had direct experience with AI tools, while also 
varying in AI knowledge, duration of use, and interaction 
complexity.

Instrument

The Generative AI Dependency Scale was developed by Goh et 
al. (2025) and published in Computers in Human Behavior Reports. 
The scale was designed to assess individuals’ dependency on genera-
tive artificial intelligence systems within a multidimensional frame-
work. Its development was informed by two main theoretical 
frameworks: behavioral addiction theory and Self-Determination 
Theory. Within the behavioral addiction framework, the construct 
was approached in relation to core components such as salience, com-
pulsive use, negative consequences and withdrawal. From the per-
spective of Self-Determination Theory, dependency on generative AI 
was conceptualized as a potential compensatory mechanism associ-
ated with unmet psychological needs such as autonomy, competence 
and relatedness.

The validity and reliability studies of the original scale were 
conducted through six studies involving a total of 1,333 partici-
pants from the United States and Singapore. During the scale 
development process, an initial pool of 30 items was generated 
based on the technology addiction literature, including studies on 
internet and smartphone addiction and the items were then 
revised to reflect the distinctive characteristics of generative AI 
systems, such as content generation and decision support. In this 
process, some dimensions commonly discussed in traditional 
addiction models were excluded from the final structure. In par-
ticular, the tolerance dimension was not retained because increas-
ing efficiency in the use of generative AI does not necessarily 

TABLE 1  Examples of instruments related to problematic technology use and generative AI 

dependency.

Authors Instrument Primary 
focus

Number 
of items

Young (1998)
Internet Addiction 

Test (IAT)

Problematic 

internet use
20

Chen et al. 

(2003)

Chinese Internet 

Addiction Scale

Internet 

addiction 

symptoms

26

Kwon et al. 

(2013)

Smartphone 

Addiction Scale 

(SAS)

Problematic 

smartphone use
33

Schepman and 

Rodway (2023)

General Attitudes 

towards AI 

(GAAIS)

General 

attitudes and 

acceptance of 

AI

20

El-Sayed et al. 

(2025)

Researchers’ 

Artificial 

Intelligence 

Addiction Scale 

(RAIAS)

AI addiction/

problematic AI 

use among 

researchers

22

Goh et al. 

(2025)

Generative AI 

Dependency Scale

Dependency on 

generative AI 

systems

11
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reflect the same pattern observed in conventional addiction 
frameworks. Similarly, the mood regulation dimension was 
removed because of its substantial conceptual overlap with nega-
tive consequences.

Following exploratory and confirmatory factor analyses, the 
scale reached a stable structure consisting of 11 items and three 
subdimensions: cognitive preoccupation, negative consequences 
and withdrawal. Cognitive preoccupation refers to persistent 
mental focus on and the urge to use generative AI systems. 
Negative consequences refer to the adverse effects of excessive use 
on performance and self-efficacy. Withdrawal refers to feelings of 
discomfort or distress when access to generative AI systems is lim-
ited. In the original study, the scale demonstrated strong psycho-
metric properties. Internal consistency coefficients ranged between 
0.92 and 0.93 and the test–retest reliability coefficient over a one-
week interval was reported as 0.87. In addition, the scale showed 
evidence of convergent and discriminant validity and measure-
ment invariance was supported across gender and cultural groups 
(Goh et al., 2025). The scale is a five-point Likert-type instrument 
ranging from 1 (strongly disagree) to 5 (strongly agree). Higher 
scores indicate higher levels of dependency on generative AI 
systems.

Translation and cultural adaptation process

The adaptation of the Generative AI Dependency Scale into 
Turkish was carried out in line with commonly recommended pro-
cedures for test adaptation and cross-cultural translation. In this pro-
cess, the aim was to minimize unnecessary changes to the original 
scale while ensuring its linguistic clarity, conceptual equivalence and 
cultural appropriateness in the target context. Accordingly, the 
Turkish adaptation process was conducted on the basis of the linguis-
tic and cultural adaptation steps proposed by Hambleton and Patsula 
(1998) and the standards outlined by the International Test 
Commission (2017).

At the initial stage of the adaptation process, the conceptual 
framework, structure and measured components of the original form 
of the Generative AI Dependency Scale were examined in detail. To 
preserve conceptual equivalence, the wording of the items was 
reviewed carefully with attention to experiential and contextual rele-
vance and possible differences in meaning across cultures were taken 
into consideration. In addition, the suitability of the original construct 
for the Turkish context was evaluated by considering both the purpose 
and the content of the scale. Throughout this process, particular atten-
tion was paid to preserving the conceptual structure of the scale and 
to ensuring the cultural and contextual appropriateness of the trans-
lated items.

The linguistic adaptation process involved translation of the 
original scale, evaluation of the translated versions and prepara-
tion of a trial form for comparison with the original instrument. 
In the present study, the scale was independently translated into 
Turkish by three bilingual experts proficient in both Turkish and 
English. These independent translations were compared and a 
preliminary Turkish form was created by evaluating the items in 
terms of semantic equivalence, linguistic clarity and cultural suit-
ability. This preliminary version was then back-translated into 
English by three independent bilingual experts who were not 
involved in the initial translation process. The back-translated 
version was compared with the original form in order to identify 
potential discrepancies in meaning and wording. Following this 
comparison, items were revised where necessary to improve clar-
ity and reduce possible linguistic inconsistencies. Finally, the 
Turkish form was reviewed by three faculty members from rele-
vant fields, namely Computer Education and Instructional 
Technology, Turkish Language and Educational Measurement and 
Evaluation. Based on expert feedback, minor revisions were made 
to improve the comprehensibility and linguistic appropriateness 
of the items. At the end of this process, the Turkish version of the 
scale was considered suitable for use in the main study.

Data collection procedure

The data for this study were collected online using a structured 
digital survey form. Participation was entirely voluntary and respon-
dents were informed about the purpose of the study before completing 
the survey. Prior to data collection, participants were presented with 
an informed consent statement explaining the aim of the research, the 
approximate completion time, the voluntary nature of participation 
and the confidentiality of their responses. Only those who agreed to 
participate were allowed to proceed to the survey items. Written 

TABLE 2  Demographic characteristics of the participants and AI-related variables.

Variable Category n %

Gender
Female 363 56.7

Male 277 43.3

Educational level

Bachelor’s degree or 

below
283 44.2

Master’s degree 224 35.0

Doctoral degree 133 20.8

AI knowledge level

Low 196 30.6

Moderate 405 63.3

Advanced 39 6.1

AI use status
User 592 92.5

Non-user 48 7.5

Duration of AI use

Less than 6 months 122 19.1

6–12 months 169 26.4

1–2 years 250 39.1

More than 2 years 99 15.5

Interaction 

complexity

Simple queries/basic 

tasks
215 33.6

Querying and content 

editing
259 40.5

Complex/advanced 

multi-step tasks
166 25.9

Subscription status
Free services only 431 67.3

Paid access 209 32.7

Age

Up to 30 years 274 42.8

31–40 years 220 34.4

40+ years 146 22.8
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informed consent was obtained from all participants prior to their 
participation in the study. Participants were informed about the pur-
pose of the research, the voluntary nature of participation, and the 
confidentiality of their responses.

The online format enabled efficient access to participants 
from different professional backgrounds and facilitated the col-
lection of a sufficiently large sample for the adaptation and valida-
tion analyses. The survey form consisted of two main sections. 
The first section included demographic questions and items 
related to AI use, whereas the second section contained the 
Turkish form of the Generative AI Dependency Scale. Data col-
lection continued until the target sample size required for the 
planned psychometric analyses was reached. At the end of the 
process, responses from 640 participants were retained for the 
final analyses.

Data analysis

Because the present study was designed as a scale adaptation 
and psychometric validation study, the analyses focused on testing 
the hypothesized factor structure of the adapted form rather than 
exploring a new structure. Prior to the main analyses, the dataset 
was screened for missing values. Item-level missing data rates 
were very low, ranging from 0.00 to 0.78% across the scale items. 
Given this negligible level of missingness, the Expectation–
Maximization (EM) algorithm was used to impute missing 
responses (Dempster et al., 1977), thereby preserving the full 
sample for subsequent psychometric analyses. Following the miss-
ing data procedure, the distributional characteristics of the scale 
scores were examined using skewness and kurtosis coefficients. 
The skewness values for the subdimensions and the total score 
ranged from 0.64 to 1.25, whereas kurtosis values ranged from 
−0.13 to 1.75. Since these values remained within generally 
acceptable limits for multivariate analyses, the data were consid-
ered to show an acceptable distributional pattern (Tabachnick and 
Fidell, 2013).

To examine construct validity, confirmatory factor analysis 
(CFA) was conducted to test the fit of the original three-factor 
structure. In addition to the first-order CFA model (Model I), a 
second-order CFA model (Model II) was also tested to evaluate 
whether the three first-order dimensions loaded onto a higher-
order construct representing overall generative AI dependency. 
Model fit was evaluated using multiple goodness-of-fit indices, 
including χ2/df, CFI, TLI, RMSEA, SRMR, GFI, and AGFI. The 
following conventional cut-off values were used to interpret 
model fit: χ2/df < 5, CFI ≥ 0.90, TLI ≥ 0.90, RMSEA ≤ 0.08, and 
SRMR ≤ 0.08 (Hu and Bentler, 1999; Kline, 2023). To provide evi-
dence of convergent validity based on the measurement model 
and internal consistency, average variance extracted (AVE), com-
posite reliability (CR), Cronbach’s alpha and McDonald’s omega 
coefficients were calculated for each subdimension and for the 
total scale. In line with the literature, AVE values above 0.50 were 
considered evidence of convergent validity, whereas CR, alpha and 
omega values above 0.70 were interpreted as indicating acceptable 
reliability (Hair et al., 2022a, 2022b; Raykov et al., 2016). In the 
final stage, measurement invariance was examined across the 
demographic and AI-related variables included in the study. 
Multi-group confirmatory factor analysis (MG-CFA) was 

performed by sequentially testing configural, metric, scalar and 
strict invariance models. Invariance decisions were based on 
changes in comparative fit index (ΔCFI) values across adjacent 
hierarchical models. Following the recommendation of Cheung 
and Rensvold (2002), a ΔCFI value smaller than 0.01 was accepted 
as evidence of measurement invariance across levels. All analyses 
were conducted in R using scripts prepared by the researchers. 
Missing data imputation was performed using EM-based proce-
dures, whereas CFA and multi-group CFA analyses were con-
ducted with the lavaan package (Rosseel, 2012). Reliability 
estimates and descriptive analyses were supported by the psych 
package (Revelle, 2015) and CFA path diagrams were visualized 
using semPlot (Epskamp, 2015).

Results

Construct validity

To examine the construct validity of the Generative AI 
Dependency Scale, a confirmatory factor analysis (CFA) was con-
ducted to test whether the hypothesized measurement model was sup-
ported by the observed data. CFA is one of the most widely used 
approaches for evaluating construct validity, as it assesses the extent 
to which the observed items adequately represent the proposed latent 
structure of the scale. The model fit indices presented in Table 3 were 
used to determine the degree of model fit to the empirical data.

As shown in Figure 1, the confirmatory factor analysis (CFA) 
results indicated that Model I and Model II of the Generative AI 
Dependency Scale demonstrated a good fit to the data. The chi-square 
value was statistically significant (χ2 = 112.352, df = 41, p < 0.001), 
which is common in large samples. The χ2/df ratio was 2.740, indicat-
ing a good level of fit. The RMSEA value (0.053) and SRMR value 
(0.025) were both below recommended thresholds, supporting good 
model fit. Incremental fit indices were also excellent, with CFI = 0.996, 
TLI = 0.994, NFI = 0.993, IFI = 0.996, and RFI = 0.991. In addition, 

TABLE 3  CFA model fit indices.

Scale Reference 
value

Model I Model II

χ2 – 112.352 120.141

df – 41 41

p value >0.05 0.000 0.000

χ2/df <5 2.740 2.930

RMSEA <0.07 0.053 0.055

SRMR <0.07 0.025 0.026

GFI >0.90 0.999 0.999

AGFI >0.90 0.998 0.998

NFI >0.90 0.993 0.993

CFI >0.92 0.996 0.995

TLI >0.90 0.994 0.994

IFI >0.90 0.996 0.995

RFI >0.90 0.991 0.990

Model I: three factor CFA model, Model II: second level CFA model.
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GFI (0.999) and AGFI (0.998) values were well above acceptable levels. 
In addition, the second order CFA model (Model II) also demon-
strated an excellent model fit, indicating that the three first-order fac-
tors adequately load onto a higher order general Generative AI 
Dependency construct. Overall, these findings indicate that both 
Model I and Model II provide an acceptable to good representation of 
the data and supports the construct validity of the Generative AI 
Dependency Scale.

The standardized factor loadings indicated that the items under 
the cognitive preoccupation factor ranged between 0.686 and 0.937, 
the items under the negative consequences factor ranged between 
0.624 and 0.894 and the items under the withdrawal factor ranged 
between 0.877 and 0.951. Overall, all factor loadings were above 0.60, 
indicating strong relationships between the items and their respective 
latent constructs.

Model-based convergent validity and 
reliability

Table 4 presents the factor loadings, corrected item-total correla-
tions, average variance extracted (AVE), composite reliability (CR), 
explained variance and reliability coefficients of the 11-item 
Generative AI Dependency Scale. These results were used to evaluate 
convergent validity and internal consistency.

The model-based convergent validity results of the Generative 
AI Dependency Scale indicate that all subdimensions met the rec-
ommended criteria. The AVE values were 0.663 for cognitive preoc-
cupation, 0.598 for negative consequences and 0.842 for withdrawal, 
all exceeding the 0.50 threshold, thus supporting convergent valid-
ity evidence within the measurement model. The Cronbach’s alpha 

coefficients were 0.78, 0.79 and 0.92 for cognitive preoccupation, 
negative consequences and withdrawal, respectively, while the over-
all scale alpha was 0.91. Similarly, McDonald’s omega coefficients 
were 0.79, 0.84 and 0.94 for the three sub-dimensions, with an over-
all omega of 0.93. These values indicate acceptable to high internal 
consistency, with particularly strong reliability for the withdrawal 
dimension. The composite reliability (CR) values were 0.805, 0.819 
and 0.919, all above the recommended 0.70 level, further confirm-
ing the reliability of the constructs. Factor loadings ranged between 
0.624 and 0.951, indicating strong item-factor relationships across 
all dimensions. Additionally, corrected item-total correlations 
ranged between 0.50 and 0.87, which are within acceptable limits. 
The explained variance values were 66.3, 59.8, and 84.2% for the 
three sub-dimensions, all of which are considered sufficient in social 
science research. Overall, these findings provide evidence of con-
vergent validity based on the measurement model and indicate high 
reliability for the Generative AI Dependency Scale, supporting its 
use for assessing dependency on generative AI systems within the 
scope of the psychometric evidence examined in the present study.

Translation and linguistic review

Linguistic equivalence of the scale was supported through a sys-
tematic process involving translation, back-translation and expert 
review. In the first stage, the original English form was independently 
translated into Turkish by three bilingual experts proficient in both 
languages and specialized in relevant fields, such as Computer 
Education and Instructional Technology and Educational 
Measurement and Evaluation. These independent translations were 
compared for consistency and a synthesized draft version was created.

FIGURE 1

CFA path diagram for Model I and Model II. Model I: three factor CFA model, Model II: second level CFA model.
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In the second stage, this preliminary Turkish form was back-
translated into English by three different independent language 
experts who were blind to the original instrument. The back-trans-
lated items were compared with the original scale to evaluate semantic 
and conceptual consistency and the comparisons suggested that the 
items largely preserved their intended meanings. In the final stage, the 
Turkish form was reviewed by three faculty members in terms of lin-
guistic clarity and content appropriateness. Based on their feedback, 
minor revisions were made to improve comprehensibility and cultural 
suitability. Overall, these procedures supported the linguistic equiva-
lence of the Turkish form with the original instrument.

Measurement invariance

Measurement invariance was examined through multi-group con-
firmatory factor analysis (MG-CFA) across demographic and 
AI-related variables by sequentially testing configural, metric, scalar 
and strict models (see Table 5). The decision regarding invariance at 
each successive step was based on changes in the CFI statistic (∆CFI). 
Following the criterion proposed by Cheung and Rensvold (2002), 
measurement invariance was considered supported when the decrease 
in CFI between adjacent models remained below 0.01.

The multi-group CFA results provide evidence for the robustness of 
the scale across demographic and AI-related subgroups. Across all 
examined variables, including gender, age level, education level, AI use 
status, AI experience duration, AI interaction complexity, AI payment 
status and AI knowledge level, the changes in CFI remained below the 
recommended threshold at each successive stage. These findings sup-
port strict measurement invariance across the groups examined. In 
practical terms, these results indicate that the factor loadings, intercepts 
and residual variances were comparable across groups. Accordingly, the 
Turkish version of the Generative AI Dependency Scale appears to 
function similarly across different demographic and AI-related catego-
ries, suggesting that observed group differences are less likely to be 
attributable to measurement bias. This supports the use of the Turkish 
form in future comparative studies examining generative AI depen-
dency across demographic characteristics and AI-related usage profiles. 
However, such comparisons should be interpreted within the group 
categories and sampling conditions examined in the present study.

How to score the scale

The Generative AI Dependency Scale consists of 11 items in total 
and is structured as a second-order measurement model with three 
first-order dimensions. The cognitive preoccupation dimension 
includes 3 items, while the negative consequences and withdrawal 
dimensions each consist of 4 items. In addition, these three dimen-
sions load onto a higher-order latent construct representing overall 
generative AI dependency. The finalized items and their dimension 
assignments are presented in the Appendix section for reference.

The scores obtained from the items may be used both at the sub-
dimension level and as an overall total score. Specifically, the items 
within each dimension can be summed to obtain separate subscale 
scores for cognitive preoccupation, negative consequences and with-
drawal. In addition, because the higher-order CFA results support a 
general dependency construct, all 11 items may also be summed to 
obtain a single overall Generative AI Dependency score. Since all 
items are scored in the same direction, no reverse coding is required. 
Thus, higher total scores indicate greater dependency on generative 
AI, whereas lower scores reflect lower levels of dependency. These 
findings suggest that the scale may be used both for multidimensional 
profiling and for deriving a global dependency score.

Discussion and conclusion

The present study adapted the Generative AI Dependency Scale 
into Turkish and examined its psychometric properties in a Turkish 
sample. Overall, the findings indicate that the Turkish form of the scale 
provides a valid and reliable instrument for assessing individual differ-
ences in dependency on generative AI systems. Confirmatory factor 
analysis supported the original three-factor structure consisting of cog-
nitive preoccupation, negative consequences and withdrawal, which is 
consistent with the original conceptualization of the scale proposed by 
Goh et al. (2025). In addition, the second-order CFA model also dem-
onstrated acceptable fit, suggesting that the three subdimensions may 
be interpreted not only separately but also as indicators of a broader 
construct representing overall generative AI dependency. Taken 

TABLE 4  AVE, reliability and explained variance percentages of the Generative AI dependency scale.

Factor Items Factor 
loadings

Item-
total

AVE CR Explained 
variance (%)

Alpha Omega

Cognitive 

preoccupation

Item 1 0.686 0.57

0.663 0.805 66.3 0.78 0.79Item 2 0.937 0.67

Item 3 0.801 0.63

Negative 

consequences

Item 4 0.624 0.50

0.598 0.819 59.8 0.79 0.84
Item 5 0.872 0.66

Item 6 0.894 0.69

Item 7 0.667 0.56

Withdrawal

Item 8 0.921 0.81

0.842 0.919 84.2 0.92 0.94
Item 9 0.951 0.87

Item 10 0.919 0.83

Item 11 0.877 0.76

Generative AI dependency 0.91 0.93
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together, these findings suggest that the conceptual structure of the 
original scale was preserved in the Turkish adaptation.

Internal consistency coefficients for both the total scale and the 
subdimensions were within acceptable to high ranges, and the AVE 
and CR values provided evidence of convergent validity based on the 
measurement model and composite reliability. These results indicate 
that the items function coherently within their intended dimensions 
and that the adapted form yields consistent measurements. In this 
respect, the Turkish version appears to retain the psychometric 
strength reported in the original study (Goh et al., 2025). In addition, 
measurement invariance analyses supported strict invariance across 
all examined demographic and AI-related variables, including gender, 
age level, education level, AI use status, AI experience duration, AI 
interaction complexity, AI payment status and AI knowledge level. 

These findings indicate that the scale operates similarly across differ-
ent participant groups and allows meaningful cross-group compari-
sons in future research.

A finding that warrants specific interpretation is the particularly 
high internal consistency of the withdrawal dimension (α = 0.92, 
ω = 0.94), which substantially exceeded the coefficients obtained for 
the cognitive preoccupation (α = 0.78) and negative consequences 
(α = 0.79) dimensions. This pattern may reflect the psychometric 
nature of withdrawal as a construct. Withdrawal-related items tend to 
capture a narrowly bounded, affectively concrete experience namely, 
distress and discomfort arising from restricted access to generative AI 
which renders the subscale inherently more homogeneous than 
dimensions characterized by broader cognitive or behavioral content 
(Boyle, 1991; Kline, 1986). From a measurement standpoint, narrower 

TABLE 5  Measurement invariance across demographic and AI-related variables.

Demographic 
variable

Stage χ2 df χ2/df 𝑅𝑀𝑆𝐸𝐴 𝑆𝑅𝑀𝑅 GFI AGFI TLI CFI ∆ CFI

Gender

Configural 127,501 82 1.56 0.042 0.030 0.999 0.998 0.996 0.997 –

Metric 95,680 92 1.04 0.011 0.032 0.999 0.998 0.999 0.999 0.002

Scalar 106,300 99 1.07 0.015 0.033 0.999 0.998 0.999 0.999 0.000

Strict 120,833 110 1.10 0.018 0.037 0.999 0.998 0.998 0.998 0.001

Age level

Configural 153,432 123 1.25 0.034 0.033 0.999 0.998 0.997 0.998 –

Metric 177,457 143 1.24 0.034 0.054 0.997 0.996 0.991 0.992 0.006

Scalar 197,739 157 1.26 0.035 0.056 0.997 0.995 0.991 0.991 0.001

Strict 229,275 179 1.28 0.036 0.064 0.996 0.995 0.990 0.989 0.002

Education level

Configural 169,292 123 1.38 0.042 0.035 0.999 0.998 1.000 1.000 –

Metric 146,934 143 1.03 0.011 0.043 0.998 0.997 1.000 1.000 0.000

Scalar 161,929 157 1.03 0.012 0.045 0.998 0.997 1.000 1.000 0.000

Strict 181,274 179 1.01 0.008 0.048 0.998 0.997 1.000 1.000 0.000

AI use status

Configural 125,569 82 1.53 0.041 0.027 0.999 0.999 0.997 0.998 –

Metric 127,976 92 1.39 0.035 0.035 0.998 0.997 0.992 0.993 0.005

Scalar 144,986 99 1.47 0.038 0.037 0.998 0.997 0.990 0.991 0.002

Strict 159,484 110 1.45 0.038 0.040 0.997 0.996 0.989 0.989 0.002

AI experience 

duration

Configural 209,949 164 1.28 0.042 0.037 0.999 0.998 1.000 1.000 –

Metric 200,135 194 1.03 0.014 0.052 0.998 0.996 1.000 1.000 0.000

Scalar 240,428 215 1.12 0.027 0.057 0.997 0.996 1.000 1.000 0.000

Strict 291,525 248 1.18 0.033 0.069 0.996 0.995 1.000 1.000 0.000

AI interaction 

complexity

Configural 156,371 123 1.27 0.036 0.033 0.999 0.998 1.000 1.000 –

Metric 148,768 143 1.04 0.014 0.044 0.998 0.997 1.000 1.000 0.000

Scalar 187,083 157 1.19 0.030 0.050 0.998 0.996 1.000 1.000 0.000

Strict 223,522 179 1.25 0.034 0.060 0.997 0.996 1.000 1.000 0.000

AI payment status Configural 118,901 82 1.45 0.038 0.029 0.999 0.999 0.997 0.998 –

Metric 110,479 92 1.20 0.025 0.038 0.999 0.998 0.997 0.997 0.001

Scalar 127,343 99 1.29 0.030 0.040 0.998 0.998 0.996 0.996 0.001

Strict 136,906 110 1.25 0.028 0.043 0.998 0.998 0.996 0.996 0.000

AI knowledge level Configural 151,090 123 1.23 0.033 0.031 0.999 0.998 0.998 0.998 –

Metric 156,842 143 1.10 0.021 0.042 0.998 0.997 0.997 0.998 0.001

Scalar 177,161 157 1.13 0.025 0.044 0.998 0.997 0.996 0.997 0.001

Strict 203,342 179 1.14 0.025 0.051 0.997 0.997 0.996 0.996 0.001
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constructs with tightly overlapping content tend to yield higher alpha 
values, not necessarily because they are psychometrically superior, but 
because their items converge on a more circumscribed psychological 
state (Boyle, 1991). This interpretive point is important: the high alpha 
of the withdrawal subscale may reflect genuine construct homogeneity 
rather than item redundancy, given that the AVE value for this dimen-
sion was 0.842 and factor loadings ranged from 0.877 to 0.951, indi-
cating strong and discriminant item-factor relationships. This pattern 
is broadly consistent with the broader technology addiction literature. 
For instance, the Smartphone Addiction Scale (Kwon et al., 2013) and 
its short version, as well as AI-focused scales developed for other 
populations (El-Sayed et al., 2025), have similarly reported that with-
drawal-related subscales sometimes yield relatively high internal con-
sistency coefficients, while other dimensions capturing more diffuse 
behavioral or cognitive phenomena show more moderate values. In 
the present Turkish sample, the high withdrawal reliability may also 
carry a context-specific interpretation. Given that the sample was 
composed entirely of professionals who actively use generative AI 
tools in their work with 92.5% reporting active use and 39.1% report-
ing one to 2 years of sustained experience the withdrawal subscale 
may have captured a psychologically salient and highly consistent 
experiential state. For individuals whose professional routines have 
become substantially organized around generative AI tools, the pros-
pect of losing access to these tools may be experienced in a particu-
larly uniform and acute manner, producing high inter-item agreement 
within this subscale. This interpretation, while plausible, is inferential 
in nature and should be examined more directly in future studies 
using experimental or longitudinal designs.

From a theoretical perspective, the findings support the view that 
dependency on generative AI can be conceptualized as a multidimen-
sional construct rather than as a simple indicator of frequent technology 
use. The confirmation of the dimensions of cognitive preoccupation, 
negative consequences and withdrawal suggests that dependency on 
generative AI shares certain features with broader behavioral addiction 
frameworks while also reflecting the distinctive nature of generative AI 
systems as tools for content generation, reasoning support, and cogni-
tive offloading (Goodman, 1990; Griffiths, 2005; Goh et al., 2025). In 
addition, the findings may be considered in relation to Self-
Determination Theory. From this perspective, frequent and excessive 
reliance on generative AI may be associated with changes in how indi-
viduals experience competence and autonomy when performing cog-
nitively demanding tasks (Deci and Ryan, 2000). Although the present 
study did not directly test these psychological mechanisms, the confir-
mation of the scale structure in the Turkish sample suggests that this 
theoretical perspective remains relevant for understanding dependency 
on generative AI in different cultural contexts.

As this study is a cross-cultural adaptation, the findings should be 
interpreted not only in relation to the psychometric evidence but also 
in relation to the broader context in which generative AI is adopted 
and used in Turkey. In this regard, Turkey has pursued AI develop-
ment under a National Artificial Intelligence Strategy (2021–2025) 
accompanied by a 2024–2025 action plan covering more than 70 mea-
sures, reflecting a state-led commitment to rapid digital transforma-
tion across educational, academic and professional sectors (Digital 
Transformation Office of Turkey, 2021). At the individual level, this 
momentum is reflected in recent official data: according to the Turkish 
Statistical Institute’s first national AI statistics report, 19.2% of the 
Turkish population reported using generative AI tools in 2025, with 
this figure reaching 36.1% among higher education graduates 

(TurkStat, 2025). Consistent with this pattern, 92.5% of the present 
sample reported active use of generative AI tools and a notable major-
ity described using these tools for content editing and querying tasks 
that are directly integrated into their professional workflows. This 
occupational embeddedness of generative AI use may have important 
implications for the dependency-related findings observed here. 
When generative AI tools are adopted rapidly and become integrated 
into daily professional practice, users’ perceptions of dependency may 
be shaped by the extent to which these tools become embedded in task 
completion, productivity expectations and self-regulation practices 
(Salam et al., 2026a, 2026b). This interpretation is consistent with 
theoretical accounts suggesting that cognitive offloading onto AI sys-
tems may initially enhance perceived competence but gradually erode 
autonomous functioning and self-regulatory capacity over time (Deci 
and Ryan, 2000; Gerlich, 2025). Furthermore, recent empirical work 
indicates that greater AI dependency is associated with reductions in 
critical thinking and increased cognitive fatigue, particularly when AI 
tools are used as substitutes for active cognitive engagement rather 
than as supplements to it (Gerlich, 2025). In the Turkish professional 
context, where performance pressures in educational and administra-
tive settings are high and AI tools offer significant cognitive relief, the 
risk of transitioning from assisted performance to dependency may 
be particularly relevant. The present study’s adapted scale may there-
fore serve not only as a research instrument but also as a practical tool 
for identifying at-risk use patterns in Turkish professional settings 
undergoing rapid AI integration. These contextual interpretations are 
necessarily post-hoc in nature; therefore, future cross-cultural studies 
should examine how occupational, institutional and cultural factors 
shape the meanings of cognitive preoccupation, negative conse-
quences and withdrawal-like discomfort in generative AI dependency.

The study also has practical implications. As generative AI 
tools become increasingly visible in educational, academic, and 
professional settings, the availability of a Turkish instrument may 
facilitate more systematic research on problematic or excessive 
forms of use. The adapted scale may be useful in studies examining 
how dependency on generative AI relates to variables such as self-
efficacy, academic or work-related outcomes and technology-use 
patterns. In applied settings, the scale may also provide a struc-
tured means of assessing levels of dependency on generative AI 
among groups that are likely to interact with such tools regularly. 
In conclusion, the findings of the present study provide evidence 
supporting the validity and reliability of the Turkish version of the 
Generative AI Dependency Scale for assessing dependency on gen-
erative AI systems within the scope of the psychometric evidence 
examined in this study and offer a useful tool for future research 
in Turkish-speaking contexts.

Limitations and future directions

The present findings should be interpreted in light of several limi-
tations. Data were collected using self-report measures in an online 
format, which may increase the risk of response bias. The study 
employed a cross-sectional design, which does not allow for causal or 
temporal inferences; therefore, longitudinal validity, predictive valid-
ity, and temporal stability of generative AI dependency could not be 
examined. In addition, although convergent validity was assessed 
using measurement-model-based evidence, no external validation 
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measures were included; thus, criterion-related, predictive, and dis-
criminant validity could not be tested.

Future research should examine the Turkish form alongside 
related constructs such as generative AI addiction, problematic AI use, 
AI trust, AI literacy, technology anxiety, and cognitive offloading, and 
evaluate whether scale scores predict relevant academic, occupational, 
and behavioral outcomes. The scale should also be tested in diverse 
populations, including university students, adolescents, and different 
occupational groups, to assess the stability of its psychometric proper-
ties across age groups and social contexts. Further studies may explore 
relationships between generative AI dependency and variables such 
as self-efficacy, burnout, cognitive offloading, academic and work per-
formance, and technology-related attitudes. Longitudinal designs are 
particularly needed to examine temporal stability and predictive valid-
ity. Finally, cross-cultural comparisons and studies establishing poten-
tial cut-off scores or risk profiles would further enhance the applied 
interpretation of generative AI dependency.
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