
23

WHEN CHATGPT “FEELS LIKE FAMILY”: SERIAL MEDIATION 
PATHWAYS TO RELIANCE AND CRITICAL USE

Muhammad RIFA’IE
ORCID: 0000-0002-8836-2967

Department of Indonesian Language and Literature Education 
Universitas Halu Oleo 
Kendari, INDONESIA

Received: 03/12/2025 Accepted: 16/03/2026

ABSTRACT
This study aims to test the serial mediation pathway based on the expanded Affective–Behavioural–Cognitive 
(ABC) model to explain Reliance on ChatGPT (RC) and Critical Use of ChatGPT (CU) in an academic 
context. A cross-sectional quantitative survey study was conducted among multi-ethnic students in the 
coastal region of Southeast Sulawesi, Indonesia, in two stages: a pilot study (n = 72) to test the instruments 
and a main study (n = 287) to test the model. The analysis used confirmatory factor analysis (CFA) based 
on CB-SEM to validate the measurement model, and partial least squares structural equation modelling 
(PLS-SEM) to test the structural model through 5,000 bootstrap resamples (CI 95%). The results showed 
that the indirect serial effect from PCU to CU via EA/AIS-ST-RC was significant, whereas the direct path 
from ST to CU was not. These findings confirm that attachment to ChatGPT is not directly related to a 
decrease in CU. CU practices are primarily formed when User Stickiness (ST) has a positive and significant 
effect on RC, which is functional in completing academic tasks. Thus, RC acts as a proximal mediator in the 
relationship between ST and CU.
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INTRODUCTION
The rapid development of ChatGPT has changed students’ learning patterns across various countries. In 
higher education, ChatGPT is used not only to help complete assignments but also to understand concepts, 
develop ideas, and improve critical thinking skills (Crawford et al., 2023). Many institutions have begun 
integrating ChatGPT into their curricula, making it increasingly central to the artificial intelligence-based 
learning ecosystem (Lim et al., 2023). Consequently, the expansion of ChatGPT’s use in higher education 
needs to be empirically described to explain students’ tendencies to use ChatGPT from cognitive, affective, 
and behavioural perspectives, based on the Affective–Behavioural–Cognitive (ABC) Model.
The ABC model is a relevant theoretical framework for examining these dynamics. Ajlouni et al. (2023) 
show that perceptions of benefits (cognition), emotional responses (affect), and usage habits (behaviour) 
influence each other in shaping students’ evaluations of ChatGPT. Liu et al. (2025a) reinforce this finding 
by showing that cognitive perceptions can trigger satisfaction and emotional attachment, which ultimately 
increase user loyalty.
However, previous research has predominantly focused on AI acceptance and adoption (see Acosta-Enriquez 
et al., 2024a; Taheri et al., 2025; Xue et al., 2025), thus failing to explain how the ABC mechanism can 
develop into a pattern of use that leads to functional reliance, as well as how this reliance relates to responsible 
use, such as critically evaluating and questioning ChatGPT’s output (Stojanov et al., 2024).
This limitation is important because acceptance/adoption primarily describes the initial decision to 
adopt the technology. In fact, once ChatGPT becomes part of the learning routine, the main issue shifts 
from “whether it is used” to “the extent to which students rely on it” in academic activities. At this 
stage, functional reliance can be understood as the cumulative result of the three components of ABC. 
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The combination of these three components can encourage more intensive use, making reliance a more 
relevant outcome than mere acceptance.
In this study, functional reliance is defined as the tendency of students to use ChatGPT as their primary 
source of assistance in completing academic activities, such as understanding material, developing ideas, 
summarising information, or drafting, because it is considered adequate and makes tasks more manageable. 
Meanwhile, critical use refers to the practice of using ChatGPT accompanied by evaluation and verification, 
such as checking the accuracy of the output, assessing the credibility of claims, comparing with other 
references, and revising or rejecting inconsistent parts before using them for academic purposes.
Therefore, functional reliance does not necessarily have a negative meaning. Reliance on ChatGPT can help 
students learn more effectively, but it can also reduce evaluative vigilance if ChatGPT outputs are accepted 
without verification (Archila et al., 2024; Stojanov et al., 2024; Chen et al., 2024). Therefore, expanding the 
ABC model to include reliance and critical use is important to determine whether such reliance goes hand 
in hand with responsible use practices.
The need to expand the ABC model towards reliance and critical use becomes increasingly relevant when 
applied to Indonesian coastal students. Unlike students in urban areas who generally have broader access 
to learning resources, campus facilities, and academic support, coastal students often face limitations in 
infrastructure, access to information, and the availability of reference sources and learning support services 
(Jaya et al., 2024; Rasimin et al., 2024). In such situations, ChatGPT has the potential to serve as a quick, 
easily accessible ‘alternative learning resource,’ enabling the cognitive, affective, and behavioural dimensions 
of its use to develop more rapidly and robustly.
Consequently, the opportunity for functional reliance among coastal students is potentially greater, mainly 
when ChatGPT is used to replace learning resources that are difficult to access, for example, to explain 
material, summarise readings, or help design assignments. However, this increased reliance also raises 
an important question: Is this perceived reliability accompanied by adequate critical scrutiny, or does it 
encourage less critical acceptance of outputs due to limited alternative references? In other words, in the 
coastal context, ChatGPT can bridge the educational access gap while also risking reinforcing instrumental 
dependence that is not always accompanied by equivalent evaluative skills.
To date, empirical evidence that explains explicitly how the ABC mechanism forms functional reliance 
and how that reliance relates to critical use among Indonesian coastal students remains limited. Therefore, 
testing the extension of the ABC model in a non-metropolitan context is important, not only to enrich the 
literature on human-AI interaction in higher education but also to understand its practical implications for 
strengthening AI literacy and responsible learning in regions with more limited learning resources.
This study aims to expand the ABC model by testing a serial mediation pathway that explains how Perceived 
Cognitive Utility (PCU) shapes Emotional Attachment (EA) and Affective Interaction Satisfaction (AIS), 
which in turn drives User Stickiness (ST), increases Reliance on ChatGPT (RC), and ultimately influences 
Critical Use (CU). The main contributions of this study are: (1) shifting the focus from mere acceptance 
to the quality of AI usage practices (reliance and critical use), and (2) testing more detailed psychological 
mechanisms through serial mediation.

THEORETICAL BASIS AND HYPOTHESES
This study extends the ChatGPT user behaviour model developed by Liu et al. (2025a) and Stojanov et al. 
(2024) by focusing the analysis on Indonesian coastal students. The integration of the revised ABC model 
Liu et al. (2025a) with the modified dependency structure from Stojanov et al. (2024) yields a theoretical 
framework consistent with the research context. This framework maps the path of influence of cognitive 
evaluation on affective responses, the reinforcement of affective responses on behavioural attachment, and 
the role of this attachment as a mediating mechanism that leads to functional reliance and critical use of 
ChatGPT.
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Perceived Cognitive Utility (PCU)
Perceived Cognitive Utility (PCU) refers to users’ beliefs that a technology provides cognitive benefits, such 
as helping them understand information, increase their knowledge, and make it easier to complete tasks. 
The relationship between PCU and emotional responses can be explained through Technology Acceptance 
Model (TAM), cognitive evaluation theory, and social-affective computing: when users assess ChatGPT as 
valuable and informative, they tend to feel comfort and trust because emotions arise as a response to the 
evaluation of stimulus value (Davis, 1989; Haq et al., 2025; Seok et al., 2025).
Cross-technology findings indicate that PCU, encompassing informational value and usefulness, consistently 
shapes interaction experiences and satisfaction, which, in turn, are related to continued use. Within Oliver’s 
(1980) framework, satisfaction is a post-use evaluation that mediates pre- and post-experience, and is 
empirically proven to drive the intention to continue using mobile services (Zhao et al., 2012), voice AI 
(Choi & Choi, 2023), and chatbot services, when usefulness and ease of use increase satisfaction (Ashfaq et 
al., 2020). In general, information value and usefulness remain the primary foundations of both cognitive 
and affective satisfaction across various technologies, including ChatGPT.

H1. PCU has a positive effect on Emotional Attachment (EA).
H2. PCU has a positive effect on Affective Interaction Satisfaction (AIS).

Emotional Attachment
Emotional Attachment (EA) plays an important role in shaping users’ long-term loyalty and engagement 
with AI technology. When users feel that the technology aligns with their needs and personality, a sense of 
trust, satisfaction, and emotional closeness emerges, encouraging continued use (Wang et al., 2016; Baek & 
Kim, 2023). The quality of accurate and helpful information also strengthens user trust and commitment 
(Seok et al., 2025; Mun & Hwang, 2024), while the friendliness and responsiveness of chatbots create a 
sense of comfort and emotional support, further deepening the user’s relationship with the system (Zhang et 
al., 2025a). This combination of trust, enjoyment, and emotional connection consistently drives loyalty to 
AI technologies such as ChatGPT (Vlachos et al., 2010).

H3: Emotional Attachment (EA) positively affects User Stickiness (ST). 

Affective Interaction Satisfaction
Affective Interaction Satisfaction (AIS) represents the quality of interaction and user satisfaction and has 
consistently been shown to be an important determinant of user stickiness (Ma, 2023) Liu et al. (2025a). 
Engaging, responsive, and informative interactions enhance the quality of experience and user satisfaction, 
as demonstrated in live streaming services and visual arts platforms (Bao & Zhu, 2022), mobile games (Shi 
et al., 2024), and websites that emphasise emotional experiences (Werner et al., 2022). Furthermore, chatbot 
communication style and the formation of emotional closeness with the application also strengthen user 
engagement and loyalty (Al-Shafei, 2024). Thus, AIS serves as an effective mechanism for strengthening user 
stickiness and loyalty, including in AI-based technologies.

H4. Affective Interaction Satisfaction (AIS) positively affects User Stickiness (ST).

User Stickiness
User Stickiness (ST) describes the tendency of users to return and interact repeatedly, thereby strengthening 
engagement and increasing reliance on a platform (Kremer, 2022). This consistent usage pattern encourages 
a shift from passive acceptance to more intense engagement, so ST is expected to be an important driver of 
increased reliance (Jia et al., 2025). On the other hand, increasingly habitual use can make interactions more 
automatic and reduce reflective engagement, thereby diminishing critical evaluation of outputs (LaRose, 
2010; Oulasvirta et al., 2012). However, in an academic context, the ST-critical use relationship may depend 
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on task demands, academic integrity norms, and AI literacy levels. Therefore, the influence of ST on critical 
use is tested empirically without establishing a universal direction of the relationship across contexts.

H5: User Stickiness (ST) has a positive effect on Reliance on ChatGPT (RC).
H6: User Stickiness (ST) affects Critical Use of ChatGPT (CU).

Reliance on ChatGPT
In this study, Reliance on ChatGPT (RC) is defined as a functional reliance on ChatGPT to fulfil academic 
needs (e.g., understanding material, summarising difficult information, and generating ideas), which 
is distinguished from reliance due to mere repeated use (Stojanov et al., 2024). Several empirical studies 
show that students’ reliance on AI-based technology in an academic context positively encourages critical 
evaluation of the quality of AI output (Archila et al., 2024; Stojanov et al., 2024; Chen et al., 2024). 
Therefore, this study proposes that the greater the students’ functional reliance on ChatGPT (RC), the 
greater the tendency to use ChatGPT critically (CU) in an academic context.

H7: Reliance on ChatGPT (RC) has a positive effect on Critical Use of ChatGPT (CU).

Affective Pathways toward Reliance on ChatGPT
The ABC model asserts that emotions mediate the relationship between cognitive attributes and behaviour. 
In various technological contexts, Perceptions of Usefulness (PU) and Perceptions of Ease of Use (PEoU) 
have been shown to elicit positive emotions, such as enjoyment and satisfaction, which, in turn, increase user 
engagement and loyalty (Tian et al., 2023). Emotional attachment also contributes to user commitment to 
AI assistants and mobile applications, while affective motivations, such as enjoyment and social interaction, 
strengthen users’ relationships with chatbots (Alnawas et al., 2023; Pang et al., 2025).
Consistent with the ABC framework, these affective experiences not only increase satisfaction but also 
encourage user stickiness as a form of repetitive behaviour. Thus, emotional factors, satisfaction, and 
interaction experiences function as important mediators that mediate the influence of cognitive perceptions 
on user stickiness (Liu et al., 2025a). Therefore, EA, AIS, and ST can sequentially mediate the relationship 
between affective attribution and dependence.

H8a: EA and ST sequentially mediate the effect of PCU on RC.
H8b: AIS and ST mediate the effect of PCU on RC in a sequential manner.

Affective–Behavioural Pathways toward Critical Use of ChatGPT
PCU, as an initial cognitive response to the usefulness of ChatGPT, triggers affective responses and behaviour 
within the ABC model framework (see Liu et al., 2025a). The literature on human–AI interaction shows that 
when users assess an AI system as cognitively applicable, this assessment elicits affective responses such as EA 
or AIS that reinforce the user experience. These affective responses then increase ST, the tendency to use the 
system continuously (Babic-Hodovic et al., 2023; Kang et al., 2024).
Higher stickiness encourages reliance (Liu et al., 2025b), leading users to interact with the system more 
frequently and to recognise its strengths and weaknesses. This reliance ultimately gives rise to advanced 
evaluative capabilities, including verification, comparison, and critical oversight of AI outputs, known 
as Critical Use (Stojanov et al., 2024). Thus, the influence of PCU on CU does not occur directly, but 
through a chain of mechanisms mediated by affective responses (EA or AIS), behavioural responses (ST), 
and functional reliance (RC).

H9a: EA, ST, and RC sequentially mediate the effect of PCU on CU.
H9b: AIS, ST, and RC sequentially mediate the effect of PCU on CU.
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The Conceptual Framework Model based on the proposed hypothesis is presented in Figure 1.

Figure 1. Conceptual Framework and Hypotheses

METHOD
Research Design
This study utilised a cross-sectional quantitative survey design to test the theoretical model of ABC extension 
in the context of ChatGPT use in academic activities. The model was tested using Structural Equation 
modelling (SEM) to evaluate the measurement model and the structural relationships among constructs in 
a sample of coastal students at Halu Oleo University, Indonesia.

Participants
The research participants were active students in the Indonesian Language and Literature Department at 
Universitas Halu Oleo who had used ChatGPT for academic purposes. Data collection was conducted 
through an online questionnaire using Jotform.com, with voluntary participation and informed consent. The 
questionnaire link was distributed through the official department group, class groups, and the support of the 
lecturers teaching the course, so that the sampling strategy for this study was non-probability convenience 
sampling (based on access/convenience) with a voluntary recruitment mechanism. Respondents who had 
never used ChatGPT were excluded from the analysis. To maintain data quality, incomplete responses, 
duplicate responses, and responses exhibiting unusual patterns (e.g., uniform responses to all items) were 
also excluded from the analysis. The study was conducted in two stages, namely a pilot study (n = 72) for 
instrument refinement and a main study (n = 287) for model testing. The sample size in the pilot study 
(n = 72) was considered adequate for initial instrument testing, including reliability and initial validity 
evaluation before the main study. Meanwhile, the sample size in the main study (n = 287) also met the 
sample size recommendations for CFA/SEM analysis, so that the overall research design was considered to 
be in accordance with the recommended (Brown, 2015; Hertzog, 2008; Johanson & Brooks, 2010). The 
demographic profiles of the participants are presented in Table 1.



28

Table 1. Demographic Characteristics of Participants (Main Study)

Ethnic Group Gender n Age M (SD) Min Max Total n

Bajau Male 1 18.00 (–) 18 18 7

Female 6 20.17 (1.17) 19 22

Balinese Female 3 19.67 (1.16) 19 21 3

Buginese Male 3 19.33 (1.14) 18 20 27

Female 24 19.33 (1.37) 17 22

Buton Male 5 18.80 (0.84) 18 20 47

Female 42 19.02 (1.22) 17 21

Javanese Male 1 20.00 (–) 20 20 21

Female 20 19.05 (0.89) 18 21

Kulisusu Male 6 19.67 (1.51) 18 21 8

Female 2 19.00 (1.41) 18 20

Moronene Male 1 19.00 (–) 19 19 4

Female 3 19.33 (0.58) 19 20

Muna Male 30 18.93 (1.02) 17 21 140

Female 110 19.06 (1.06) 17 22

Tolaki Male 5 19.00 (1.00) 18 20 30

Female 25 19.20 (0.96) 18 21

Total Male 52 19.14 (1.11) 17 22 287

Female 235 19.04 (1.05) 17 21

Instruments
The instruments for this study were adapted from the ABC model by Liu et al. (2025a) and the Reliance 
on ChatGPT model by Stojanov et al. (2024). All items were translated into Indonesian using a forward–
backward translation procedure by an independent translator, followed by semantic equivalence evaluation 
by linguistics and education experts. The items were then adjusted to be more communicative and relevant 
to the context of coastal students’ use of ChatGPT, including the addition of several contextual items that 
were reviewed by experts and tested in a pilot study before use in the main data collection.

Data Analysis
Data analysis was performed using SmartPLS 4 (version 4.1.1.6) to evaluate the measurement model 
and structural model. First, measurement model validation was performed using the CB-SEM module 
in SmartPLS 4 via confirmatory factor analysis (CFA) to assess indicator quality (standardised loadings), 
construct reliability (Cronbach’s Alpha and CR), convergent validity (AVE), and discriminant validity 
(HTMT). The suitability of the measurement model was assessed using CB-SEM fit indices, including 
CFI, TLI, GFI, NFI, RMSEA, and SRMR. This stage was applied in a pilot study to refine the items and 
was reconfirmed in the main study to ensure consistency in the measurement structure. Second, after the 
measurement model met the criteria (loading, Cronbach’s alpha, CR, AVE, and HTMT), structural model 
testing was conducted using the PLS-SEM algorithm to estimate the path coefficients. The quality of the 
structural model is evaluated through collinearity (VIF) and effect size (f 2). Parameter significance is assessed 
using 5,000 bootstrap resamples with a 95% confidence interval to test direct and indirect (mediation) 
effects.
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FINDINGS
Pilot CFA Findings and Construct Re-specification
The CFA results from the pilot study indicate that the factor structure proposed by Liu et al. (2025a) does 
not correspond to the empirical data pattern in the coastal student sample. The findings in Table 2 show 
that most items did not achieve acceptable loadings, thereby affecting construct stability and hindering 
the fulfillment of convergent and discriminant validity. In addition, several constructs showed inadequate 
reliability, and evaluation of the model fit index confirmed that the initial structure did not accurately 
represent the expected latent relationships. Overall, this evidence confirms the need to restructure the 
construct before the instrument is used in the primary research stage.

Table 2. Instrument Measurement Issues Liu et al. (2025a) based on CFA Pilot Study

Aspect Measurement Implications

Standardized 
loading

Items with loading values < 0.70:

EA2 (0.327), PHL1–PHL4 (0.322–0.684), PIQ1 (0.491), 
PU3 (0.699), SA1 (0.500), SA2 (0.644), and ST1 (0.522).

Items are not feasible to retain and need 
to be eliminated. 

Convergent validity AVE < 0.50: 

EA (0.405), PHL (0.309), SA (0.446).

The construct does not adequately 
capture latent variance. 

Discriminant validity HTMT (>0.90):

EA–SA (0.932) and EA–ST (0.909).

The affective constructs overlap.

Construct reliability CR < 0.70: PHL (0.635) The construct is unstable and items 
need to be eliminated.

Model fit CFI (0.751), TLI (0.713), NFI (0.596), GFI (0.625), 
RMSEA (0.109), SRMR (0.101).

The original factor structure does not 
match the empirical data; the model 
needs to be revised. 

Improvements in parsimony and theoretical fit provided the basis for restructuring constructs, with attention 
to item loadings and conceptual cohesiveness across domains. Several items showed consistently high 
loadings, such as EA1 (0.725), PEoU3 (0.869), PIQ2 (0.868), PIQ4 (0.859), PIV2 (0.892), PU2 (0.875), 
and the ST2–ST6 item series (≥ 0.73), thus forming the basis for re-establishing a more stable construct 
structure. Based on this empirical consistency, the PU, PIV, and PEoU constructs were combined into a 
new construct, Perceived Cognitive Utility (PCU), as they all represent cognitive evaluations of benefits, 
information value, and ease of use.
In the affective domain, the empirical and theoretical proximity between PIQ and SA is supported by an 
HTMT PIQ–SA value of 0.831. Basically, the two PIQ items that remained, “Conversations with ChatGPT 
can be enjoyable” and “Conversations with ChatGPT can be fun”, represent hedonic-affective experiences 
rather than cognitive assessments (Turel et al., 2010; van der Heijden, 2004). Therefore, respondents 
may attribute these two items to the affective domain, thereby justifying their combination with the SA 
indicator. In line with these considerations and reinforced by HTMT evidence, the PIQ2, PIQ4, and SA3 
indicators were then combined into a new construct, Affective Interaction Satisfaction (AIS). The Emotional 
Attachment (EA) construct was retained, but only items EA1 and EA4 met the loading criteria. Meanwhile, 
the PHL construct was eliminated because no items met the feasibility threshold, and User Stickiness (ST) 
was retained as a stable construct after the removal of ST1.
The instrument developed by Stojanov et al. (2024) also showed limitations in the pilot study stage (see 
Table 3). Only CU2 (0.800), CU3 (0.762), and RC12 (0.719) had strong loadings, whereas most other 
items did not meet the acceptability threshold. Although the internal reliability of both constructs was 
adequate, the evaluation indicated that convergent validity was not met. Furthermore, the proposed two-
factor model did not provide adequate fit, so the instrument’s initial structure could not be maintained 
without item refinement.
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Table 3. Measurement Issues in Stojanov et al. (2024) based on CFA Pilot Study

Aspect Measurement Implications

Standardized loading Loading ≥ 0.70: 

CU2 (0.800), CU3 (0.762), RC12 (0.719). 

Loading < 0.70: 

CU1 (0.293), CU4–CU8 (0.410–0.635), 

RC (0.413–0.699).

Items with poor loadings should be 
eliminated or revised.

Convergent validity AVE (< 0.50):

CU (0.340), RC (0.367)

The construct does not adequately capture 
latent variance.

Discriminant validity HTMT: RC–CU (0.607) Discriminant validity is adequate.

Construct reliability CR > 0.70:

CU (0.793) 

RC (0.901)

Construct validity is adequate

Model fit CFI (0.612), TLI (0.573), NFI (0.480), GFI (0.620), 
RMSEA (0.132), SRMR (0.114).

The original factor structure is not suitable 
for the data; the model needs to be adjusted.

Measurement quality is enhanced by retaining items with the most substantial loadings. In the Critical Use of 
ChatGPT (CU) construct, CU2 (0.800) and CU3 (0.762) were selected. In the Reliance on ChatGPT (RC) 
construct, RC1 (0.699), RC6 (0.676), and RC12 (0.719) were retained, with RC6 revised to “ChatGPT 
helps me summarise difficult texts.” This restructuring resulted in a more stable set of items for each construct, 
which was then revalidated in the main study stage through CB-SEM-based CFA with a larger sample.

Measurement Model
The initial CFA results indicate the six-construct measurement model (PCU, AIS, EA, ST, RC, 
CU) does not yet fully meet psychometric validity criteria. Two PCU constructs, PCU4 (λ = 0.584) 
and PCU6 (λ = 0.429), fell below the 0.70 loading threshold, weakening PCU’s convergent and 
discriminant validity. After these items were removed, model quality improved significantly. All 
constructs met reliability and convergent validity. Discriminant validity also improved; all HTMT 
values were < 0.90, including PCU–ST (0.584), AIS–RC (0.707), and CU–RC (0.659). The EA–RC 
value (0.866) was relatively high but remained within acceptable limits (Sarstedt & Cheah, 2019).

Table 4. CFA Results for the Measurement Model

Item Loading α Retained Items Loading α CR AVE

PCU1 0.790 0.840 I acquire knowledge through ChatGPT. 0.824 0.873 0.874 0.636
PCU2 0.789 ChatGPT has improved my access to information. 0.799

PCU3 0.798 I acquire interesting information through ChatGPT. 0.807

PCU4 0.584 ChatGPT increases my productivity (PCU4 dropped) -

PCU5 0.775 ChatGPT helps me perform many things more 
conveniently. 

0.758

PCU6 0.429 ChatGPT is convenient to use (PCU6 dropped). -

AIS1 0.845 0.849 Conversations with ChatGPT can be enjoyable. 0.845 0.849 0.864 0.680

AIS2 0.909 Conversations with ChatGPT can be fun. 0.911

AIS3 0.707 I want to recommend ChatGPT. 0.705

EA1 0.803 0.810 ChatGPT makes me feel like family. 0.803 0.810 0.813 0.682
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EA4 0.848 ChatGPT is lovely. 0.848

ST2 0.703 0.888 I intend to spend more time on ChatGPT. 0.701 0.888 0.889 0.621

ST3 0.869 I will use ChatGPT more than any other web. 0.868

ST4 0.864 I use ChatGPT as often as I can. 0.865

ST5 0.776 I intend to continue using ChatGPT in the long term. 0.777

ST6 0.712 I plan to keep using ChatGPT as my primary tool in 
my learning activities.

0.712

RC1 0.813 0.826 ChatGPT helps me find answers to specific questions 
related to my studies.

0.813 0.826 0.827 0.614

RC6 0.748 ChatGPT helps me summarise difficult texts. 0.748

RC12 0.788 ChatGPT helps me generate ideas for creative projects. 0.788

CU2 0.900 0.804 I actively engage in fact-checking and evaluate the 
credibility of information provided by ChatGPT.

0.897 0.804 0.813 0.683

CU3 0.747 I actively seek out diverse perspectives and opinions to 
compare with the information generated by ChatGPT. 

0.749

Model fit also improved substantially. The RMSEA value decreased to 0.074 (CI90% = 0.064–0.083), 
and the SRMR dropped to 0.058. There were improvements in the incremental fit indices: CFI = 0.940, 
TLI = 0.925, and NFI = 0.905. The absolute fit indices were GFI = 0.888 and AGFI = 0.844, indicating 
an adequate category. Overall, these results show that removing PCU4 and PCU6 improved convergent 
validity, discriminant validity, and model fit.

Structural Model Results and Mediation Analysis
The results of the structural model in Table 5 show that Perceived Cognitive Utility (PCU) consistently 
influences users’ affective responses. PCU has a positive and highly significant effect on Emotional 
Attachment (EA) (β = 0.695, p < 0.001) and Affective Interaction Satisfaction (AIS) (β = 0.696, p < 0.001). 
Furthermore, both affective responses increase user stickiness (ST), with EA having a more substantial 
influence (β = 0.529, p < 0.001) than AIS (β = 0.204, p = 0.003). ST then became a significant predictor 
of Reliance on ChatGPT (RC) (β = 0.542, p < 0.001), indicating that user attachment is related to the 
strengthening of functional reliance in learning activities.

Table 5. Structural Model Results 

Hypothesis Path β t p f 2 VIF Result

H1 PCU → EA 0.695 17.313 0.000 0.932 1.000 Supported

H2 PCU → AIS 0.696 22.229 0.000 0.940 1.000 Supported

H3 EA → ST 0.529 8.831 0.000 0.317 1.624 Supported

H4 AIS → ST 0.204 2.931 0.003 0.047 1.624 Supported

H5 ST → RC 0.542 12.358 0.000 0.416 1.000 Supported

H6 ST → CU –0.085 1.212 0.226 0.007 1.416 Not Supported

H7 RC → CU 0.592 9.596 0.000 0.356 1.416 Supported

H8a PCU → EA → ST → RC 0.199 6.161 0.000 — — Supported 

H8b PCU → AIS → ST → RC 0.077 2.727 0.006 — — Supported 

H9a PCU → EA → ST → RC → CU 0.118 4.838 0.000 — — Supported 

H9b PCU → AIS → ST → RC → CU 0.046 2.649 0.008 — — Supported 

Note: β indicates standardized path coefficients, significance is assessed at p < 0.05 using bootstrapping. f 2 represents 
effect size, and VIF is used to check multicollinearity. 
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However, ST did not show a significant direct relationship with Critical Use of ChatGPT (CU)                          
(β = –0.085, p = 0.226), suggesting that attachment did not directly influence the tendency to evaluate 
ChatGPT output critically. Conversely, RC was the strongest predictor of CU, with a positive and 
significant effect (β = 0.592, p < 0.001), indicating that functional reliance on ChatGPT for academic 
activities is associated with increased evaluative behaviours, such as information verification, source 
comparison, and credibility assessment.
Mediation analysis revealed a consistent serial path pattern. The effect of PCU on RC was significantly 
mediated through the paths PCU → EA → ST → RC (β = 0.199, p < 0.001) and PCU → AIS → ST → 
RC (β = 0.077, p = 0.006). A similar pattern was found for CU. In the tested model, the indirect effect of 
PCU on CU was significant through PCU → EA → ST → RC → CU (β = 0.118, p < 0.001) and PCU 
→ AIS → ST → RC → CU (β = 0.046, p = 0.008). Furthermore, although the direct effect of ST on CU 
was not significant, the indirect path ST → RC → CU remained significant (β = 0.321, p < 0.001). Overall, 
these findings indicate that the influence of PCU on both RC and CU primarily operates through a series 
of affective mechanisms (EA, AIS), behavioural attachment (ST), and reliance on ChatGPT (RC), which 
together lay the groundwork for the emergence of critical use in an academic context.

DISCUSSIONS
This study first analyses Perceived Cognitive Utility (PCU) as an initial factor that shapes students’ affective 
responses to ChatGPT. In addition, this study explains how two affective responses, Affective Interaction 
Satisfaction (AIS) and Emotional Attachment (EA), shape User Stickiness (ST), an indicator of students’ 
behavioural attachment to ChatGPT. The next analytical focus is to validate the mediating position of AIS, 
EA, and ST in mediating the influence of PCU on the tendency to rely on ChatGPT (Reliance/RC) and 
the ability to use ChatGPT critically (Critical Use/CU). These relationships are shown in the Bootstrapped 
Path Coefficients in Figure 2.

Figure 2. Bootstrapped Path Coefficients (β) and p-values 

PCU items reflect concrete cognitive benefits, such as the ability to acquire new knowledge, better access to 
information, and ease in completing various academic tasks. Therefore, the positive and significant influence 
of PCU on EA (β = 0.695, p < 0.001) and AIS (β = 0.696, p < 0.001) is a reasonable finding. This mechanism 
aligns with the findings of Zielke et al. (2023), which show that cognitive perceptions give rise to emotions 
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that influence behaviour, and with those of Zhang et al. (2025a), who found that cognitive factors shape 
emotional and functional attachment, which encourages continued use. Thus, PCU can influence both AIS 
and EA as affective responses that arise in parallel rather than sequentially.
This finding is also consistent with the cognitive appraisal perspective, which holds that emotional responses 
arise after individuals evaluate the value or benefits of a stimulus. When ChatGPT is perceived as having 
high pedagogical value, affective responses such as comfort, satisfaction, and emotional closeness are more 
likely to develop (Yeo & Ong, 2024). In the context of pedagogy, perceptions of ChatGPT’s usefulness are 
associated with higher levels of satisfaction and a tendency to continue using it (Ngo et al., 2024). Thus, 
cognitive appraisal of ChatGPT’s benefits underlies the formation of affective responses.
These affective responses shape User Stickiness (ST), particularly through the EA-to-ST path (β = 0.529, p < 0.001). 
EA items, such as “ChatGPT makes me feel like family” and “ChatGPT is lovely,” indicate intense emotional closeness, 
which in turn encourages continuous use intentions. The influence of AIS on ST is also significant, albeit weaker (β = 
0.204, p = 0.003) than that of EA-ST, indicating that satisfaction and positive experiences in interaction also maintain 
consistency of use. These findings align with research showing that affective experiences have direct implications 
for digital technology usage commitment, where emotional connections can increase engagement (Jia et al., 2025; 
Kremer, 2022), ultimately strengthening loyalty and sustainable usage behaviour (Liu & Wang, 2023; Wang et al., 
2016).
Various other studies also show that emotional attachment significantly influences the intention to continue 
using digital technology, including the use of smart personal assistants and mobile applications, making it a 
key factor for long-term use (Kwon, 2015; Mamun et al., 2022; Tran et al., 2020). 
A preference for emotional attachment is also evident in the interview data from Durgungoz and Kharrufa 
(2025). Students interpret communication with ChatGPT not merely as an exchange of information but as 
an interaction that fosters a sense of understanding and friendship. One participant described conversations 
with ChatGPT as similar to communicating with a real human being, perceiving it as a study buddy, teacher, 
and peer. 
According to Al Lily et al. (2023), ChatGPT’s ability to mimic human conversation enables it to take on 
social roles, leading it to be perceived as a ‘semi-human’ entity. These human-like characteristics often evoke 
trust, empathy, and a sense of social presence (Greilich et al., 2025). Meanwhile, the emotional support 
and anthropomorphic qualities of chatbots further reinforce the perception of ChatGPT as a supportive 
friend (Kim & Wang, 2025), fostering personal closeness (Nikghalb & Cheng, 2025). Overall, ChatGPT’s 
appeal and social attributes facilitate the formation of parasocial relationships and emotional support, which 
ultimately connect user perceptions with dependency levels and intentions for continued use (Zhang et al., 
2025b).
These studies reinforce the interpretation that affective responses serve as a powerful psychological mechanism 
that leads to sustained usage attachment, thereby supporting quantitative findings on the dominant influence 
of EA and AIS in shaping user stickiness.
However, the relationship between User Stickiness (ST) and Critical Use of ChatGPT (CU) is negative 
and insignificant (β = –0.085, p = 0.226). This finding indicates that the habit of using ChatGPT does 
not automatically develop into evaluative practices. The ST construct in this study reflects long-term usage 
preferences and repetitive tendencies, such as “I intend to continue using ChatGPT” and “I use ChatGPT as 
often as I can”, thus representing the intensity and routine of usage rather than reflective engagement.
Thus, User Stickiness towards ChatGPT is not always accompanied by critical evaluation of the output, such 
as checking the credibility of sources, testing the truth and accuracy of information, or comparing answers 
with other references. These results are in line with the findings of (Wang & Lu, 2025), who emphasise 
that the ability to evaluate AI outputs critically is determined more by technical skills and literacy, such as 
data comprehension, algorithmic literacy, programming skills, and operational competence, than by mere 
frequency or intensity of use.
Several studies reinforce this finding, such as Archila et al. (2024), which found that active users tend not 
to evaluate information critically unless they receive explicit instruction on evaluation in an educational 
context. Furthermore, a separate study notes that users may continue to rely on ChatGPT even though they 
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are aware of its potential inaccuracy, indicating a gap between usage and evaluative engagement (Ayo-Ajibola 
et al., 2023). Overall, this evidence confirms that user stickiness is not synonymous with critical evaluation 
skills, underscoring the need for literacy development and pedagogical interventions to foster these skills.
Conversely, Reliance on ChatGPT (RC) had a positive effect on Critical Use of ChatGPT (CU) (β = 0.592, 
p < 0.001). In this study, RC relied on ChatGPT for specific academic tasks, such as answering study 
questions, summarising difficult texts, and generating ideas for creative projects. Thus, the positive and 
significant RC → CU path indicates that functional reliance can go hand in hand with increased evaluative 
discernment in using ChatGPT outputs. This finding aligns with Stojanov et al. (2024) and Chen et al. 
(2024), who reported that students with high reliance showed stronger critical engagement than those who 
only occasionally utilised ChatGPT.
Among Indonesian coastal students, limited access to quality learning resources often positions ChatGPT as 
the primary reference. The resulting reliance is functional because ChatGPT is used to understand lecture 
material, summarise difficult readings, and generate academic ideas. When ChatGPT outputs are used 
directly for assignments with academic consequences, the demands for accuracy and accountability become 
higher. This condition can encourage students to be more cautious through critical use practices, such as 
verifying information, comparing it with other sources, and assessing the accuracy of answers (Acosta-
Enriquez et al., 2024b). Thus, functional reliance does not necessarily imply a decline in critical evaluation; 
on the contrary, reliance can go hand in hand with increased critical engagement, in line with the positive 
and significant RC–CU relationship.
Furthermore, the mediation findings in H8a and H8b indicate that the influence of Perceived Cognitive 
Utility (PCU) on Reliance on ChatGPT (RC) is primarily formed through affective and behavioural 
attributes. The indirect effect of PCU on RC is significant through the EA → ST (β = 0.199; p < 0.001) and 
AIS → ST (β = 0.077; p = 0.006) paths, with the EA path stronger than the AIS path.
This pattern indicates that, among coastal students, reliance on ChatGPT is driven more by emotional 
closeness, as reflected in EA items such as “ChatGPT makes me feel like family” and “ChatGPT is lovely,” 
which, in turn, reinforce the tendency toward repeated use (stickiness). Conversely, enjoyable interaction 
experiences (fun/enjoyable), satisfaction with use, or the urge to recommend ChatGPT appear to play a role, 
but with less strength in shaping reliance on ChatGPT. These findings are consistent with Liu et al. (2025a), 
who showed that the path from Perceived Usefulness (PU) to ST via EA is stronger than the path from PU 
to ST via User Satisfaction (SA).
In various digital service contexts, emotional attachment is a key predictor of stickiness and continued use, 
as it builds a deeper, more stable psychological bond with the platform (Hsieh et al., 2019; Yue et al., 2023). 
Conversely, although user satisfaction contributes to loyalty, its predictive power tends to be weaker than 
that of the affective dimension, which reflects emotional attachment (Yu & Dean, 2017).
Support for H9a and H9b further clarifies that the contribution of PCU to Critical Use of ChatGPT 
(CU) is most consistently explained by a series of mediators, including RC as a proximal mechanism. 
The indirect effect of PCU on CU is significant through EA → ST → RC (β = 0.118; p < 0.001) and 
AIS → ST → RC (β = 0.046; p = 0.008). This result indicates that user stickiness (ST) is not directly 
associated with CU, so ST does not necessarily imply critical evaluation. Instead, users’ critical evaluation 
of ChatGPT’s output is more related to functional reliance, namely when ChatGPT is used for academic 
purposes. Under these conditions, it can encourage evaluative practices such as verification, comparison, 
and assessment of the credibility of information generated by ChatGPT (Archila et al., 2024; Stojanov et 
al., 2024; Chen et al., 2024).

THEORETICAL IMPLICATIONS
This study provides a theoretical contribution that goes beyond the emphasis on loyalty and continued use 
of ChatGPT commonly discussed in ABC-based studies. The technology adoption literature emphasises 
the need to expand attention from initial adoption and intention to use towards sustained usage behaviour 
(Bonsu & Baffour-Koduah, 2023; Sallam et al., 2023; Hsu & Lin, 2023). In the context of ChatGPT, Liu 
et al. (2025a) affirm this shift in agenda and propose a socio-technical ABC framework that integrates TAM 
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and attachment theory (Liu & Ma, 2023). Building on this foundation, this study extends the theoretical 
scope to higher education by modelling two additional substantive outcomes of generative AI-based learning: 
functional reliance and critical use. Thus, the contribution of this study does not stop at the question of ‘why 
users persist,’ but elaborates on how perceived cognitive utility transforms into functional dependence in 
academic activities and its relationship with users’ evaluative practices.
Furthermore, this study emphasises that the ABC mechanism in ChatGPT usage cannot be separated from 
the socio-geographical context. For coastal students with limited access to learning resources, ChatGPT 
is often seen as a valuable academic support tool. This context makes reliance more appropriately read as 
task-oriented functional dependence, so that ChatGPT outputs used in tasks with academic consequences 
encourage the need to verify and compare information. This contextual emphasis explains that the 
motivation to adopt and use artificial intelligence (AI) tools may differ from that for previous technologies. 
This difference justifies the conclusion of Grassini et al. (2024), who recommend exploring other variables 
that may influence the acceptance and use of AI technology.
This study proposes that reliance and critical use should be key constructs in developing a generative AI 
theory of use. Reliance refers to the intensity of instrumental engagement that shapes learning practices. 
Critical use is the evaluative competence that determines whether AI use leads to reflective learning or 
passive consumption. These findings suggest that User Stickiness (ST) does not directly predict critical use 
of ChatGPT (CU). Instead, it works mainly through increased Reliance on ChatGPT (RC) as a proximal 
mediator (ST→RC→CU). In limited learning environments, the relationship between dependence and 
critical evaluation is not a paradox. It is a logical result of using ChatGPT as an academic tool, requiring 
academic accountability (Archila et al., 2024; Stojanov et al., 2024; Chen et al., 2024).

LIMITATIONS AND FUTURE DIRECTIONS
This study has several limitations that offer opportunities to strengthen the evidence in future research. 
Firstly, all measurements are still based on self-reports, making them susceptible to perception bias. Further 
studies should supplement surveys with other reports (e.g., assessments by lecturers or peers), task-based 
observations, and experimental designs that manipulate the conditions of ChatGPT use to assess critical use 
as observable behaviour rather than mere perception.
Secondly, this study looks at the positive consequences of reliance (RC → CU). However, dependence on 
generative AI can also be maladaptive, such as when used for plagiarism, cheating, or as a replacement for 
thought processes (Reiter et al., 2025; Song, 2024). Future studies must create a more balanced definition 
of reliance. Researchers should examine when functional reliance aligns with critical evaluation and when it 
shifts to problematic dependence that can harm academic integrity.
Third, this model does not include negative factors that affect adoption and use, such as discomfort (Baek 
& Kim, 2023) and perceived risk (Acosta-Enriquez et al., 2024b). These inhibiting factors can act as 
predictors, mediators, or moderators. They may change the strength of the affect–behaviour relationship 
towards reliance, or affect how reliance relates to critical use, especially when students view AI outputs as 
risky, biased, or ethically important.
Lastly, during the validation of the measurement model (CFA), the instruments were refined to ensure the 
indicators used were most appropriate and stable in the context of students’ use of ChatGPT. This process 
included reviewing items and adjusting the construct structure based on the required reliability and validity 
criteria. As a result, several constructs in the final model were represented by fewer items. Although this 
configuration supports measurement parsimony and consistency, further research is recommended to (a) 
develop and retest a more diverse set of items and (b) conduct cross-validation across different samples and 
settings.

CONCLUSION AND SUGGESTIONS 
This study concludes that the use of ChatGPT among coastal students follows a cognitive–affective–
behavioural mechanism: perception of cognitive utility elicits an affective response, reinforces user stickiness, 
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and subsequently develops into functional reliance, leading to critical use. In a learning ecosystem with 
limited resources, the reliance that forms do not merely reflect the intensity of use but rather a functional 
dependence to meet academic needs, making ChatGPT a relevant learning support strategy for coastal 
students.
This study positions reliance and critical use as key constructs in developing a theory of generative AI use. 
Reliance represents learning practices, while critical use represents evaluative competence. In a learning 
environment with limited resources, the link between reliance and critical evaluation is not paradoxical but 
rather a conceptual consequence that serves as an academic tool that demands accountability (Archila et al., 
2024; Stojanov et al., 2024; Chen et al., 2024).
Practical suggestion: strengthening critical use in ChatGPT should not rely solely on user literacy. ChatGPT 
also needs to be supported through improved output accuracy and the provision of explicit evaluation 
features, such as citations that can be traced to primary sources, indicators of the level of certainty in each 
answer, and facilities for verifying and comparing information with other references, so that users can assess 
the credibility and accuracy of the output before using it for academic purposes. From an educational 
perspective, institutions need to prepare students’ critical use competencies through habitual verification in 
assignments: students are asked to double-check ChatGPT’s answers against other reliable sources, explain 
why the output is used/rejected, and note which parts were revised after checking. Task assessments should 
also place special emphasis on the quality of the verification and reasoning, not just on the final result, so that 
students do not simply rely on technology but become accustomed to using AI responsibly.
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APPENDIX
Instrument (in English and Indonesian Language) after Measurement Model Assessment

Retained Items

Perceived Cognitive Utility (PCU)
PCU1 I acquire knowledge through ChatGPT.

Saya memperoleh pengetahuan melalui ChatGPT.
PCU2 ChatGPT has improved my access to information.

ChatGPT telah meningkatkan akses saya terhadap informasi.
PCU3 I acquire interesting information through ChatGPT. 

Saya memperoleh informasi yang menarik melalui ChatGPT.
PCU4 ChatGPT increases my productivity (PCU4 dropped)

ChatGPT meningkatkan produktivitas saya (PCU4 dieliminasi)
PCU5 ChatGPT helps me perform many things more conveniently.

ChatGPT membantu saya menyelesaikan berbagai tugas dengan lebih mudah.
PCU6 ChatGPT is convenient to use (PCU6 dropped).

ChatGPT mudah digunakan (PCU6 dieliminasi).
Affective Interaction Satisfaction (AIS)

AIS1 Conversations with ChatGPT can be enjoyable.
Berinteraksi dengan ChatGPT bisa menjadi pengalaman yang menyenangkan.

AIS2 Conversations with ChatGPT can be fun.
Berinteraksi dengan ChatGPT bisa menjadi pengalaman yang seru.

AIS3 I want to recommend ChatGPT.
Saya ingin merekomendasikan ChatGPT.
Emotional Attachment (EA)

EA1 ChatGPT makes me feel like family.
ChatGPT terasa bagaikan keluarga.

EA4 ChatGPT is lovely.
ChatGPT terasa menyenangkan.
User Stickiness (ST)

ST2 I intend to spend more time on ChatGPT.
Saya berniat meluangkan lebih banyak waktu untuk menggunakan ChatGPT.

ST3 I will use ChatGPT more than any other web.
Saya akan menggunakan ChatGPT lebih sering daripada situs web lainnya.

ST4 I use ChatGPT as often as I can.
Saya menggunakan ChatGPT sesering mungkin.

ST5 I intend to continue using ChatGPT in the long term.
Saya berniat untuk terus menggunakan ChatGPT dalam jangka panjang.

ST6 I plan to keep using ChatGPT as my primary tool in my learning activities.
Saya berencana untuk tetap menggunakan ChatGPT sebagai perangkat utama dalam aktivitas pembelajaran saya.
Reliance on ChatGPT (RC)

RC1 ChatGPT helps me find answers to specific questions related to my studies.
ChatGPT membantu saya menemukan jawaban atas pertanyaan spesifik yang berkaitan dengan studi saya.

RC6 ChatGPT helps me summarise difficult texts.
ChatGPT membantu saya merangkum teks yang sulit.

RC12 ChatGPT helps me generate ideas for creative projects.
ChatGPT membantu saya menghasilkan berbagai ide untuk proyek-proyek kreatif.
Critical Use of ChatGPT (CU)

CU2 I actively engage in fact-checking and evaluate the credibility of information provided by ChatGPT.
Saya secara aktif melakukan verifikasi fakta dan mengevaluasi kredibilitas informasi yang disediakan oleh 
ChatGPT.

CU3 I actively seek out diverse perspectives and opinions to compare with the information generated by ChatGPT.
Saya secara aktif mencari berbagai perspektif dan opini untuk membandingkannya dengan informasi yang 
dihasilkan oleh ChatGPT.


