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Abstract 
The integration of generative artificial intelligence (AI) into secondary education is creating new opportunities 
for advanced, adaptive, and student-centered learning, while its educational value depends partly on students' 
acceptance and actual use of the technology. Therefore, this study examines the acceptance and use of Claude 
AI in high school economics learning through the UTAUT model, with particular attention to its implications 
for AI-supported learning innovation and the design of more responsive learning environments. A quantitative 
survey was carried out among 139 high school students from SMAN 18 Surabaya, and the proposed research 
model was evaluated by applying PLS-SEM. The measurement model proved the construct validity and reli-
ability in all constructs. The structural model showed that both Performance Expectancy and Social Influence 
affected Behavioral Intention, whereas Effort Expectancy did not show any statistically significant effect on 
it. Facilitating Conditions and Behavioral Intention had a significant impact on Use Behavior. The model 
accounted for 59.3% of the variance of Behavioral Intention and 41.4% of the variance of Use Behavior. 
Moreover, no moderating effect of age, gender, and experience with Claude AI was observed on the examined 
relationships in the model. The findings indicate that students' acceptance of Claude AI is primarily associated 
with perceived learning benefits and social influence, whereas actual use is associated with behavioral inten-
tion and facilitating conditions. These findings highlight the importance of integrating generative AI through 
pedagogically meaningful, student-centered, and context-sensitive learning strategies rather than treating it 
solely as a technological tool. 

Keywords: generative artificial intelligence, advanced le-
arning, adaptive learning, learning innovation, 
instructional design, technology acceptance, 
meaningful learning. 
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1. Introduction 
The transformation that has shaped the 

present-day world, driven largely by rapid 
technological progress, has positioned the ca-
pacity to comprehend and apply artificial in-
telligence (AI) as an increasingly vital strate-
gic skill. AI is now capable of performing var-
ious tasks previously only capable of humans, 

such as analyzing data and supporting deci-
sion-making processes with high speed and 
accuracy (Venkatesh et al., 2003). This devel-
opment has made AI a strategic element in 
various areas of life, including the education 
sector (Shete et al., 2024). 

One rapidly developing form of artificial 
intelligence is the chatbot, a computer system 

Indonesian Journal on Learning and Advanced Education 

http://journals.ums.ac.id/index.php/ijolae 



 
 

 
Indonesian Journal on Learning and Advanced Education (IJOLAE)| p-ISSN 2655-920x, e-ISSN 2656-2804 

Vol. 8 (3) (2026) 815-839 

816 
 

Claude AI Adoption in High School Learning: An Extended UTAUT Model of Students’ Behavioral 
Intention and Use Behavior 

created to enable user interaction via textual 
or verbal communication (Asha et al., 2023). 
One of the many chatbots in use is Claude AI, 
a chatbot capable of providing quick 
responses accompanied by relevant input and 
available for free or paid access to users 
(Martins, 2024). Its rapid development, 
particularly in educational contexts, has led to 
increased use of Claude AI with students to 
enrich the learning experience, deepen 
understanding of material, help solve 
academic problems, and support more 
effective and efficient task completion (Abrar 
et al., 2025). 

In high school economics, conceptual 
mastery represents an essential component of 
advanced learning because students are ex-
pected not only to recall economic concepts 
but also to interpret complex relationships, 
evaluate alternative perspectives, and apply 
knowledge to authentic economic situations. 
Learning economics therefore requires 
higher-order cognitive processes, particularly 
comprehension, critical analysis, problem sol-
ving, and evidence-based reasoning in topics 
such as supply and demand, market structure, 
financial institutions, and fiscal and monetary 
policy (Fortuna et al., 2025). However, lear-
ning practices that remain predominantly lec-
ture-based may limit students' active partici-
pation, inquiry, and opportunities to construct 
knowledge through meaningful interaction. A 
progressive learning environment requires a 
shift from predominantly teacher-centered 
knowledge transmission toward more stu-
dent-centered, interactive, and technology-su-
pported learning experiences in which stu-
dents actively explore, question, interpret, and 
apply economic concepts (Bhat et al., 2024). 
The integration of Claude AI as a virtual tutor 
introduces an adaptive learning approach by 
enabling students to obtain explanations, exa-
mples, feedback, and learning support accor-
ding to their individual levels of 

understanding and learning needs. Its poten-
tial use as a digital simulation medium can 
further facilitate interactive exploration of 
economic concepts, allowing students to en-
gage with learning content through more fle-
xible and individualized learning pathways 
(Wu et al., 2025). 

 Despite the growing adoption of 
generative AI within educational contexts, 
how effectively it is implemented largely 
hinges on the extent to which users accept it. 
Without understanding the factors that 
influence this acceptance, AI integration in 
learning environments risks yielding benefits 
that fall short of their full potential (Tapalova 
& Zhiyenbayeva, 2022). Therefore, identi-
fying the determinants of students' acceptance 
of generative AI is important not only for un-
derstanding technology adoption but also for 
informing instructional design decisions. Evi-
dence regarding students' perceived learning 
benefits, social influence, behavioral inten-
tion, and facilitating conditions can provide a 
basis for designing AI-supported learning ac-
tivities, teacher guidance, learning resources, 
and classroom interactions that are aligned 
with students' learning needs and the charac-
teristics of the instructional context (Ke et al., 
2025). To explore the utilization patterns of 
Claude AI in academic activities, researchers 
used the Unified Theory of Acceptance and 
Use of Technology (UTAUT) model, a 
technology acceptance model that has been 
extensively used and validated to describe the 
determinant factors that shape individual 
interest and actions in accepting a technology. 
Venkatesh proposed this theory by integrating 
eight existing technology acceptance models, 
where the most superior and relevant 
constructs from each model were then 
combined into one comprehensive and 
integrated theory (Venkatesh et al., 2003). 
The eight theoretical frameworks include 
“Theory of Reasoned Action (TRA), 
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Technology Acceptance Model (TAM), 
Motivational Model (MM), Theory of 
Planned Behavior (TPB), A Model 
Combining the Technology Acceptance 
Model and Theory of Planned Behavior (C-
TAM-TPB), The Model of The PC Utilization 
(MPCU), The Innovation Diffusion Theory 
(IDT) and Social Cognitive Theory (SCT)” 
(Hair et al., 2019). The combination of these 
eight models was intended to address the 
limitations of each of the previous models and 
accommodate the similarities in constructs 
between them. The UTAUT model explains 
that behavioral intention (behavioral 
intention) and usage behavior (usage 
behavior) are influenced by four external 
variables: performance expectancy, effort 
expectancy, social influence, and facilitating 
conditions. In addition to these primary 
variables, the UTAUT model also considers 
moderating variables, including age, gender, 
and user experience. These variables 
influence how strong the association is 
between the independent and dependent 
variables in the model. The presence of 
moderating variables refines and improves the 
UTAUT model by illustrating how 
differences in demographic factors and a 
person's level of experience can shape and 
influence their behavioral patterns in adopting 
a technology (Aideed et al., 2025). Numerous 
previous studies grounded in empirical data 
have found that UTAUT is effective in 
triggering user responses to the 
implementation of technology in educational 
contexts (Acosta-Enriquez et al., 2024). 

Even though a considerable number of 
studies have proven the predictive power of 
the UTAUT model in explaining technology 
acceptance across various educational 
contexts, empirical evidence regarding its 

application to generative AI at the secondary 
school level remains limited. Most previous 
studies have focused on college students 
(Aideed et al., 2025), or on STEM-based 
subjects (Azzam & Tendai, 2025), therefore, 
the existing body of findings does not entirely 
reflect the specific characteristics of high 
school students. In fact, students at this level 
have varying levels of cognitive maturity, 
technological experience, and learning 
contexts. Furthermore, the application of AI-
based generative tools, like Claude AI in the 
context of Economics learning, which 
combines quantitative analysis, social 
reasoning, and interpretation of policies and 
market dynamics, is still rarely studied. This 
situation indicates the need for further 
research on how high school students accept 
and leverage AI technology within their 
learning experience (Sabol et al., 2023). The-
refore, this research aims to analyze the deter-
minants that influence students' acceptance 
and use of Claude AI using the Unified The-
ory of Acceptance and Use of Technology 
(UTAUT) framework, while providing empi-
rical insights into how generative AI can be 
incorporated into learning strategies that sup-
port students' understanding, engagement, 
and continued participation in economics le-
arning (Isnaini & Muslimin, 2024). This study 
extends the application of the UTAUT model, 
previously more widely used in higher 
education and STEM fields, in the realm of 
Economics learning in high school. 

This study develops a UTAUT-based 
research framework to explain the 
relationships between variables in the 
acceptance and use of Claude AI in 
economics learning. The research framework 
is presented in Figure 1. 
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Figure 1. Research Framework 

Grounded in the conceptual framework 
and the relationships between variables 

outlined above, the hypotheses proposed in 
this study are presented as follows.

 
Table 1. Research Hypothesis 

Hipotesis 

H1 : Performance Expectancy demonstrates a significant and positive relationship with Behavioral Inten-
tion 

H2 : Effort Expectancy demonstrates a significant and positive relationship with Behavioral Intention 
H3 : Social Influence demonstrates a significant and positive relationship with Behavioral Intention  

H4 : There is a positive and significant relationship between Facilitating Conditions and Behavioral Inten-
tions 

H5 : There is a positive and significant relationship between Behavioral Intention and Use Behavior 

H6 : The effect of Performance Expectations on Behavioral Intentions is positively and significantly mode-
rated by age. 

H7 : The effect of Effort Expectancy on Behavioral Intention is positively and significantly moderated by 
age. 

H8 : The effect of Social Influence on Behavioral Intention is positively and significantly moderated by 
age 

H9 : The effect of Facilitating Conditions on Use Behavior is positively and significantly moderated by age 

H10 : Gender moderates the relationship between Performance Expectancy and Behavioral Intention positi-
vely and significantly. 

H11 : Gender moderates the relationship between Effort Expectancy and Behavioral Intention positively and 
significantly. 

H12 : Gender positively and significantly moderates the relationship between Social Influence and Behavi-
oral Intention. 

H13 : Experience significantly and positively strengthens how Effort Expectancy influence Behavioral In-
tention. 

H14 : Experience significantly and positively strengthens how Social Influence influence Behavioral Inten-
tion.  

H15 : Experience significantly and positively strengthens how Facilitating Conditions influence Use Beha-
vior. 
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2. Method 
This study was conducted using a 

quantitative, cross-sectional survey-based 
approach, collecting data through 
questionnaires distributed to participants 
during a single data collection period. A five-
point Likert scale, ranging from 1 (strongly 
disagree) to 5 (strongly agree), was used as 

the research instrument, which was adapted 
from the Unified Theory of Acceptance and 
Use of Technology (UTAUT) construct 
developed by (Alkhwaldi, 2024), with 
indicators tailored to fit the context of Claude 
AI use in Economics learning. The indicators 
corresponding to each research variable are 
presented in Table 2. 

 
Table 2. Variable indicators 

Variable Indicator Question 

Performance Expectancy 
(PE) 

a. Improved Understanding PE1: Claude can help me understand economics 
lessons more easily. 

b. Learning Efficiency PE2: Claude can help me complete economics as-
signments more quickly and easily. 

c. Quality of Learning Out-
comes 

PE3: Claude can help me obtain more accurate 
information about economics learning resources 
and materials. 

d. Improved Grades PE4: Claude helps me get better grades in econo-
mics. 

Effort Expectancy (EE) 

a. Ease of Use 

EE1: I find Claude easy to use in learning 
economics. 
EE2: Using Claude is not difficult and doesn't re-
quire much effort to understand. 

b. Ease of Access EE3: Learning to use Claude is easy and doesn't 
take a long time. 

c. Ease of Learning EE4: Claude's interface and features are easy to 
understand and comfortable to use. 

Social Influence (SI) 

a. Peer Support 
SI1: I use Claude in my economics lessons 
because I want to follow what my friends are 
doing. 

b. Teacher Support SI2: I use Claude in my economics lessons 
because my teacher suggested it. 

c. Educational Institution 
Support 

SI3: I feel compelled to use ChatGPT because 
many people around me use it. 

Facilitating Conditions 
(FC) 

a. Resource Availability FC1: I have adequate equipment to use Claude 
(e.g., laptop/smartphone). 

b. Technical Support FC2: I have stable internet access to use Claude. 
c. Compatibility with 

Technology 
FC3: I can readily obtain assistance whenever I 
encounter difficulties using Claude. 

Behavioral Intention (BI) 

a. Desire to Use BI1: I possess a strong intention to utilize Claude 
for my economics studies.. 

b. Sustainable Willingness BI2: I will continue to use Claude regularly to 
help me learn economics. 

c. Future Use Plans BI3: I plan to use Claude more often in my eco-
nomics studies. 

Use Behavior (UB) Intensity of Use 

UB1: I use Claude at least a few times a week to 
help me learn economics. 
UB2: I use Claude to complete various assign-
ments and various economics learning activities. 
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The population was 139 students of 
SMAN 18 Surabaya in the 2025/2026 acade-
mic year who had used Claude AI in their eco-
nomics learning process. The research loca-
tion was selected based on the consideration 
that students at the school (Rathika et al., 
2024). already had experience using Claude 
AI as a learning medium, thus aligning with 
the research objectives. Sampling was condu-
cted using the total sampling method, mea-
ning the entire population was designated as 
the sample for this research (Alkhwaldi, 
2024). 

Data collection was conducted by distri-
buting questionnaires directly in class and on-
line through WhatsApp. Prior to filling out the 
questionnaire, participants received an expla-
nation of the research objectives, confidentia-
lity of identity, a informed that their involve-
ment was of one's own free will. Furthermore, 
Data were processed and analyzed with the 
PLS-SEM (Partial Least Squares-Structural 
Equation Modeling) technique, supported by 
SmartPLS version 4 software. This study 
adopted PLS-SEM because of its capability to 
efficiently analyze causal relationships 
between latent constructs in complex research 
models and still provide strong analytical re-
sults despite using a sample sizes that are li-
mited in scope, along with data that deviate 
from a normal distribution (Hair & Alamer, 
2022). These characteristics make PLS-SEM 
suitable for testing the UTAUT model used in 
this study. 

Two stages were involved in conducting 
the analysis: first, evaluating the measure-
ment model (outer model), and second, evalu-
ating the structural model (inner model). Va-
lidity and reliability of the constructs were as-
sessed during the measurement model 
evaluation, using the outer loading value, 
Average Variance Extracted (AVE), Cron-
bach's alpha (CA), and Composite Reliability 
(CR) as the criteria. Meanwhile, path 

coefficient testing through the bootstrapping 
procedure was used in the structural model 
evaluation to examine the relationships 
between constructs, while the R-Square (R²) 
value served to assess the model's ability to 
explain and predict endogenous variables. 
Aside from that, the t-statistic derived from 
the analysis results was compared against the 
t-table value, which served as the reference 
point for hypothesis testing (Hair et al., 2021). 

 
3. Result and Discussion 

The results and discussion sections in-
clude empirical evidence about students' ac-
ceptance and usage of Claude AI within the 
UTAUT framework. The research is mainly 
centered on measurement quality of research 
variables, direct relations among the UTAUT 
variables and moderating roles of demogra-
phic and usage-related characteristics. In or-
der to give a comprehensive interpretation of 
the findings, the results will be presented in 
three main sections: (1) measurement model 
and predictive capability of Claude AI accep-
tance, (2) determinants of behavioral inten-
tion and use of Claude AI and (3) moderating 
roles of age, gender and experience. 

 
a. Measurement Model and Predictive 

Capability of Claude AI Acceptance 
Measurement model was first assessed to 

ensure the validity and reliability of 
constructs used to study students' acceptance 
of Claude AI prior to structural model 
assessment. This step is especially critical for 
the current research as it uses the UTAUT 
framework to study relationships between 
latent constructs: Performance Expectancy 
(PE), Effort Expectancy (EE), Social 
Influence (SI), Facilitating Conditions (FC), 
Behavioral Intention (BI) and Use Behavior 
(UB). Analysis was conducted using Partial 
Least Squares Structural Equation Modeling 
(PLS-SEM) with the help of SmartPLS 4.0 
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software. The assessment took into account 
outer loadings, Average Variance Extracted 
(AVE), Cronbach's Alpha (CA) and 
Composite Reliability (CR) according to the 
criteria proposed in the research methodology 
(Azzam & Tendai, 2025). 

The description of the characteristics of 
respondents can give an insight into the 
interpretation of the measurement findings. 
The study included 139 students of SMAN 18 
Surabaya who had experience in using Claude 

AI in their economics learning process. It can 
be seen from the demographics that the 
sample included more female students than 
male ones (Sharma & Singh, 2024). At the 
same time, most respondents were aged 16-17 
years. As for experience in usage, the sample 
was evenly split between students who used 
Claude five times or less and more often. 

 
 

 
Table 3. Participants Criteria 

Criteria Description Number of Participants Percentage (%) 

Gender 
Male 60 43,17% 
Female 79 56,83% 

Age 
≤ 15 years 8 5,76% 
16 years 71 51,08% 
≥ 17 years 60 43,16% 

Usage Experience 
≤ 5 times 79 56,83% 
≥ 5 times 60 43,17% 

Total   139 100% 
 

The distribution given in Table 3 is 
necessary for the interpretation of the 
measurement model since the participants 
were not completely homogenous in 
demographic characteristics and usage 
experience. Female students accounted for 
56.83% (n=79) and male students made up 
43.17% (n=60) of all the participants. 
Concerning the age, 51.08% (n=71) of 
participants were 16 years old and 43.16% 
(n=60) were aged 17 years or older, while just 
5.76% (n=8) were 15 years old or younger. 
So, 94.24% of respondents were aged 16-17-
or-older. As for usage experience distribution, 
56.83% (n=79) had used Claude five times or 
fewer, while 43.17% (n=60) used it five times 
or more. All these characteristics provide 
enough variability for analyzing students' 
perception of Claude AI, while concentrated 
age distribution will have to be taken into 

account when interpreting the moderating 
analysis in the next section. 

In the next step, the outer model was 
assessed using indicator-level and construct-
level criteria. As shown in the output of 
SmartPLS algorithm, indicators linked to the 
six constructs had outer loading values 
exceeding 0.70. It means that every 
measurement item contributes to its 
respective latent construct appropriately and 
has a strong link to this construct (Strzelecki, 
2024). It is very important in PLS-SEM to 
have good outer loading, since otherwise the 
measurement model may have low 
explanatory power. In this case, consistently 
high loading values show that initially 
questionnaire items were appropriate for 
reflecting students' perception and behavior 
concerning Claude AI. 
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Figure 2. SmartPLS 4.0 Algorithm Results 
 

As depicted in Figure 2, the developed 
measurement model in SmartPLS 4.0 shows 
the relationship between the latent variables 
and the corresponding indicators. In the 
presented model, it is clear that the indicators 
were measured properly on PE, EE, SI, FC, 
BI, and UB. The outcome confirms the 
internal consistency structure of the UTAUT-
based measurement model and is a point of 
departure for the evaluation of construct 
validity and reliability (Dewanda et al., 2025). 
Notably, there are no problematic indicators 
that have to be removed, which makes it 
possible to conduct further analysis without 
narrowing the scope of each construct. 

Afterwards, the construct validity was 
assessed with Average Variance Extracted 
(AVE). As shown in Table 4, AVE of all six 
constructs surpassed the recommended 
threshold of 0.50. The AVE values were 
varied from 0.562 for Performance 
Expectancy to 0.803 for Use Behavior. This 
suggests that each construct accounts for 
more than half of the total variance explained 
in its respective indicators (Akavova et al., 
2023). Use Behavior had the largest AVE 
value (0.803) and, thus, can be considered as 
the most consistent construct in terms of 
shared variance among its indicators. At the 
same time, Performance Expectancy, despite 
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being the one with the smallest AVE among 
all the constructs, also reached the required 
threshold. 

 
 

 
Table 4. Reliability and Validity Constructs 

Variabel Cronbach's Alpha Composite Reliability AVE 
Performance Expectancy 0.740 0.837 0.562 

Effort Expectancy 0.751 0.842 0.572 
Social Influence 0.731 0.799 0.570 

Facilitating Conditions 0.714 0.794 0.564 
Behavioral Intention 0.705 0.836 0.632 

Use Behavior 0.757 0.891 0.803 

The findings of the reliability test make 
the appropriateness of the measurement 
model even more convincing. For Cronbach’s 
Alpha values ranged between 0.705 and 
0.757, whereas Composite Reliability values 
ranged from 0.794 to 0.891. All values were 
above the threshold of 0.70 stated in the study. 
Therefore, one can conclude that the 
indicators of all constructs exhibit sufficient 
internal consistency. The importance of the 
results is that the constructs reflect different 
aspects of technology acceptance including 
perceived usefulness (PE), perceived ease 
(EE), social influence (SI), feasibility (FC), 
behavioral intention (BI), and usage behavior 

(UB) (Kurniawan et al., 2025). Hence, the 
consistency of the measurements may ensure 
the reliability of the observations for 
structural analysis. 

Having established the adequacy of the 
measurement model, the predictive potential 
of the structural model was evaluated based 
on the coefficient of determination (R²). As 
regards the interpretation of the obtained R² 
values, it has to be mentioned that they were 
analyzed in accordance with common PLS-
SEM criteria where R² about 0.25, 0.50, and 
0.75 indicate low, medium, and high 
explanatory power, respectively (Cabero-
Almenara et al., 2024). 

 
Table 5. R-Square Value 

Variabel Main Predictors R-Square (R2) Adjusted R-Square Explanatory Level 

Behavioral Intention PE, EE, SI 0,593 0,495 Moderate 

Use Behavior BI, FC 0,414 0,361 Weak-to-moderate 

As shown in Table 5, the R² for 
Behavioral Intention (BI) was 0.593, meaning 
that the variables of Performance Expectancy, 
Effort Expectancy, and Social Influence 
together explain about 59.3% of the variation 
in the students’ intention to use Claude AI. 
The adjusted R² of 0.495 is a more 
conservative statistic accounting for the 
number of predictors involved. The difference 
between R² and adjusted R² is that part of the 
explanatory power lies in the model 

specification and the number of predictors 
used, yet the model remains explanatory 
(Venkatesh et al., 2012). 

The R² value of Use Behavior (UB) was 
0.414, while the adjusted R² was 0.361. It 
implies that the two predictor variables of 
Behavioral Intention and Facilitating 
Conditions jointly explain only 41.4% of the 
variation in students’ actual usage of Claude 
AI, leaving 58.6% of variance due to other 
factors. Despite its low level relative to R² 
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obtained for Behavioral Intention, it proves 
the fact that the set of UTAUT variables in the 
present model has substantial explanatory 
power regarding actual usage of Claude AI 
(Grassini et al., 2024). The difference 
between BI and UB reveals the fact that 
behavioral intention and use behavior are 
related but not necessarily determined by the 
same variables. 

This result is significant from the point of 
theory. The model exhibits higher 
explanatory power with respect to students’ 
intention to use Claude AI (R² = 0.593) than 
the explanatory power in relation to their 

actual use behavior (R² = 0.414). From a 
theoretical perspective, this is very significant 
as behavioral intention implies the 
willingness or intentions of the respondents to 
use the technology (Harmadi et al., 2025). 
Meanwhile, the actual usage may depend on 
other contextual factors, including the 
presence of necessary devices, internet 
connection, technical support and opportunity 
to use Claude AI within the process of 
studying. 

It would be appropriate to visualize the 
respondent characteristics that served the 
basis of the analysis in the following way. 

 

 
Figure 3. Distribution of Participants by Gender, Age, and Claude AI Usage Experience 

 
Figure 3 illustrates the demographic 

breakdown of the 139 survey participants in 
terms of gender, age, and experience using 
Claude AI. From Figure 3, it is clear that there 
is a high level of clustering in the respondents 
aged 16-17 or older and an even distribution 
with regards to Claude AI usage experience. 
This type of distribution is helpful in putting 
into context future analysis because the 
structural relationships found in the model 
have to be considered and analyzed within the 
context of the population of this sample and 
not generalized automatically to include all 
high school students (Zhao et al., 2025). 

All in all, the results show that the 
measurement model satisfies all criteria for 
validity and reliability, while the structural 

model exhibits modest explanatory power 
when it comes to Behavioral Intention, and 
lower, although still substantial explanatory 
power in explaining Use Behavior. AVE, 
Cronbach’s Alpha, and Composite Reliability 
results show that all six constructs used in the 
UTAUT framework are measured reliably, 
while the R² results show that the proposed 
predictors explain a large portion of variance 
related to the acceptance and use of Claude AI 
by the students (Baskara et al., 2023). 
Therefore, these results serve as a good 
empirical foundation for moving forward with 
analysis and testing the influence of 
Performance Expectancy, Effort Expectancy, 
Social Influence, Facilitating Conditions, and 
Behavioral Intention on the use of Claude AI. 
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b. Determinants of Behavioral Intention 

and Actual Use of Claude AI 
After the assessment of the measurement 

model and the predictive power of the struc-
tural model, the subsequent analysis was on 
the direct relationships between the UTAUT 
variables. The structural model was analyzed 
based on the path coefficient and the signifi-
cance values generated through PLS-SEM 
analysis. In order to be considered statistically 

significant, the t-value had to be above 1.96 
and the p-value had to be below 0.05 (Yilmaz 
et al., 2024). In this case, the focus was on five 
direct relationships: Performance Expectancy 
(PE) to Behavioral Intention (BI), Effort Ex-
pectancy (EE) to BI, Social Influence (SI) to 
BI, Facilitating Conditions (FC) to Use Be-
havior (UB), and BI to UB. 

 
 

Table 6. Hypothesis Test Results 
Hypothesis Variable Original sample (β) P values Description 

H1 PE -> BI 0.695 0.001 Supported 
H2 EE -> BI -0.148 0.380 Unsupported 
H3 SI -> BI 0.557 0.000 Supported 
H4 FC -> UB 0.249 0.028 Supported 
H5 BI -> UB 0.489 0.000 Supported 
H6 AGE x PE -> BI 0.221 0.275 Unsupported 
H7 AGE x EE -> BI -0.299 0.158 Unsupported 
H8 AGE x SI -> BI -0.041 0.764 Unsupported 
H9 AGE x FC -> UB -0.140 0.203 Unsupported 
H10 GEN x PE -> BI -0.267 0.116 Unsupported 
H11 GEN x EE -> BI 0.065 0.731 Unsupported 
H12 GEN x SI -> BI -0.099 0.415 Unsupported 
H13 EXP x EE -> BI 0.003 0.976 Unsupported 
H14 EXP x SI -> BI 0.004 0.977 Unsupported 
H15 EXP x FC -> UB 0.021 0.867 Unsupported 

However, when considering direct effects 
only, Performance Expectancy, Social 
Influence, Facilitating Conditions, and 
Behavioral Intention have shown statistical 
significance, but not Effort Expectancy. 
Among the statistically significant effects, 
Performance Expectancy was found to be the 
one having the highest impact on Behavioral 
Intention (β = 0.695, p = 0.001), while the 
second place is occupied by Social Influence 
(β = 0.557, p < 0.001). In addition, Behavioral 
Intention had a statistically significant 
positive effect on Use Behavior (β = 0.489, p 
< 0.001), while Facilitating Conditions had a 
statistically significant smaller effect on Use 

Behavior (β = 0.249, p = 0.028). Thus, the ac-
ceptance and use of Claude AI appear to be 
closely associated with students' perceived le-
arning benefits, social environment, and faci-
litating conditions (Mustafa et al., 2024). 
From an advanced learning perspective, this 
finding suggests that students' willingness to 
engage with generative AI is connected to 
whether the technology is perceived as sup-
porting meaningful learning activities, inclu-
ding understanding complex concepts, com-
pleting learning tasks, accessing learning re-
sources, and developing ideas (Mollick et al., 
2024). 
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To illustrate statistically significant direct 
effects only, the following table shows path 

coefficients and p-values for the variables in 
question. 
 

Table 7. Direct Effects of UTAUT Constructs on Behavioral Intention and Use Behavior 
Hypothesis Structural Relationship Path Coefficient (β) p-value Interpretation 

H1 PE → BI 0.695 0.001 Significant positive 
H2 EE → BI -0.148 0.380 Not significant 
H3 SI → BI 0.557 <0.001 Significant positive 
H4 FC → UB 0.249 0.028 Significant positive 
H5 BI → UB 0.489 <0.001 Significant positive 

 
Table 7 shows that Performance 

Expectancy exhibits the most substantial 
direct correlation with Behavioral Intention, 
having β = 0.695 and p = 0.001. Such a 
coefficient represents a fairly substantial 
positive connection, which implies that 
students that find Claude AI useful in relation 
to their economic learning express strong 
behavioral intentions to use the technology 
(Usman et al., 2025). The findings support the 
original hypothesis and help prove the 
statement that performance aspects play an 
important role in technology acceptance. At 
the same time, there is a substantial positive 
connection between Social Influence and 
Behavioral Intention (β = 0.557). In addition, 
there are positive connections between 

Facilitating Conditions and Use Behavior 
(FCUB) and between Behavioral Intention 
and Use Behavior (BISB), however, they are 
relatively weaker than others. Finally, Effort 
Expectancy does not have a significant direct 
relationship (Du & Lv, 2024). 

Firstly, the relationship between 
Performance Expectancy (PE) and Behavioral 
Intention (BI) is considered. The results show 
a path coefficient of β = 0.695 with p = 0.001, 
which is positive and statistically significant. 
Thus, it can be concluded that students' 
opinions about the usefulness and benefits of 
Claude AI are closely connected with 
behavioral intentions to use the technology in 
relation to economics learning. 

 

 
Figure 4. Direct Path Coefficients of the UTAUT Model 

 



 
 
 

 
Indonesian Journal on Learning and Advanced Education (IJOLAE)| p-ISSN 2655-920x, e-ISSN 2656-2804 
Vol. 8 (3) (2026) 815-839 

827 
 

Claude AI Adoption in High School Learning: An Extended UTAUT Model of Students’ Behavioral  
Intention and Use Behavior 

Figure 4 is supposed to provide 
visualization for the magnitude and direction 
of all five relationships analyzed in the 
structural part of the model. Such 
visualization underlines the fact that the 
coefficient for the relationship of PE → BI is 
the largest among direct effects, followed by 
SI → BI and BI → UB. Moreover, FC → UB 
demonstrates a smaller positive coefficient, 
while EE → BI has a negative one. Visual 
representation of the coefficients allows 
comparing the contributions of all 
hypothesized relationships to the model. 

The positive impact of PE on BI is in line 
with the results found by Grassini et al. (2024) 
as they revealed a significant relationship 
between performance expectancy and 
behavioral intention in regard to the use of AI 
chatbots. The reasoning behind this 
phenomenon is that the use of such AI-based 
chatbots can lead to perceiving productivity 
and learning benefits, which might motivate 
people to implement them in practice (Sharma 
& Singh, 2024). In the current study, such a 
connection is especially relevant due to the 
use of Claude AI as a learning support tool in 
economics classes. Students' perception of 
Claude AI as a source of explanations, assis-
tance with assignments, and idea 

development indicates its potential role in su-
pporting more flexible and individualized le-
arning processes. Rather than providing a sin-
gle standardized learning pathway, generative 
AI may allow students to request explana-
tions, examples, or elaborations according to 
their immediate learning needs (Matthes et 
al., 2026). This characteristic is particularly 
relevant to adaptive learning, although the 
present study measures students' acceptance 
and use of Claude AI rather than directly eva-
luating adaptive learning outcomes. 
Nevertheless, the result contradicts to the one 
reported by Kim et al. (2024) as they showed 
that Performance Expectancy does not have 
any effect on Behavioral Intention. In order to 
explain the discrepancies, one should take 
into account the differing contexts: the former 
study examined the work environment, while 
the latter considers the environment of high 
school students utilizing generative AI for 
educational purposes. 

The second significant relationship is 
seen between Social Influence (SI) and 
Behavioral Intention (BI). The coefficient β = 
0.557, p < 0.001 shows that social influence 
has a positive and statistically significant 
relationship with students' intention to use 
Claude AI. 

 

 
Figure 5. Statistical Significance of Direct Effects 
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Figure 5 presents the p-values of the five 
direct relationships and allows comparing 
them against the 0.05 significance threshold 
visually. Specifically, PE → BI, SI → BI, FC 
→ UB, and BI → UB prove to be below the 
statistical significance threshold, while EE → 
BI stays above it. Therefore, the visualization 
helps to confirm the information provided in 
Table 7 about statistically supported 
relationships and a non-significant 
relationship without solely focusing on 
numbers. 

The significance of Social Influence in 
this case fits with the findings reported by 
Kim et al. (2024) and corresponds to the idea 
that the social environment of students can 
contribute to technology acceptance. Within 
the adolescence period and within the school-
based learning process, peers' practices and 
teachers' advice may constitute social signals 
regarding which technologies are useful or 
acceptable for learning purposes. 
Nonetheless, the result contradicts the 
findings of Foroughi et al. (2025) and 
Paraskevi et al. (2023), which proved that 
Social Influence has no significant effect on 
Behavioral Intention. The reason may lie in 
the differences in contexts of technology use. 
Studies used as references in the original 
manuscript consider the tourism, hospitality, 
and customer service settings, while the 
present study focuses on generative AI use in 
the educational setting. Hence, the role of 
social influence may vary depending on the 
specific features of the population and the 
environment of technology adoption. 

Conversely to PE and SI, Effort 
Expectancy (EE) had no significant influence 
on Behavioral Intention (BI). The relationship 
provided a coefficient of β = -0.148 and p = 
0.380, which exceeds the 0.05 significance 
threshold. Moreover, the negative sign of the 
coefficient means that the observed direction 
of the relationship is contrary to the positive 

relationship assumed in the UTAUT model. 
Consequently, the perceived ease of using 
Claude AI proves to be statistically 
insignificant to the intention of the students to 
use the technology. 

This finding suggests that the willingness 
of the students to use Claude AI may be 
independent of how they perceive the 
system's ease of operation. One of the 
possible interpretations within the context of 
this research is that those students who 
already have some experience of using 
different technologies can see the ease of use 
as a basic feature of the system rather than a 
determining factor of behavioral intention 
(Matthes et al., 2026). Yet, it should be 
interpreted only in the context of the current 
study because the present analysis does not 
assess students' overall digital literacy. The 
finding is consistent with the cross-country 
study conducted by Pavan Kumar et al. 
(2023), which proved that Effort Expectancy 
had no significant association with Behavioral 
Intention toward generative AI use in Austria, 
Denmark, France, and Serbia. Nevertheless, 
the result contradicts the original model 
developed by Hsieh & Chiu (2020) and 
formulated Effort Expectancy as one of the 
determinants of Behavioral Intention. It 
seems to prove that the relevance of ease of 
use depends on the context of generative AI 
adoption. 

Furthermore, the analysis shows that 
Facilitating Conditions (FC) significantly 
influenced Use Behavior (UB) with β = 0.249 
and p = 0.028. Although the coefficient is 
lower than those of PE → BI and SI → BI, the 
statistical significance means that facilitating 
conditions are linked to the actual use of 
Claude AI by the students. Within this study, 
FCs include having the appropriate devices, 
having access to the internet, and getting help 
in case of any difficulties during the use of 
Claude AI (Nikolic et al., 2024). 
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Consequently, facilitating conditions are not 
merely technical requirements but also impor-
tant considerations for instructional design. 
Access to appropriate devices, stable internet 
connectivity, and available technical assis-
tance can determine whether AI-supported le-
arning activities can be implemented consis-
tently within classroom and independent lear-
ning contexts. 

This finding is consistent with Cao & 
Peng (2024) but contradicts Wahdah et al 
(2025), who showed that Facilitating 
Conditions had no significant influence on 
Use Behavior among employees using 
generative AI in a corporate setting. The 
reason may be connected to the specific 
features of the respective populations and 
environments. High school students may have 
higher variability in terms of access to the 
devices, internet connectivity, and technical 
support than adult employees in the 
organizational environment (Promma et al., 
2025). As a consequence, facilitating 
conditions are observed to have a noticeable 
relationship with actual technology use in the 
context of schools. 

Finally, Behavioral Intention (BI) shows 
the positive and statistically significant 
relationship with Use Behavior (UB) with β = 
0.489 and p < 0.001. Such result means that 
the intention of students to use Claude AI is 
associated with their actual use of the 
technology for the economics learning 
purposes. It gives support to the behavioral 
sequence proposed in technology-acceptance 
models and assumes that an intention to use 
the technology of the person is connected to 
his/her actual usage behavior (El Azhari et al., 
2022). Also, the finding is significant since it 
proves that students' acceptance of the 
technology is not limited to an intention but is 
connected to observable patterns of 

technology use within the Use Behavior 
construct. 

The significant BI → UB relationship is 
consistent with the findings provided by 
McIntyre et al. (2025) and Weis et al. (2026), 
which also emphasizes the role of behavioral 
intention in the explanation of technology 
adoption and use. In the context of this study, 
students who express stronger intention to use 
Claude AI are likely to report their usage of 
the technology (Farooq & Mishra, 2024). At 
the same time, the value of R² described in the 
previous section shows that Behavioral 
Intention and Facilitating Conditions account 
for 41.4% of the variance in Use Behavior, 
meaning that other factors also influence the 
actual use of the technology (Kusumaningtyas 
et al., 2024). Therefore, intention is an 
important component of usage behavior but 
cannot entirely determine it. 

Overall, the direct-effect findings indi-
cate that students' acceptance of Claude AI is 
more strongly associated with perceived lear-
ning benefits and social influence than with 
perceived ease of use. From a progressive le-
arning perspective, this finding emphasizes 
that the educational value of generative AI is 
not determined solely by technological conve-
nience but by how effectively it can be inte-
grated into meaningful learning activities, tea-
cher student interaction, collaborative enga-
gement, and contextual problem solving 
(Martins, 2024). At the same time, the actual 
use of the technology is affected by 
behavioral intention and facilitating 
conditions. Such a pattern shows a difference 
between the factors that influence students' 
willingness to use Claude AI and factors 
connected to their actual use of the technology 
(Sumandya et al., 2026). Thus, the findings 
provide a basis for the next analysis of 
whether these relationships change depending 
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on students' age, gender, and experience of 
using Claude AI. 

 
c. The Moderating Roles of Age, Gender, 

and Experience 
Once the relationship between the 

UTAUT constructs was examined, the study 
proceeded to test whether there were any 
variations in the relationship among the 
constructs based on certain characteristics of 
the students. There were three characteristics 

considered as the moderating variables, which 
included age, gender, and experience in using 
Claude AI (Teng et al., 2022). This 
moderation analysis was done to test whether 
there were any variations in terms of the 
magnitude and direction of the relationship 
between the key UTAUT constructs based on 
age, gender, and experience. The moderation 
was found to be significant if the p-value for 
each of the interaction effects was less than 
0.05. 

 
Table 8. Summary of Hypothesis Testing Results for the Structural and Moderating Relationships 
Hypothesis Relationship β p-value Result 

H1 PE → BI 0.695 0.001 Supported 
H2 EE → BI -0.148 0.380 Not supported 
H3 SI → BI 0.557 <0.001 Supported 
H4 FC → UB 0.249 0.028 Supported 
H5 BI → UB 0.489 <0.001 Supported 
H6–H15 Moderating relationships - >0.05 Not supported 

 
Table 8 provides the general picture of 

the pattern of hypothesis testing and lays 
down the foundation for interpretation of the 
moderation analysis. Although there were 
some direct significant relationships, all 
hypothesis about moderation from H6 to H15 
have been rejected. This is especially crucial, 
since the presence of significant relationships 
does not necessarily prove that those relations 
depend on demographic variables and/or 
previous technology use experience of the 
respondents (Sparkman & Witt, 2025). In this 
particular research, the influence of the major 

constructs of the theory seems to be rather 
uniform across the researched groups. 

The first moderating variable considered 
was age. There have been four interactions 
analyzed: age × PE → BI, age × EE → BI, age 
× SI → BI, and age × FC → UB. The analysis 
has revealed the following coefficients: β = 
0.221 (p = 0.275) for age × PE → BI, β = -
0.299 (p = 0.158) for age × EE → BI, β = -
0.041 (p = 0.764) for age × SI → BI, and β = 
-0.140 (p = 0.203) for age × FC → UB. All p-
values being greater than 0.05, none of those 
interactions have statistical significance. 
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Figure 6. Moderation Path Coefficients of Age, Gender, and Experience 

 
The Figure 6 will represent the estimated 

coefficients of the interaction effects for the 
ten moderation relationships. It is meant to 
prove the insignificance and relatively low 
values of the interaction coefficients in all 
examined cases (Makwana et al., 2023). Some 
of them are positive, whereas others are 
negative. However, the sign of the coefficient 
is not enough to state a moderation effect. 
Thus, the visualization of the results together 
with their statistical significance proves that 
the interaction coefficients differ in value and 
sign without proving that age, gender, or 
experience modifies the relationships 
between UTAUT constructs (Obenza et al., 
2024). 

The absence of the age moderation effect 
proves that the relationships between the 
perceptions of Claude AI and students' 
behavioral intentions were statistically similar 
for different age groups. It is especially 

important because the sample used in the 
research included mostly adolescents 
(Tanmay et al., 2020). As described in the 
participant characteristics, the majority of 
participants were either 16 or 17 and older 
than 17. In such a way, the age distribution is 
relatively limited. Still, on the basis of the 
results obtained, one cannot claim that age is 
a significant moderator of the relationships 
under examination (Shehata et al., 2021). 

The second moderator is gender. There 
are three interaction effects: gender × PE → 
BI, gender × EE → BI, and gender × SI → BI. 
The coefficients obtained are β = -0.267 (p = 
0.116), β = 0.065 (p = 0.731), and β = -0.099 
(p = 0.415). All p-values exceed the 0.05 
level. Thus, gender does not statistically 
change the relationships between 
Performance Expectancy, Effort Expectancy, 
and Social Influence and Behavioral 
Intention. 

 
Table 9. Moderating Effects of Age, Gender, and Experience on UTAUT Relationships 

Moderator Moderated Relationship β p-value Moderation Result 
Age PE × Age → BI 0.221 0.275 Not significant 
Age EE × Age → BI -0.299 0.158 Not significant 
Age SI × Age → BI -0.041 0.764 Not significant 
Age FC × Age → UB -0.140 0.203 Not significant 
Gender PE × Gender → BI -0.267 0.116 Not significant 
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Moderator Moderated Relationship β p-value Moderation Result 
Gender EE × Gender → BI 0.065 0.731 Not significant 
Gender SI × Gender → BI -0.099 0.415 Not significant 
Experience EE × Experience → BI 0.003 0.976 Not significant 
Experience SI × Experience → BI 0.004 0.977 Not significant 
Experience FC × Experience → UB 0.021 0.867 Not significant 

 
Table 9 contains the results of the 

moderation analysis and demonstrates a 
consistent statistical pattern for all three 
moderators. All the p-values related to the ten 
interaction terms exceed the critical value of 
0.05. The coefficients of age, gender, and 
experience interaction terms include both 
negative and positive values, but the 
variations are not statistically sufficient to 
draw a conclusion about systematic 
differences in relationships between the 
UTAUT constructs depending on age, gender, 
or level of Claude AI usage experience 
(Nguyen et al., 2024). 

Hence, gender does not seem to play a 
significant role in the differentiation of the 
effects of major UTAUT constructs on 
students' Behavioral Intention. According to 
the original data, the p-values for all three 
gender interaction terms were 0.116, 0.731, 
and 0.415, which are above the 0.05 
threshold. It means that it is impossible to say 
whether the positive relationship between 
Performance Expectancy and Behavioral 

Intention or relationships between Effort 
Expectancy and Social Influence and 
Behavioral Intention can be called statistically 
stronger or weaker for different genders in the 
considered sample (Hair et al., 2024). 
Notably, such results do not mean that male 
and female students had the same experience 
using Claude AI, but only that the effect of 
gender on the relationships in question was 
not statistically significant. 

Finally, the last moderator was 
experience with Claude AI. Three interaction 
effects were investigated: experience × EE → 
BI, experience × SI → BI, and experience × 
FC → UB. In the first case, β = 0.003 (p = 
0.976), in the second – β = 0.004 (p = 0.977), 
in the third – β = 0.021 (p = 0.867). Such 
results are especially consistent since all three 
coefficients are close to zero and their p-
values exceed the 0.05 threshold significantly. 
Thus, the experience of students with Claude 
AI did not have an impact on the relationships 
between the UTAUT constructs. 

 

 
Figure 7. P-values of the Moderating Effects of Age, Gender, and Experience 
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Figure 7 will show p-values for all ten 
relationships of moderation in one graph, 
along with the 0.05 significance criterion line. 
The plot is expected to demonstrate that all 
pathways of moderation are located above the 
criterion of significance. This will serve as a 
confirmation of the most essential finding in 
this section – no matter how variable the 
interaction terms are in terms of direction and 
statistical significance, none of them presents 
any statistical evidence of the presence of a 
moderating effect (Bharathyuvaraj & 
Masilamani, 2024). This plot will help 
compare the power of statistical evidence 
regarding age, gender, and experience. 

The lack of significance of the interaction 
term with respect to experience is 
theoretically interesting since one could 
expect that the students' experience of using 
technology can have an impact on how they 
perceive such components as Ease of Use, 
Social Influence, and Facilitating Conditions 
(Jen & Salam, 2025). Still, the empirical 
evidence does not confirm this hypothesis in 
this case. The p-values of 0.976, 0.977, and 
0.867 indicate that the interaction effects are 
way above the criterion of significance. This 
means that the relationship with respect to 
Effort Expectancy, Social Influence, and 
Facilitating Conditions remained relatively 
stable in the case of Claude AI use regardless 
of the amount of experience. 

Thus, this part of the analysis confirms 
the difference between direct and conditional 
effects in the discussed UTAUT model. The 
Performance Expectancy and Social 
Influence had a significant impact on the 
students' Behavioral Intention, while 
Facilitating Conditions and Behavioral 
Intention significantly influenced Use 
Behavior (Hair et al., 2014). In addition, there 
was no impact of the investigated moderators 
on these relationships. This means that the 

most essential determinants in the suggested 
model function consistently without any 
statistically significant differences between 
different demographic groups or Claude AI 
experience levels (Kim et al., 2024). This 
result is crucial when interpreting the Claude 
AI acceptance in the discussed case, as it 
proves that the essential structural 
relationships are consistent within the sample, 
rather than depending on the particular age, 
gender, and experience group of the students. 

In general, the results of the study suggest 
that the focus should be on the essential 
determinants that were found during the 
direct-effect analysis, which include students' 
perception of Claude AI's benefits, the impact 
of the social environment, the presence of 
facilitating conditions, and Behavioral 
Intention (Dewanda et al., 2025). At the same 
time, since the sample is limited only to one 
high school and the age distribution is rather 
narrow, these findings should be taken into 
account. Additional research with students 
from different schools and with varying AI 
use experience would be beneficial in order to 
determine whether these conclusions hold 
under different circumstances. 

 
4. Conclusion 

The purpose of the current study was to 
investigate the acceptance and use of Claude 
AI in the field of economics by 139 high 
school students of SMAN 18 Surabaya 
through the Unified Theory of Accep-tance 
and Use of Technology (UTAUT). The results 
indicate that the factors of Performance Ex-
pectancy and Social Influence have a signifi-
cant impact on students’ Behavioral Intention, 
and the factor of Facilitating Condi-tions has 
a significant impact on Use Beha-vior. Mo-
reover, Behavioral Intention signifi-cantly 
and positively affects Use Behavior, which 
means that the willingness of students to use 
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the AI is related to the application of Claude 
AI in the process of learning. However, Effort 
Expectancy does not significantly influence 
Behavioral Intention, which means that the 
ease of use is not an important element in 
terms of acceptance of Claude AI. The struc-
tural model has explained 59.3% of the vari-
ance in Behavioral Intention and 41.4% of the 
varian-ce in Use Behavior and thus has shown 
a sig-nificant explanatory power. Age, gen-
der, and experience have no significant im-
pact on moderating the relations between the 
main constructs in the study, which indicates 
that the found relationships regarding technol-
ogy acceptance are statistically similar regar-
ding the above characteristics. Thus, in the 
con-text of the current study, the use of 
Claude AI in education depends on the lear-
ning ben-efits from it, social environment, 
availability of the appropriate conditions and 
behavior of students rather than ease of use or 
demographic and experience differences.  

These findings provide an empirical basis 
for understanding generative AI as a learning 
innovation whose educational value depends 
not only on students' willingness to adopt the 
technology but also on how it is pedagogically 
integrated into the learning environment. The 
findings further suggest that AI-supported le-
arning innovation should be designed around 
meaningful learning benefits, student needs, 
teacher facilitation, and adequate technologi-
cal conditions so that generative AI can func-
tion as a complementary resource for advan-
ced, adaptive, and student-centered learning. 
Nevertheless, since the study has been perfor-
med based on students from one high school 
and with the concen-trated age group, the re-
sults should be consid-ered within this fra-
mework. It is necessary to perform future re-
search including various schools, wider group 
of students and additional explanatory varia-
bles to study the conditions of the varying ac-
ceptance and use of generative AI. 
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