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Abstract

The rapid rise of artificial intelligence (Al), exemplified by ChatGPT, has transformed
education. However, few studies have examined the factors influencing its adoption in higher education,
especially among Mathematics student teachers. This study investigates factors that influence the
behavioural intentions of Mathematics student teachers regarding using ChatGPT. Guided by the
Unified Theory of Acceptance and Use of Technology (UTAUT) model, data were collected through a
questionnaire of 24 items across six factors on a 5-point Likert scale. Using multiple linear regression
analysis with RStudio, the findings reveal that Intrinsic Motivation, Performance Expectancy, Social
Influence, and Perceived Trust positively affect behavioural intentions to adopt ChatGPT. The study
emphasizes implications for developers and educators to enhance Al integration in education, thereby
supporting personalized and engaging learning experiences.

Keywords: artificial intelligence, behavioural intention, ChatGPT, Mathematics student teacher

Résumé

L’essor rapide de I’intelligence artificielle (IA), illustré par ChatGPT, a transformé I’éducation.
Cependant, peu d’études ont examing les facteurs influengant son adoption dans I’enseignement
supérieur, en particulier parmi les stagiaires en mathématiques. Cette étude examine les facteurs qui
influencent les intentions comportementales des stagiaires en mathématiques concernant 1’utilisation de
ChatGPT. Guidés par le modele de la théorie unifiée de 1’acceptation et de 1’utilisation des technologies
(UTAUT), les données ont été collectées au moyen d’un questionnaire de 24 éléments portant sur six
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facteurs sur une échelle de Likert 4 5 points. A 1’aide d’une analyse de régression linéaire multiple avec
RStudio, les résultats révelent que la motivation intrinséque, les attentes en matiere de performance,
I’influence sociale et la confiance percue affectent positivement les intentions comportementales
d’adopter ChatGPT. L’étude met I’accent sur les implications pour les personnes développeuses et
enseignantes d’améliorer 1’intégration de I’IA dans I’éducation, soutenant ainsi des expériences
d’apprentissage personnalisées et engageantes.

Mot-clés: ChatGPT, intelligence artificielle, intentions comportementales, stagiaires en mathématiques

Introduction

Artificial intelligence (Al) has emerged as a social phenomenon appearing in many fields. One
prominent Al tool today is ChatGPT, developed by OpenAl. With the release of version 4.0, which is
more complete compared to previous versions, and equipped with a vast source of information and data
from the Internet, along with the ability to learn and converse in a way that mimics human interaction,
ChatGPT has garnered significant attention for its advanced features, pushing the boundaries of what
chatbots can achieve (Jo, 2023). Additionally, its accessibility from any device and OpenAl’s free use
policy via personal email registration have enhanced its popularity.

Regardless of accuracy and source information, ChatGPT is a versatile tool for students’
educational purposes. It provides text replies, offers translations, and helps with writing tasks. It also
facilitates calculations, assists in solving mathematical problems, and supports understanding of
complex mathematical concepts for those studying Mathematics.

Since its public release in 2022, ChatGPT has generated significant interest across various
sectors, notably research in understanding ChatGPT adoption. Research on behavioural intentions
concerning ChatGPT and the factors impacting it continues to grow (Bernabei et al., 2023; Duong et al.,
2023; Lai et al., 2023; Ma & Huo, 2023; Menon & Shilpa, 2023; Strzelecki, 2023).

Studies underscore the need for education to adapt and equip individuals with the skills and
knowledge necessary to thrive via the integration of rapidly evolving technology into education (Firat &
Koksal, 2019; Kale, 2018; Keengwe & Bhargava, 2013; Voogt et al., 2012). However, as Montenegro-
Rueda et al. (2023) pointed out, scientific research on using ChatGPT in education is still scarce, likely
due to its recent emergence. Nevertheless, the limited existing research highlights a growing interest and
signals an emerging trend of broader adoption of ChatGPT. For example, Kabudi (2022), Lo (2023), and
Sullivan et al. (2023) indicate that an increasing number of teachers and students are adopting ChatGPT,
drawn to its potential to enhance learning experiences. Similarly, Talan and Kalinkara (2023) report its
broad integration into higher education, emphasizing its appeal. Even so, as Montenegro-Rueda et al.
(2023) stress, not enough studies have been conducted to address the specific use of ChatGPT in higher
education. Given that educational technology, including ChatGPT, is an evolving field, its
implementation in higher education remains relatively new and underexplored compared with other
educational levels.
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Albion et al. (2010) argue that teacher quality is crucial for student success, with Teo and
Milutinovic (2015) emphasizing teachers’ key role in effectively integrating technology into education.
Szymkowiak et al. (2021) further highlight that students often emulate teachers who use modern
technologies in their teaching. These findings underscore that the use of technology integration in
teaching largely depends on teachers (Marshall & Cox, 2008) and technology integration should focus
on achieving pedagogical goals rather than being driven by technology itself (Angeli & Valanides, 2009;
Enochsson, 2009). Therefore, teachers must thoughtfully and purposefully adopt technology to shape its
effective use in education. Marshall and Cox (2008) and Teo and Milutinovic (2015) emphasize that the
training period is a critical time for teachers to develop proficiency in using technology for teaching.
Early preparation ensures that future teachers can effectively integrate technological tools into their
classrooms (Agyei & Voogt, 2011; Drent & Meelissen, 2008). Student teachers are pivotal to this
process as they represent the next generation of educators who will shape how emerging technologies
such as ChatGPT are adopted and utilized in education. Consequently, there is a need for comprehensive
research into the factors influencing student teachers’ behavioural intentions of using ChatGPT.

Mathematics requires a high degree of precision both in logical reasoning and in resultant
outcomes. Notwithstanding its capacity to enhance mathematical education, ChatGPT often delivers
inaccurate or irrelevant responses, particularly to complex problems or those necessitating a
comprehensive understanding of mathematical principles (Lo, 2023; Wardat et al., 2023). Furthermore,
it may generate solutions that surpass students’ cognitive abilities or the expectations of educational
programs (Egara & Mosimege, 2024). This dichotomy—between the significant potential of ChatGPT in
Mathematics education and its propensity for errors in a domain that demands the highest level of
precision—renders the behavioural intentions of Mathematics student teachers unique, potentially
setting them apart from their peers in other disciplines.

Given this context, this research aims to identify the factors influencing Mathematics student
teachers’ behavioural intention toward ChatGPT. The article’s primary objective is to address the
question: What factors influence Mathematics student teachers’ behavioural intention of using ChatGPT
for educational purposes at university?

Addressing this research gap will help us better understand how student teachers actively
embrace ChatGPT to enhance their learning experiences and academic success, starting with future
Mathematics educators. This will provide foundational insights that could offer valuable guidance for
the strategic implementation of Al tools in education. Ultimately, these insights could inform broader
educational strategies and future research in curriculum development, teacher training, and Al tool
refinement.

Theoretical Framework

To investigate the determinants influencing Behavioural Intention (BI) towards the utilization of
ChatGPT thoroughly, we employed a modified iteration of the Unified Theory of Acceptance and Use of
Technology (UTAUT) model posited by Venkatesh et al. (2003), which has garnered extensive
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validation within the realm of technology acceptance research. The sample consisted of Mathematics
student teachers from a university of education. Given the constraints associated with accessing this
demographic, we engaged a Mathematics educator and four student teachers to ascertain pivotal
variables (factors) likely to exert the most significant influence on BI. Following this preliminary
analysis, we retained three fundamental variables from the original UTAUT model—Performance
Expectancy (PE), Social Influence (SI), and Effort Expectancy (EE)—due to their consistent affirmation
in prior empirical studies. Furthermore, the Facilitating Conditions factor in the UTAUT model was
excluded as it has been determined that Vietnamese student teachers typically possess adequate access to
ChatGPT through the web platform (www.chatgpt.com). Additionally, OpenAl provides free versions of
ChatGPT, enabling users to access and utilize it for basic purposes. To enhance the study’s contextual
applicability, we integrated two variables: Perceived Trust (PT), as informed by Rahim et al. (2022) —
which addresses issues of integrity, ethics, and privacy in the context of Al-based chatbot usage — and
Intrinsic Motivation (IM), sourced from Davis et al. (1992) — which captures the distinct enthusiasm and
engaged involvement of younger users (ages 18—22) with emerging technologies (Table 1).

Table 1

Definitions of Factors

Factor Definition (in the case of ChatGPT) Reference
BI The level of the strength of the user’s intention to use a ChatGPT. ?1]9276171)(2020)’ Fishbein & Ajzen
EE The level of ease associated with using ChatGPT. Duong et al. (2023), Rahim et al.

(2022), Venkatesh et al. (2003)

M Refers to the internal drive to engage in using ChatGPT for the Davis et al. (1992)
inherent satisfaction it brings instead of external rewards or
pressures. This includes the fun, enjoyment, pleasantness, and
interest that interacting with ChatGPT brings.

PE The level to which the user perceives that using ChatGPT will Nikolopoulou et al. (2021),
help them to attain gains in study performance. Venkatesh et al. (2003)

PT The level of user’s perceptions about the expected reliability, Menon & Shilpa (2023), Rahim et
integrity, and privacy of ChatGPT. al. (2022)

SI The level to which the user perceives that significant others Venkatesh et al. (2003)

believe he or she should use ChatGPT.

Note. Bl is Behavioural Intention; EE is Effort Expectancy; IM is Intrinsic Motivation; PE is Performance Expectation; PT is
Perceived Trust; SI is Social Influence.

The following hypotheses are suggested (Figure 1):
H1: Performance Expectancy is positively correlated with Behavioural Intention to use ChatGPT.

H2: Effort Expectancy is positively correlated with Behavioural Intention to use ChatGPT.
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H3: Social Influence is positively correlated with Behavioural Intention to use ChatGPT.
H4: Perceived Trust is positively correlated with Behavioural Intention to use ChatGPT.

HS5: Intrinsic Motivation is positively correlated with Behavioural Intention to use ChatGPT.

Figure 1
Hypotheses Suggested
Performance Expectancy (PE)
H1
Effort Expectancy (EE)
H2
H3 N\
Social Influence (SI) Behavioural Intention (BI)
H4
Perceived Trust (PT) g H5 ~
Intrinsic Motivation (IM)
Methods

Design

To test the hypotheses, a quantitative approach was used to explore the factors influencing BI
according to the UTAUT model.

Participants and Data Collection

First year to fourth year student teachers in the Department of Mathematics at a university of
education in Vietnam were surveyed. We visited classrooms and had student teachers scan a QR code to
participate in the survey through Google Forms. Participants were informed that their participation was
voluntary, and their responses would be confidential and used solely for academic purposes. The survey
was carried out from January 21, 2024, to March 29, 2024.
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Criteria by Hair et al. (2018) were used to estimate the total sample size needed for Exploratory
Factor Analysis (EFA). Specifically, the minimum sample size is 50, but a size of 100 or more is
preferred. Additionally, the number of valid responses (excluding those who had never heard of
ChatGPT or student teachers in their fifth year or beyond) should be at least five times the number of
survey questions. Since there were 24 survey questions, a minimum of 120 valid responses were needed.
Additionally, Green (1991) suggests that if the purpose is to evaluate factors from each independent
variable, such as #-tests or testing the regression coefficient, the minimum sample size for a regression
analysis should be 104 + m (where m is the number of independent variables). Out of 281 responses
received, 274 were deemed valid. Non-serious answers like selecting the same level for all items, were
removed. Thus, this sample size was considered suitable for EFA.

Table 2 shows the general and demographic characteristics of the study sample after the data
were cleaned. Notably, only 16.4% of student teachers answered Never to the question Frequency of
ChatGPT use, indicating that ChatGPT usage had become relatively common. However, with only
15.3% of student teachers responding Frequently, it can be concluded that ChatGPT had not yet been
widely adopted in their daily lives.

Table 2
Participant Demographics (N = 274)

Variable N %
Gender Male 163 59.5
Female 111 40.5
Grade First 88 32.1
Second 76 27.7
Third 65 23.7
Fourth 45 16.4
Frequency of ChatGPT use Frequently 42 15.3
Sometimes 187 68.2
Never 45 16.4

Instrument

Participants were asked to provide demographic information and respond to a questionnaire
consisting of 24 items structured into six factors (PE, EE, SI, PT, IM, and BI) with four items in each
factor (Table 1). All items were adapted from existing studies and modified to fit the survey context
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among Mathematics student teachers and scored using a 5-point Likert scale, ranging from 1 (strongly
disagree) to 5 (strongly agree).

Data Analysis

RStudio software was used to process the cleaned data, following these analytical steps:
(1) testing factors and measuring scales, (2) testing the factors affecting behavioural intention to use
ChatGPT, (3) conducting multiple linear regression analysis, and (4) investigating the influence of
moderator variables on the model (Figure 2).

Figure 2
Steps of Data Analysis

Testing factors (PE, EE, SI, PT, IM, Bl) and measuring scales

Cronbach’s Alpha Corrected ltem - Total Correlation

A 4

Testing the factors affecting behavioural intention to use ChatGPT (by EFA)

KMO test Bartlett test Rotated Component matrix

A 4

Conducting multiple linear regression analysis

Multiple linear regression model Testing five assumptions of the model

A 4

Investigating the influence of moderator variables (Gender/Grade) on the model

t-test

Note. Bl = Behavioural Intention, EE = Effort Expectancy, EFA = Exploratory Factor Analysis, IM = Intrinsic Motivation,
KMO = Kaiser-Meyer-Olkin, PE = Performance Expectancy, PT = Perceived Trust, and SI = Social Influence.

Testing Factors and Measuring Scales

Cronbach’s Alpha (or coefficient alpha) measures reliability or internal consistency. The term
Reliability refers to how a survey (or questionnaire) measures what it is supposed to measure. This study
used Cronbach’s Alpha to verify the survey reliability based on the Likert scale with multiple questions.
A high Cronbach’s Alpha result of a factor indicates that the listed observed variables are closely
related, accurately reflecting the characteristics of the parent factor. Conversely, a low result suggests
that the observed variables might be measuring something else or not measuring anything at all. In the
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statistics results, the following indices were considered: Overall Alpha (raw_alpha) of the factors,
Coefficient Alpha of each observed variable in the raw_alpha column in the Reliability if an item is
dropped table, and Corrected Item — Total Correlation coefficient in the r.drop column of the Item
statistics table.

According to Henseler et al. (2009) and Hair et al. (2018), a suitable scale should have an
Overall Alpha greater than 0.7. Further, Hoang and Chu Nguyen (2008) suggest that the Cronbach’s
Alpha coefficient values are as follows: if Coefficient Alpha is between 0.8 and 1.0, the scale is very
good; if Coefficient Alpha is between 0.7 and 0.8, the scale is good; if Coefficient Alpha is greater than
0.6, the scale is acceptable.

For the Reliability if an item is dropped table, each row refers to each observed variable and the
Coefficient Alpha if the item is dropped. This value will be evaluated with the Corrected Item — Total
Correlation coefficient in the Item statistics table. A good scale will have a Corrected Item — Total
Correlation coefficient greater than 0.3 (Cristobal et al., 2007). If the Coefficient Alpha after dropping
an item is greater than the Overall Alpha, and the Corrected Item — Total Correlation coefficient of that
variable is less than 0.3, the observed variable will be removed to increase the scale’s reliability. If the
Coefficient Alpha after dropping an item is slightly higher than the following Overall Alpha (the
difference is less than 0.1) but the Corrected Item — Total Correlation coefficient of that variable is
greater than 0.3, we consider keeping it.

Testing the Factors Affecting Behavioural Intention to Use ChatGPT

In this study many items generated by the questionnaire can be interrelated, complicating the
interpretation and analysis of data. Exploratory factor analysis was used to group variables that were
correlated with each other into more general underlying factors, thereby providing a clearer view of the
data by reducing the original list of variables to fewer easily interpretable common factors.

Before conducting EFA, the Kaiser-Meyer-Olkin (KMO) test and the Bartlett test were used to
confirm that the dataset were suitable for this type of analysis. According to Kaiser (1974), a KMO
value greater than 0.5 and a p-value less than 0.05 indicate that the correlation among observed variables
is sufficient for EFA. For the Bartlett test, if the p-value is less than 0.05, it suggests that the observed
variables within the factor are correlated.

Parallel analysis was used to determine the number of factors to extract from the data for EFA.
Next, we assessed the scale’s values through EFA, where two essential values were considered:
convergent validity and discriminant validity. According to Hair et al. (2018), in the rotation matrix
table, if the factor loading of an observed variable within a factor is at least 0.5, the observed variable is
good quality. According to Pituch and Stevens (2015), a factor is considered reliable if it comprises
more than three measuring variables. For convergent validity, observed variables of the same nature
converge towards the same factor; when displayed in the Rotated Component matrix, these variables
will be in the same column. For discriminant validity, observed variables converge towards this factor
and must be distinct from observed variables converging on other factors; when displayed in the Rotated
Component matrix, each group of variables will separate out into distinct columns.
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After removing observed variables with factor loading of less than 0.5, we rearranged our factors
and conducted a second round of EFA analysis for these new variables.
Multiple Linear Regression Analysis to Examine the Impact of the Factors in the Model

The factors were entered into the regression model. We used multiple linear regression analysis
to examine the hypotheses about the impact of the new factors on BI in the model, thereby testing five
proposed hypotheses with statistical significance at the level of 5%.

After the analysis we tested five of the assumptions of the multiple linear regression model to
ensure that our model was statistically meaningful.

Assumption 1: Normal distribution of the model’s residuals.

+ The residuals are normally distributed when the p-value of the Anderson-Darling test is less than 0.05,
or the Normal Q-Q Plot of residuals has all points concentrated around the line y = x.

+ The residuals have a mean of zero if the p-value of the #-test is greater than 0.05.

+ The residuals have constant variance: We can check this with the Goldfeld-Quandt test if the p-value
is greater than 0.05 or using the Scatter Plot of Standardized Residuals and Standardized Fitted Values if
the standardized residuals are randomly distributed around the line y = 0.

Assumption 2: Linear relationship between the dependent and independent variables.
This assumption can be tested using the partial residual plot method. If the purple line is closer to the
blue line, then the relationship between the dependent and independent variables is linear.

Assumption 3: No autocorrelation of the residual series. This assumption can be tested
using the Durbin-Watson test. If the value d of this test is between 1.5 and 2.5, there is no
autocorrelation.

Assumption 4: No significant outliers or highly influential points.
+ A point is an outlier if, in the Q-Q Plot, it does not lie too far from the line y = x.
+ A point may be an influential point if its Cook’s distance value is greater than 0.5.

Assumption 5: No multicollinearity. Multicollinearity occurs when the Variance Inflation
Factor (VIF) is greater than 5 (Frost, 2019). Additionally, if the absolute value of the Pearson correlation
coefficient is greater than 0.8, multicollinearity is likely to exist (Young, 2017).

Next, we evaluated the importance of each independent variable to the dependent variable based on the
coefficient of determination Multiple R? by Lindeman et al.’s (1980) method.
Investigating the Influence of Moderator Variables on the Models

The moderator variables Gender and Grade were considered to emphasize the importance of
demographics when studying participants’ BI in using ChatGPT. Specifically, we examined the impact
of the moderator variables Gender and Grade on the linear regression models for the hypotheses. The
metric used to test this impact was the p-value from the #-test, with a statistical significance of 5%.
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For the moderator variable Gender, when assessing the impact of each variable X; (EE, IM, PE,
PT, SI) on the variable BI, two variables — the moderator variable Male and the interaction variable
XiMale — were added to the linear regression model. We concluded that there is an influence of the
Gender variable on the original linear regression model if the value of the interaction variable X; Male is
less than 0.05, even when the Male variable individually has a p-value greater than 0.05. According to
James et al. (2021), “The hierarchical principle states that if we include an interaction in a model, we
should also include the main effects, even if the p-values associated with their coefficients are
insignificant.” (p. 89). For the moderator variable Grade, we used a similar statistics analysis process.

Results

Testing Factors and Measuring Scales

To check survey reliability, based on the Likert scale with multiple questions, the Cronbach’s
Alpha reliability test was used to ascertain whether the observed variables could represent the parent
factor’s characteristics. This tool helped to determine which observed variables were appropriate and
which were not suitable for inclusion in the scale. The test outcomes are shown in Table 3.

Table 3
Reliability Estimates
Construct Internal reliability Item Cronbach’s Alpha, if  Corrected item — total
Cronbach’s Alpha an item is dropped correlation
BI 0.88 BI1 0.83 0.80
BI2 0.84 0.79
BI3 0.87 0.70
BI4 0.87 0.71
EE 0.87 EEI 0.81 0.75
EE2 0.81 0.76
EE3 0.80 0.79
EE4 0.89 0.57
M 0.90 IM1 0.87 0.79
IM2 0.88 0.77
IM3 0.88 0.77
M4 0.87 0.79
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Construct Internal reliability Item Cronbach’s Alpha, if  Corrected item — total
Cronbach’s Alpha an item is dropped correlation
PE 0.89 PE1 0.85 0.77
PE2 0.85 0.77
PE3 0.86 0.75
PE4 0.87 0.73
PT 0.82 PT1 0.77 0.65
PT2 0.77 0.67
PT3 0.75 0.70
PT4 0.81 0.57
SI 0.86 SI1 0.81 0.74
SI12 0.81 0.74
S13 0.82 0.72
S14 0.85 0.63

Note. Bl is Behavioural Intention; EE is Effort Expectancy; IM is Intrinsic Motivation; PE is Performance Expectation; PT is
Perceived Trust; SI is Social Influence.

Referencing Table 3, we noted that the Internal Reliability Cronbach’s Alpha of the parent
factors ranged from 0.82 to 0.9, which satisfied the reliability threshold (greater than 0.7). Each row in
the Cronbach’s Alpha if an item is dropped column referred to the Overall Alpha if the corresponding
observed variable is dropped. The findings revealed that all observed variables contributed
meaningfully, except for EE4. Regarding the Corrected Item — Total Correlation coefficient column, all
values exceed 0.3, signifying a robust correlation between each observed variable and the remaining
variables within the scale. Based on these insights, we deduced that the factor scale possessed adequate
reliability and exhibited strong consistency. Moreover, we considered the exclusion of the observed
variable EE4 to enhance the scale’s reliability. In the EFA test phase, relying on the Rotated Component
matrix, we excluded the observed variable EE4.

Testing the Factors Affecting Behavioural Intention to Use ChatGPT

Exploratory factor analysis was utilized to examine the factors influencing the intention to use
ChatGPT among Mathematics student teachers. According to the initial hypothesis, there were six
factors (24 observed variables). Hair et al. (2018) and Nguyen (2014) stated that separate EFA analyses
were required for the independent and the dependent variables.
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Exploratory Factor Analysis For the Independent Variables

For the EFA suitability test, a KMO value of 0.92 indicated that the dataset were appropriate for
exploratory factor analysis (i.e., > 0.5). The result of Barlett’s test with a p-value less than 0.05 showed
that the correlation among the variables was sufficiently significant to conduct EFA.

Parallel analysis indicated that five factors needed to be extracted for the independent variables.
The results from the Rotated Component matrix revealed that the variable EE4, with a factor loading
below 0.5, was excluded from the model. The remaining variables, each with a factor loading greater
than 0.5, were organized into five factors.

A second EFA was conducted, satisfying the criteria of the KMO test (KMO value = 0.92),
Barlett’s test (p-value < 0.05), and parallel analysis (five factors extracted from the data). The results
from the Rotated Component matrix indicated that 19 observed variables were divided into five factors,
all of which had factor loading of at least 0.5 (Table 4). These five factors explained 66% of the variance
in the data of the 19 observed variables involved in the EFA.

Table 4

Rotated Component Matrix (second round)

Construct Factor 1 Factor 2 Factor 3 Factor 4 Factor 5

PEI 0.74

PE2 0.80

PE3 0.69

PE4 0.66

PTI 0.66

PT2 0.65

PT3 0.79

PT4 0.50

EE1 0.83

EE2 0.83

EE3 0.70

SI1 0.77
SI2 0.85
SI3 0.57

Mathematics Student Teachers’ Behavioural Intention Using ChatGPT 12



CJLT/RCAT Vol. 50 (3)

Construct Factor 1 Factor 2 Factor 3 Factor 4 Factor 5
Si4 0.52
IM1 0.67
IM2 0.55
IM3 0.61
IM4 0.65

Note. Bl is Behavioural Intention; EE is Effort Expectancy; IM is Intrinsic Motivation; PE is Performance Expectation; PT is
Perceived Trust; SI is Social Influence.

Exploratory Factor Analysis For the Dependent Variable

The dependent variable was conducted using a process similar to that of the independent
variable. For the EFA suitability test, a KMO value of 0.83 indicated that the dataset were suitable for
exploratory factor analysis. The result of Bartlett’s test with a p-value less than 0.05 indicated that the
correlation among the variables was sufficiently significant to conduct EFA.

Parallel analysis showed that one factor needed to be extracted for the dependent variable. The
factor loadings for BI1, BI2, BI3, and BI4 were 0.88, 0.87, 0.75, and 0.75, respectively. These factors
explained 66% of the variance in the data from the four observed variables involved in the EFA.
Multiple Regression Analysis

After conducting the EFA, the observed variables were reorganized and subsequently included in
the multiple linear regression model (Table 5).

Table S

Revised Factors and Variables

Factors Observed Variables Variable Type
X1 (PE) PE1, PE2, PE3, PE4 Independent
Xz (EE) EE1, EE2, EE3 Independent
Xz (SI) SI1, SI2, SI3, SI4 Independent
X4 (PT) PT1, PT2, PT3, PT4 Independent
X5 (IM) IM1, IM2, IM3, IM4 Independent
Y (BI) BI1, BI2, BI3, BI4 Dependent

Note. Bl is Behavioural Intention; EE is Effort Expectancy; IM is Intrinsic Motivation; PE is Performance Expectation; PT is
Perceived Trust; SI is Social Influence.
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According to Table 5, we had the analysis model: Y = f{X1, X2, X3, Xa, X5). By performing
multiple regression analysis, we observed that the impact of the variable X> (EE) on the dependent
variable Y (BI) was not statistically significant, as the p-value of the #-test was 0.879, which is greater
than 0.05. The remaining variables all positively impacted the dependent variable Y (BI). Therefore, the
variable X> (EE) was removed from the model.

Figure 3
The Resulting Linear Regression Model

Performance Expectancy (PE)

e

4@&)

Social Influence (SI) — 01789

~—» Behavioural Intention (BI)

0.20904

Perceived Trust (PT) 1
CE

N

Intrinsic Motivation (IM)

After removing the variable EE, the resulting linear regression model is:
Y=0.12299 + 0.24887X1 + 0.17899X5 + 0.20904.X4 + 0.33375Xs + ¢ (*)
where ¢ represented the residuals of the linear regression model (Figure 3).

We evaluated the fit of the multiple linear regression model through the Adjusted R?, which
reflects the extent to which the independent variables in the regression model explain the dependent
variable. The Adjusted R? is 66.99, indicating that the independent variables IM, PE, PT, and SI explain
66.99% of the variance in the dependent variable BI, and factors outside the research model explain the
remaining 33.01% of the BI variance. The F-test is 139.5 with a rejection probability of less than 0.05,
which was sufficient to conclude that the multiple linear regression model is appropriate for the dataset
under study.

Next, we proceeded to test the assumptions of the multiple regression model.

Assumption 1: Normal distribution of the model’s residuals. The Anderson-Darling test
yielded a p-value = 0.03535 < 0.05, combined with the Normal Q-Q Plot (Figure 4), confirming that the
model’s residuals were normally distributed.
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Figure 4
Normal Q-Q Plot

Normal Q-Q Plot

Sample Quantiles
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Note. Figure generated from the data processing software.

The #-test resulted in a p-value = 0.9998 > 0.05, indicating that the residuals had a zero mean.

Based on the Scatter Plot of Standardized Residuals and Standardized Fitted Values (Figure 5) and a p-
value from the Goldfeld-Quandt test greater than 0.05, we concluded that the residuals had constant
variance.
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Figure 5
Standardized Residuals and Standardized Fitted Values
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Note. Figure generated from the data processing software.

Assumption 2: Linear relationship between the dependent and independent variables.
Figure 6 demonstrates a linear relationship between the dependent and independent variables.
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Figure 6
Partial Residual Plots
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Assumption 3: No autocorrelation of the residual series. The Durbin-Watson test produces
d=2.1071 in the interval 1.5 and 2.5. Hence, we concluded that there was no autocorrelation of the
residual series.

Assumption 4: No significant outliers or highly influential points. Figure 7 demonstrates
that the model had nearly no significant outliers or highly influential points.

Mathematics Student Teachers’ Behavioural Intention Using ChatGPT 17



CJLT/RCAT Vol. 50 (3)

Figure 7
O-Q Plot and Cook’s Distance (x2) Plot
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Assumption 5: No multicollinearity. The results showed that the independent variables had
VIFs less than 2.5, and the absolute values of the Pearson correlation coefficients were less than 0.7
(Figure 8), indicating that no multicollinearity occurs.

The test results indicated that our model satisfied all five assumptions. Therefore, we concluded

that the independent variables IM, PE, PT, and SI positively impact the dependent variable BI. The
regression equation (*) was statistically significant.

Next, we assessed the importance of each predictor variable to the dependent variable using the
“Img” method (Lindeman et al., 1980). The findings showed that the R? of the model is 67.47%, with the
variables SI, PT, PE, and IM having R? values of 13.93%, 14.63%, 17.18%, and 21.73%, respectively.
Consequently, IM had the most significant influence on the dependent variable BI, whereas SI had the
most minor influence.
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Figure 8

Pearson’s Correlation Coefficients
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The Influence of Moderator Variables on the Models

We tested the impact of the moderator variables Gender and Grade on the linear regression
models of hypotheses H1, H3, H4, and H5 based on the p-value of the #-test for the coefficients of the
moderator variables and the interaction variables added. The results showed that these p-values were all
greater than the 5% significance level. This indicates that the differences are insufficient to conclude that
the moderator variables Gender and Grade influence the models.

Discussions

Factors Influencing the Behavioural Intention

This study deepens understanding of Mathematics student teachers’ perceptions of ChatGPT in
educational contexts, addressing a significant research gap. Utilizing the UTAUT scale, findings
identified key factors influencing their BI toward ChatGPT, which is essential for Al integration
discussions in education. Results showed that IM, PE, PT, and SI positively impacted BI, with IM being
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the most significant. However, SI had a low impact on BI. This research underscored the varied
influences of UTAUT constructs on the acceptance and use of ChatGPT among student teachers.

Intrinsic Motivation was observed to be the most substantial positive influence on the BI of
Mathematics student teachers towards using ChatGPT. This finding aligns with recent studies
emphasizing the central role of IM in adopting technological aids in educational contexts, which pointed
out a positive correlation between IM and BI (Hsu & Lin, 2021). In the context of ChatGPT, Lai et al.
(2023) found that IM was a critical factor for Hong Kong undergraduates’ use of ChatGPT, primarily
driven by the pleasure and satisfaction derived from its use in addressing academic questions. Therefore,
our findings indicated that if student teachers find ChatGPT interesting to interact with, they will have a
greater intention to use it. Moreover, our findings supported those of Li and Yanagisawa (2021), who
identified IM as a significant motivator in virtual assistant interactions.

In our research, PE was identified as a crucial predictor of BI to use ChatGPT among
Mathematics student teachers, ranking second in importance. Our data indicated that student teachers
with higher levels of PE were more inclined to integrate ChatGPT into their learning processes. This
observation aligns with previous research in the domain of ChatGPT within educational settings,
including studies by Alshammari and Alshammari (2024), Duong et al. (2023), Foroughi et al. (2023),
and Strzelecki (2023), and extends to chatbot research, as seen in Rahim et al. (2022) and Tian et al.
(2024). This may be due to the nature of math, where students need to find precise solutions to advanced
math problems, explain complex math concepts, or develop activities appropriate to teaching in the
context of Mathematics.

This study discovered that PT had a positive but moderate influence on the BI of Mathematics
student teachers towards using ChatGPT. This aligns with Rahim et al. (2022), who found a direct
relationship between PT and BI among postgraduate students within the context of ChatGPT, and with
Cheng and Jiang (2020) and De Cosmo et al. (2021) in chatbot research. This indicated that if student
teachers’ trust issues are not a concern, they will likely prefer using ChatGPT. However, Menon and
Shilpa (2023) indicated that although most respondents admitted to being aware that their interactions
and information with ChatGPT are not confidential, they still found it safe and secure.

In addition, our study unveiled that SI had a low impact on the BI of Mathematics student
teachers to use ChatGPT, aligning with findings in similar ChatGPT research by Strzelecki (2023) and
in chatbot studies by Rahim et al. (2022) and Tian et al. (2024). Alshammari and Alshammari (2024)
and Foroughi et al. (2023) even found no impact of SI on BI within the context of ChatGPT. This
demonstrates SI’s indirect influence on students’ behavioural intentions regarding using ChatGPT for
the educational purposes of university student teachers. However, this contrasts with studies by Singh et
al. (2020) on mobile wallet services and Terblanche and Kidd (2022) on chatbots, where users were
concerned with the opinions of their family, friends, and colleagues regarding using a chatbot.

Contrary to our initial hypothesis, EE did not significantly impact Mathematics student teachers’
BI to use ChatGPT, aligning with findings from Alshammari and Alshammari (2024) and Strzelecki
(2023) on ChatGPT, and Rahim et al. (2022) and Tian et al. (2024) on chatbots. This reveals that student
teachers do not perceive difficulties with using ChatGPT, suggesting minimal effort is required to utilize
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this technology in higher education, hence its negligible influence on BI. This may be due to the recent
development of information technology applications in teaching, especially in Mathematics teaching,
which has made student teachers accustomed to accessing new technologies.

Implications

This study provides valuable insights into how Mathematics student teachers perceive and intend
to use ChatGPT, offering practical guidance for developers, educational institutions, and educators to
optimize its integration into educational settings.

Given that Intrinsic Motivation (IM) significantly influences Behavioural Intention (BI), it is
essential to organize workshops that illustrate the capabilities of ChatGPT in fostering creativity within
the educational field. These workshops could exemplify the generation of lesson plans, engaging
activities, and real-world applications of Mathematics. Additionally, the pedagogical insights and
recommendations offered by ChatGPT present innovative resources and persuasive solutions to the
diverse challenges and inquiries faced by student teachers.

In light of Performance Expectancy (PE), it is crucial for different stakeholders to enhance
ChatGPT’s effectiveness in the educational sphere. Developers should focus on refining the accuracy
and relevance of responses (Getenet, 2024; Pham et al., 2024), particularly in challenging areas like
advanced mathematics and abstract concepts, ensuring alignment with curriculum standards. Institutions
need to offer training that highlight how ChatGPT can bolster teaching outcomes, such as developing
differentiated instruction plans and supporting diverse learners through tailored problem-solving
strategies. Educators should consider integrating ChatGPT into their teaching methods, using it not only
to supplement traditional approaches but also to provide alternative explanations and facilitate complex
problem-solving.

To enhance Social Influence (SI) within educational institutions, fostering collaboration among
student teachers is essential. By encouraging future educators to work together, they can share insights
and experiences on using ChatGPT effectively. This collaborative approach will help cultivate a culture
where technology integration is recognized as valuable and aligns seamlessly with established
professional teaching practices. By modeling the appropriate use of ChatGPT, student teachers can pave
the way for its acceptance and effective classroom implementation.

To foster Perceived Trust (PT) in ChatGPT, developers must prioritize transparency by
addressing effectively users’ concerns regarding reliability, integrity, and privacy. This involves
implementing clear disclaimers, robust privacy protections, and easily accessible mechanisms for
reporting inaccuracies. Institutions can further bolster confidence in ChatGPT by educating users about
its strengths and limitations, framing it as a supportive tool rather than a complete replacement for
traditional methods. Additionally, educators play a crucial role by modeling responsible usage; they
should verify ChatGPT’s outputs, promote critical evaluation among students, and discuss
constructively any potential errors in the classroom setting, thereby nurturing a balanced approach to
technology in learning environments.
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Limitations and Future Research

This study was conducted in Vietnam, a developing country, which may limit the
generalizability of our findings to other regions with different technological and cultural contexts. The
participant pool was confined to Mathematics students from a teacher training institution. Future
research could be broadened to include all university students and faculty or extended to other
institutions. Moreover, given the rapid advancements in Al, some aspects of our research need to be
updated quickly. Therefore, future studies should explore ChatGPT’s use in more diverse and novel
contexts.

This study was limited to specific variables influencing Behavioural Intention (BI), as outlined in
the Theoretical Framework section. Although the selected factors provided valuable insights, broader
external variables such as educational policies, access, or institutional support also play a critical role in
shaping learning outcomes. These factors may influence significantly the adoption of ChatGPT among
student teachers. Future research should examine these external influences to develop a more
comprehensive understanding of the multifaceted elements impacting BI in educational contexts,
particularly in regions where access to technology and institutional frameworks vary significantly.

Additionally, our focus on utilizing ChatGPT for general educational purposes at the university
level limited our capacity to provide nuanced insights into its integration, specifically within
Mathematics education. Future inquiries should explore how ChatGPT can be adapted to fulfill the
distinctive requirements of Mathematics education, including resolving complex problems, enhancing
conceptual understanding, and creating engaging instructional activities. Such research could offer
guidelines for integrating ChatGPT into preservice teacher training programs, ultimately equipping
future educators with the competencies necessary to effectively incorporate Al technologies into their
instructional practices.

Conclusion

Our study applied the Unified Theory of Acceptance and Use of Technology (UTAUT) model to
explore factors that influence the intention of Mathematics student teachers to use ChatGPT. We found
that Performance Expectancy (PE), Perceived Trust (PT), Intrinsic Motivation (IM), and Social
Influence (SI) positively affected students’ intentions to use ChatGPT, whereas Effort Expectancy (EE)
did not. These findings demonstrate ChatGPT’s potential as an effective teaching and learning support
tool. A focus on raising perception of the usefulness and performance of ChatGPT can promote its
adoption in educational settings, especially in the context of current digital transformation. The research
results provide important information for the development of teacher training programs, helping them to
become familiar with and effectively use Al technologies such as ChatGPT in the future. At the same
time, the research also contributes to the development and improvement of Al tools, especially in the
educational field, by identifying important factors that influence user acceptance. These insights suggest
future research on the cross-cultural applicability and expanded demographic inclusion, underlining its
implications for curriculum development, teacher training, and Al tool refinement.
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Appendix
Glossary of Key Statistics Terms

Bartlett Test: A statistical test to check whether the variables in the dataset are related enough to
perform EFA. A p-value less than 0.05 means the variables are sufficiently correlated.

Coefficient of Determination (R?): A value that explains how much of the variation in the dependent
variable can be explained by the independent variables. Higher values indicate a better fit for the model.

Cronbach’s Alpha: A measure of how consistent the items in a survey or questionnaire are. Higher
values (above 0.7) indicate that the survey items are reliable and measure the same concept.

Durbin-Watson Test: A test to check if residuals are independent or autocorrelated (they should not
follow a pattern). A value between 1.5 and 2.5 indicates no autocorrelation.

Exploratory Factor Analysis (EFA): A statistical method to group related survey items into broader
factors. This helps to simplify data and identify underlying relationships between variables.

Factor Loading: A number that shows how strongly an item is associated with a factor. Values above
0.5 are considered good.

Goldfeld-Quandt Test: A test used to check if the residuals have constant variance, which is an
assumption for a valid regression model.

Interaction Variable: A term used in regression analysis to capture the combined effect of two
variables (e.g., trust and gender) on the dependent variable.

Kaiser-Meyer-Olkin (KMO) Test: A test to determine if the data suits EFA. A value above 0.5
indicates that the data are adequate for this type of analysis.

Moderator Variable: A variable influencing the relationship between independent and dependent
variables. For example, gender might affect how trust influences behavioural intention.

Multiple Linear Regression Analysis: A statistical method used to examine how several independent
variables (e.g., motivations, trust) affect a dependent variable (e.g., behavioural intention).

Normal Q-Q Plot: A graphical tool to check if residuals follow a normal distribution (a key assumption
for regression analysis).

p-value: A number that shows the probability of a result occurring by chance. A value below 0.05 is
usually considered statistically significant.

Residuals: The differences between the observed values and those predicted by the regression model.
They help assess the accuracy of the model.

Variance Inflation Factor (VIF): A measure to check if independent variables are highly correlated
with each other (multicollinearity). Values above 5 indicate potential issues.
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