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How About A Nice Game of Chess? A conversation like this with a computer agent was long the preserve of science
fiction films. However, the rapid technological development of recent years suggests that chatbots can be used to
engage in serious conversations on complex topics. Chatbots are also increasingly being used in educational
contexts, which led us to investigate what might motivate mathematics teachers to use chatbots for teaching
purposes. To determine the source of motivation for mathematics teachers using chatbots for teaching purposes,
we conducted a digital questionnaire study involving 448 teachers. With the collected data, we conducted a

structural equation modelling analysis. The results of our study show that Performance Expectancy, Effort Ex-
pectancy, and Social Influence affect mathematics teachers’ Behavioral Intentions concerning chatbot use and
that Behavioral Intentions and Facilitating Conditions influence mathematics teachers’ actual use of chatbots for

teaching purposes.

Introduction

Are we right to assume that you are analytical, research-oriented,
have sound methodological expertise, and are interested in evidence-
based results? ChatGPT states that if you read our article, you should
fit this description. In December 2024, ChatGPT recorded 3.7 billion
total visits', and the launch of the new AI chatbot software DeepSeek
caused the share prices of several tech giants to tumble by hundreds of
billions of US dollars. These figures illustrate that Al chatbots have fully
arrived at the center of our societies and economies. The fact that
chatbots have already entered the field of education is evident from the
large number of systematic reviews on the topic of chatbots, education,
and schools (e.g. [1-4]). There are also systematic reviews of Al in the
teaching and learning of mathematics (e.g. [5,6]) and chatbots such as
ChatGPT [7].

Although the use of Al chatbots in education, including mathematics
teaching, is steadily increasing and numerous literature reviews exist (e.
g. [1,2]), research that quantitatively examines which factors motivate
mathematics teachers to adopt these tools in their teaching, particularly
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within a European context, remains scarce. Most previous studies focus
on technical aspects or on isolated implementation cases [8,9], while a
systematic understanding of teachers’ motivation within a theoretical
framework such as the UTAUT model remains largely absent. This gap is
particularly significant because, as Drijvers [10] highlights, mathe-
matics teachers play a crucial role in integrating digital technologies
into mathematics teaching. Understanding the factors that shape their
attitudes and intentions could help educational institutions to develop
targeted support and professional development strategies, potentially
accelerating and improving the integration of these technologies into
teaching practices. For this reason, our research aims to identify the
factors that motivate secondary mathematics teachers to use chatbots
for teaching.

To achieve this, we conducted a questionnaire study among Austrian
mathematics teachers in line with the Unified Theory of Acceptance and
Use of Technology [11]. We analyzed the results of our data collection
using structural equation modelling.
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Literature review
Teaching-Related activities of mathematics teachers with chatbots

Mathematics teachers use chatbots for various instructional pur-
poses. A study by Lee and Yeo [12] describes the development of a
chatbot that serves as a virtual student to support trainee teachers in
practicing responsive teaching in fractions. This application allows
teachers to target student misconceptions and formulate adaptive ex-
planations. According to Birenbaum [9], teachers can ask chatbots about
common mistakes in specific mathematical topics. They can then use the
explanations to understand the calculations of students who made
mistakes and how they should have calculated instead. Furthermore,
teachers utilize chatbots for lesson planning. A study by Beyer et al. [8]
shows that the perceived usefulness of an intent-based chatbot plays a
central role in its use during planning. The chatbot was used, in
particular, for brainstorming, structuring, and overcoming planning
uncertainties. During the planning phase, the chatbot also helped reduce
unpleasant emotions such as uncertainty and improved conceptual un-
derstanding. Mathematics teachers, in particular, can use chatbots to
learn effective methods for explaining complex mathematical topics
[13]. In addition to lesson planning and explanation suggestions, chat-
bots can also be used by teachers to create a variety of teaching mate-
rials, quizzes, and tests [9].

Birenbaum [9] further found that mathematics teachers use chatbots
to plan lessons and conduct various teaching activities directly in the
classroom. The author also claims that chatbots can be used as tools to
promote problem-solving skills and help teachers stimulate students’
curiosity and independent and critical thinking. To support critical
thinking skills and promote learning, Birenbaum [9] suggests various
tasks: Teachers can set tasks in which their students have to evaluate
answers from a chatbot or creatively present the information learned
through chatting with the chatbot differently, for example, in the form of
a comic or a poem.

In their systematic literature review, Labadze et al. [2] identified
several benefits of Al-powered chatbots for mathematics lessons for both
teachers and students. These benefits include automating administrative
tasks such as scheduling or grading. Furthermore, chatbots can facilitate
the delivery of personalized educational content and its adaptation to
different learning styles. With the help of chatbots, educators can
develop learning materials tailored to students' levels and interests,
enabling differentiated instruction. For example, through alternative
explanations or customized questions from chatbots, teachers can reach
students with different learning styles [2].

As a further aspect, Egara and Mosimege [13] point out that math-
ematics teachers can specifically use chatbots to obtain personalized
suggestions for professional development materials tailored to their in-
terests in order to develop and improve themselves personally. By using
chatbots, math teachers can improve their skills, among other benefits,
leading to more effective teaching experiences.

Attitudes of mathematics teachers towards chatbots

Their attitude towards the technology significantly influences
mathematics teachers’ acceptance of chatbots. Chocarro et al. [14]
found that the perceived ease of use of chatbots is a decisive factor in
teachers' use of Al chatbots for work purposes. Teachers are more willing
to use chatbots for their work if they perceive them to be easy to un-
derstand and use. Chocarro et al. [14] also highlight perceived useful-
ness as a significant factor in chatbot acceptance. Teachers are more
likely to accept chatbots if they find them useful for their work, for
example, because they perceive an improvement in work performance.
According to Chocarro et al. [14], the two factors of perceived ease of
use and usefulness, based on the Technology Acceptance Model (TAM;
[15]), have a positive impact on the acceptance of chatbots by teachers.
In terms of conversational design, a formal language style in chatbots
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increases teachers' willingness to use them.

Limna et al. [16] also showed that teachers rate chatbots positively,
as they take over routine tasks, allowing teachers to focus on more
complex tasks and thus reduce their workload. Chocarro et al. [14]
emphasize that catbots can take over routine tasks, such as certain
questions about homework, leaving more instructional time, which in
turn enables students’ personalized learning even in the absence of
teachers.

However, there are concerns about the accuracy of the information
provided by a chatbot and the potential loss of personal interactions in
classrooms. Similarly, in a study by Limna et al. [16], some teachers
expressed concerns about the accuracy and reliability of the information
provided by chatbots and worried about incorrect or incomplete infor-
mation. Furthermore, teachers emphasized the need for strong data
protection measures and clear communication about data privacy to
ensure their and their students’ personal information.

Enabling and hindering factors for the use of chatbots

Several factors could influence whether mathematics teachers inte-
grate chatbots into their teaching. From Chocarro et al. [14], we already
know that the perceived simplicity and usefulness of chatbots, in addi-
tion to their formal language characteristics, lead to greater acceptance
and a higher intention to use them by teachers. Accordingly, the results
of the study by Beyer et al. [8] show that perceived usefulness was a
significant predictor of chatbot use. Perceived usefulness was the most
frequently cited category and the main reason for using chatbots in
planning tasks. Ease of use was not a major issue for most participants,
but it did influence their use of chatbots.

According to Bii et al. [17], the use of chatbots by teachers is also
facilitated by a positive attitude toward chatbots and their integration
into the curriculum. Teachers tend to use chatbots when time is provided
in schools or explicitly in the curriculum for appropriate technology use.
Teachers consider it important that chatbots can provide information
beyond the school curriculum so that they and their students have access
to additional knowledge [17].

In contrast to the aspects that promote the use of chatbots in the
classroom, Bii et al. [17] describe a lack of time or loss of time as po-
tential obstacles. In their study, some teachers see the need to cover the
curriculum and prepare students for final exams as an obstacle to the use
of chatbots in the classroom.

In Beyer et al. [8], technical problems and problems with the user
interface are frequently cited as obstacles to chatbot use. According to
Beyer et al. [8], the teachers in their study who used a chatbot also had
difficulties with human-machine interaction, suggesting that the chatbot
did not always respond as expected or that communication between
humans and the system was not intuitive. In addition, there was a need
for additional guidance. Teachers were unsure how to use the chatbot
effectively and wanted a clearer structure or assistance.

Some studies that examine the influence of gender (e.g. [18-20]),
age (e.g. [21,22]), and teaching experience (e.g. [23,24]) on the
acceptance and use of technology by mathematics teachers investigate
different influencing factors and reveal contradictions. Based on the
UTAUT model by Venkatesh et al. [25], its further development by
Wijaya et al. [26], and the relevant literature on the use of digital
technologies by mathematics teachers, we assume that gender, age, and
teaching experience influence the acceptance and use of technology by
mathematics teachers. Although age and teaching experience are very
similar constructs, we believe that a certain decoupling of age and
teaching experience could take place as more and more lateral entrants
enter the mathematics teaching profession. In line with this potential
decoupling of age and teaching experience, we use both constructs in the
moderation analyses in our research.
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Theoretical considerations and hypothesis development

Various theoretical models have been used to analyze the acceptance
and utilization of technology in the educational context. In this regard,
Sumak and Sorgo [27] highlight the “Unified Theory of the Acceptance
and Use of Technology” (UTAUT) model as one of the most promising
approaches. Furthermore, several recent studies (e.g. [28-30]) have
demonstrated that the UTAUT is also suitable for examining the
acceptance of artificial intelligence and intelligent systems.

The UTAUT model was developed by Venkatesh et al. [25] and is
based on a variety of established theories that offer significant insights
into the factors influencing technology acceptance. These theories
examine attitudes toward technology, explain relationships between
perceived usefulness, ease of use, and behavioral intentions, consider
social and facilitating factors, and integrate both intrinsic and extrinsic
motivation.

According to Venkatesh et al. [25], four key constructs are critical for
the acceptance and use of information technology: performance expec-
tancy (PE), effort expectancy (EE), facilitating conditions (FC), and so-
cial influence (SI). Many studies have further refined and extended the
UTAUT model by integrating additional constructs from other theories
or specific contexts. This study employs a further development of the
Unified Theory of Acceptance and Use of Technology (UTAUT) model to
explore mathematics teachers’ intentions and usage behavior regarding
Al chatbots. Seven key predictors are examined: Performance Expec-
tancy, Effort Expectancy, Social Influence, Facilitating Conditions, He-
donic Motivation, Perceived Risk, and Habit [11,26]. We examine these
key factors regarding their influence on mathematics teachers’ behav-
ioral intentions and actual use of chatbots. Furthermore, our study in-
vestigates how age, gender, and teaching experience moderate these
influences.

Performance expectancy

Performance Expectancy (PE) refers to the extent to which in-
dividuals believe that using technology will enhance their performance
[11]. This construct is akin to the perceived usefulness concept in the
Technology Acceptance Model [15]. Research consistently finds PE a
significant predictor of technology adoption [31,32]. In this study,
mathematics teachers who perceive Al chatbots as beneficial for
learning are expected to demonstrate a higher behavioral intention to
use them. Based on this, we developed the hypothesis:

H1. PE significantly influences the behavioral intentions of mathe-
matics teachers to use Al Chatbots positively.

Effort expectancy

Effort Expectancy (EE) pertains to the perceived ease of technology
use [25]. Studies suggest that technology perceived as simple and
user-friendly is more likely to be adopted [33,34]. If mathematics
teachers find Al chatbots intuitive and easy to integrate into learning,
their intention to use them is expected to increase. From this, we derived
the following hypothesis:

H2. EE significantly influences the behavioral intentions of mathe-
matics teachers to use Al Chatbots positively.

Social influence

Social Influence (SI) measures how individuals perceive that signif-
icant others endorse technology use [11]. Research identifies SI as a
strong predictor of technology adoption in educational settings [26,35,
36]. If mathematics teachers perceive encouragement from peers or
mentors, their intention to use Al chatbots may increase. From this, we
established the hypothesis:
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H3. SI significantly influences the behavioral intentions of mathe-
matics teachers to use AI Chatbots positively.

Facilitating conditions

Facilitating Conditions (FC) refer to the availability of technical and
organizational support for technology use [11]. Prior studies confirm
that FC significantly impacts behavioral intention [37,38]. In this study,
FC includes mathematics teachers’ knowledge of AI chatbots and the
presence of peers who can assist with technical difficulties. Conse-
quently, we proposed the hypotheses:

H4a. FC significantly influences the behavioral intentions of mathe-
matics teachers to use AI Chatbots positively.

H4b. FC significantly influences the usage behavior of mathematics
teachers to use Al Chatbots positively.

Habit

Habit (HB) denotes the extent to which individuals engage in
behavior automatically due to learned patterns [39]. Prior research
confirms that individuals accustomed to using technology are more
likely to continue its use [40-42]. This study hypothesizes that mathe-
matics teachers with established technology habits are more likely to
adopt Al chatbots. Accordingly, the following hypothesis is:

H5. HB significantly influences the behavioral intentions of mathe-
matics teachers to use Al Chatbots positively.

Hedonic motivation

Hedonic Motivation (HM) describes the enjoyment of using tech-
nology [43]. Studies highlight the prominent role of enjoyment in
technology adoption [44,45]. In the context of mathematics education,
Al chatbots that provide engaging and novel learning experiences could
potentially enhance teachers' satisfaction. This satisfaction, in turn, may
positively affect their behavioral intention to adopt these technologies in
their instructional practices. Thus, we hypothesize the following:

H6. HM significantly influences the behavioral intentions of mathe-
matics teachers to use AI Chatbots positively.

Perceived risk

Perceived Risk (PR) concerns potential negative consequences of
technology use, including security and social risks [46]. High perceived
risk can deter technology adoption despite its benefits [47,48]. In this
study, PR is expected to decrease mathematics teachers’ intention to use
Al chatbots. As a result, we defined the hypotheses:

H7a. PR significantly influences the behavioral intentions of mathe-
matics teachers to use AI Chatbots negatively.

H7b. PR significantly influences the usage behavior of mathematics
teachers to use Al Chatbots negatively.

Behavioral intention and usage behavior

Behavioral Intention (BI) reflects an individual’s willingness to use
technology and is a key predictor of actual usage [11]. This study rep-
resents mathematics teachers’ readiness to integrate Al chatbots into
their teaching. Actual Usage Behavior (UB) depends on BI and de-
termines how intensively mathematics teachers adopt chatbots in
teaching practice [26]. Therefore, our hypothesis is stated as:

H8. BI significantly influences the usage behavior of mathematics
teachers to use Al Chatbots positively.
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As our study also investigates how age, gender, and teaching expe-
rience moderate these constructs presented above, we posit three more
hypotheses:

H9. Mathematics teachers’ age affects the influences in our research

model.

H10. Mathematics teachers’ gender affects the influences in our
research model.

H11. Mathematics teachers’ teaching experience affects the influences
in our research model.

Based on Wijaya et al. [26], we present these primary hypotheses in
our initial research model in Fig. 1.

Methodological background
Participants of our study
The target group of our study is secondary school mathematics

teachers in Austria. In order to reach potential participants of our study,
we sent out emails to all secondary school principals in Austria with the
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request to forward the link to participate in our study to the mathematics
teachers at the respective schools. Before contacting the principals of the
schools, we obtained permission to conduct our study from the educa-
tion directorates of the respective federal states and the ethics advisory
board of the University of Linz. At the beginning of the data collection,
the participating mathematics teachers were informed that participation
in our study was voluntary and that they could stop at any time. A total
of 625 mathematics teachers started to fill out our questionnaire, and
448 mathematics teachers provided us with such extensive data that it
was taken into account in our analyses. For further analyses, we used
those data sets of mathematics teachers who had answered at least 75%
of the items overall and at least two-thirds of the items for each
construct. Detailed demographic information on the participants in our
study can be found in Table 1.

Prior to data collection, we obtained approval from the educational
directorates of the Austrian federal states and the ethics advisory board
of blinded for revision University. To recruit participants, we distributed
invitations via email to school principals of all Austrian secondary
schools that include upper secondary education (Sekundarstufe II),
kindly asking that they forward the survey link to their mathematics
teachers. This approach applied a voluntary sampling technique, a
widely used method in empirical social research [49]. Voluntary

Behavioral
Intention

Usage
Behavior

r -
Hedonic
Motivation
\_
,
Performance
Expectancy
\
,
Effort
| Expectancy
r -
Social
Influence
-
f
Habit
\_
[ )
Perceived
Risk
e
r - - .
Facilitating
Conditions
-

Fig. 1. The initial UTAUT research model of our study adopted from Wijaya et al. [26].
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Table 1
Demographic information on the participants in our study.

Age Group Gender Teaching experience
years N % N % years N %
20-30 63 141  female 258 576 1-5 92 20.5
31-40 118 26.3 male 163 36.4 6-10 80 17.9
41-50 101 225 non- 2 0.44 11-15 66 14.7
binary
51-60 121 27.0 donot 25 5.6 16-20 44 9.8
want to
answer
>60 25 5.6 21-25 38 8.5
do not 20 4.5 >25 109 243
want

to

answer
do not 19 4.2
want to
answer

sampling in online surveys offers several advantages, including
cost-effectiveness compared to traditional survey methods [49,50] and
the ability to access large and geographically dispersed populations [51,
52]. In our case, this was particularly useful for reaching mathematics
teachers from across Austria.

Measures

We used a modified version of the UTAUT [26] with seven predictors
to identify why mathematics teachers use chatbots for teaching pur-
poses. The mathematics teachers participating in our study were asked
to answer the items attributed to the UTAUT using a five-point Likert
scale. In this context, the value 1 indicates the lowest level of agreement
(strongly disagree) and the value 5 the highest level of agreement
(strongly agree).

With the collected data, we conducted a confirmatory factor analysis
with all UTAUT constructs to determine why mathematics teachers use
chatbots for teaching purposes (Appendix A). The fit indices such as CFI
= 0.893, TLI = 0.868, SRMR = 0.075 and RMSEA = 0.076 are close to
but do not meet the required cut-off values by experts such as Hair et al.
[53] and Hu and Bentler [54] and thus indicate that our initial research
model needs to be better adjusted to the collected data, what we outline
in the next section. To achieve an acceptable model fit, we allowed
theoretically plausible residual correlations. This adjustment improved
the fit indices to TLI = 0.887, CFI = 0.909, RMSEA = 0.070 (90% CI
[.065, 0.076]), and SRMR = 0.076, bringing RMSEA, CFI, and SRMR
into the acceptable range. Furthermore, the individual constructs
demonstrated sufficiently high factor loadings, supporting the adequacy
of the measurement model. Next, we analyzed the internal consistency
and reliability of our measurement scale. Therefore, we utilized McDo-
nald's ® according to Hayes and Coutts [55]. Except for Facilitating
Conditions, the values for McDonald's @ are substantially >0.07 (see
Appendix A), which indicates a high internal consistency and reliability
of our measurement scale. In this context, Dunn et al. [56] emphasize
that the value of >0.7 was never intended as a “gold standard”, and
other studies in the educational context sometimes use lower cut-off
values such as >0.65 or >0.60 (e.g., [57,58]), according to which all
constructs of our study show good internal consistency and reliability.

Finally, we determined the correlation matrix of all UTAUT con-
structs (see Appendix B). As our data is ordinally scaled (Likert scale),
the correlation coefficients were determined according to Spearman
[59]. The correlation table shows that the UTAUT constructs correlate
significantly with each other, in some cases with very high values (e.g.,
BI and HM with 0.717; p < .001).

Several steps were undertaken to ensure the validity and reliability of
our instrument. The questionnaire items were adapted from validated
UTAUT scales [11,26] and translated into German following a
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forward-backward translation procedure to ensure semantic equiva-
lence. Before finalizing the instrument, its clarity and relevance were
evaluated by three experts in mathematics education and five practicing
secondary school mathematics teachers, all of whom confirmed the
comprehensibility and appropriateness of the items. Additionally, the
instrument was piloted with 25 secondary mathematics teachers to
refine item wording and response scales. Construct validity was sup-
ported through confirmatory factor analysis (see Appendix A and C),
which demonstrated acceptable fit indices across the UTAUT constructs.
Internal consistency and reliability were confirmed via McDonald’s o,
with all constructs meeting or exceeding recommended thresholds for
educational research [55].

Determining the research model

In the first step, we aimed to determine the research model for our
study. Regarding predictors, we were guided by the original UTAUT
model ([25], Fig. 2) and its adaptation to mathematics teachers and
chatbot use by Wijaya et al. [26]. We adapted the model for our study by
using the model of Wijaya et al. [26]. Then, we tried to achieve the best
possible fit for our data by omitting predictors in favor of the model of
Venkatesh et al. [25]. When analyzing the different models with
different predictors (see Table 2), we found that the model with the
predictors from Venkatesh et al. [25] and Perceived Risk (PR) had the
best fit indices according to the Chi-Squared Difference Test (see
Table 3). Consequently, for our further analyses, we employed the
predictors Performance Expectancy (PE), Effort Expectancy (EE), Social
Influence (SI) and Facilitating Conditions (FC) in line with the original
model of Venkatesh et al. [25] with the extension Perceived Risk (PR)
(see Fig. 3) to determine why mathematics teachers would employ
chatbots for teaching purposes.

Performance Expectancy (PE), Effort Expectancy (EE), Social Influ-
ence (SI), Facilitating Conditions (FC), Habit (HB), Hedonic Motivation
(HM), Perceived Risk (PR), Behavioral Intention (BI), Usage Behavior
(UB)

In the next step, we investigated the skewness and kurtosis of the
UTAUT constructs in our study (see Table 4). On the one hand, the
central literature on structural equation modelling (e.g. [34,60,61])
suggests that structural equation analyses exhibit robustness to viola-
tions of skewness and kurtosis. This robustness is supported by empirical
studies that demonstrate the resilience of SEM methods to non-normal
data distributions. On the other hand, except for SI, our study’s skew-
ness and kurtosis values are close to 0, suggesting that structural equa-
tion analyses can be performed [62].

These analyses lead to the following reduced and adjusted research
hypotheses for our study:

H1. PE significantly influences the behavioral intentions of mathe-
matics teachers to use AI Chatbots positively.

H2. EE significantly influences the behavioral intentions of mathe-
matics teachers to use AI Chatbots positively.

H3. SI significantly influences the behavioral intentions of mathe-
matics teachers to use Al Chatbots positively.

H4. FC significantly influences the usage behavior of mathematics
teachers to use Al Chatbots positively.

H5a. PR significantly influences the behavioral intentions of mathe-
matics teachers to use AI Chatbots negatively.

H5b. PR significantly influences the usage behavior of mathematics
teachers to use Al Chatbots negatively.

H6. BI significantly influences the usage behavior of mathematics
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Fig. 2. Initial, simplified UTAUT model according to Venkatesh et al. [25].

Table 2
The different research models analyzed in our study.

Path in our Model

Predictors Outcome

Model 1 PE, EE, SI, FC* BI ~ PE + EE + SI + FC + PR + HM + HB
PR, HM, HB** UB ~ BI + FC + PR

Model 2 PE, EE, SI, FC* BI ~ PE + EE + SI + FC + PR + HM
PR, HM** UB ~ Bl + FC + PR

Model 3 PE, EE, SI, FC* BI ~ PE + EE + SI + FC + PR + HB
PR, HB** UB ~ BI + FC + PR

Model 4 PE, EE, SI, FC* BI ~ PE + EE + SI + FC + PR
PR** UB ~ Bl + FC + PR

Model 5 PE, EE, SI, FC* BI ~ PE + EE + SI + PR
PR** UB ~ BI + FC + PR

Model 6 PE, EE, SI, FC* BI ~ PE + EE + SI + FC + HM
HM** UB ~ BI + FC

Model 7 PE, EE, SI, FC* BI ~ PE + EE + SI + FC + HB
HB** UB ~ BI + FC

) Original predictors according to Venkatesh et al. [25]
" Additional predictors according to Wijaya et al. [26]

teachers to use Al Chatbots positively.

H7. Mathematics teachers’ age affects the influences in our research
model.

H8. Mathematics teachers’ gender affects the influences in our
research model.

H9. Mathematics teachers’ teaching experience affects the influences
in our research model.

Table 3
Chi-squared difference test concerning the models tested in our study.

Analytic procedure

To test our hypotheses, we employed a structural equation modelling
(SEM) approach using the R package “lavaan 0.6.17" (Rosseel, 2012).
First, we analyzed which of the UTAUT constructs served as predictors
for the behavioral intentions (BI), or the usage behavior (UB) of math-
ematics teachers to use AI Chatbots (H1-H6). Specifically, we examined
whether Performance Expectancy (PE), Effort Expectancy (EE), and
Social Influence (SI) significantly influence the behavioral intentions
(BI) of mathematics teachers to use AI Chatbots (H1-H3). We then
assessed whether Facilitating Conditions (FC) positively affect the actual
usage behavior (UB) of these chatbots (H4). In addition, we tested the
negative impacts of Perceived Risk (PR) on both BI (H5a) and UB (H5b)
and confirmed the positive influence of BI on UB (H6). Second, we
investigated potential moderating effects to address the remaining hy-
potheses (H7-H9). In this step, we examined whether mathematics
teachers’ age (H7), gender (H8), and teaching experience (H9) influence
the relationships specified in our research model. Throughout all ana-
lyses, we applied a robust maximum likelihood estimator to account for
any deviations from normality [63]. Although missing values were
minimal, with no item exceeding ten percent, we utilized
full-information maximum likelihood estimation, assuming that the data
were Missing at Random (MAR) [64].

Results

Before performing structural equation analyses, we assessed the
model fit using established fit indices. For our research model (see
Fig. 3), the RMSEA is 0.071 with a 90% confidence interval of [.064,
0.078]; values below 0.08 are considered acceptable [54]. The SRMR
value of 0.067 shows a good fit to the data. The incremental fit indices
CFI = 0.913 and TLI = 0.892 are acceptable [53,65]. Based on the fit

Df AIC BIC Chisq Chisq diff RMSEA Df diff Pr (>Chisq)
fit KI5 123 58,856 59,202 1207.9
fit KI6 172 66,876 67,296 1487.9 280.04 0.057563 49 < 0.001%**
fit KI7 172 66,345 66,764 1650.6 162.62 0.000000 0
fit KI2 228 78,251 78,756 1707.4 56.88 0.003323 56 0.4421
fit KI3 228 77,716 78,221 1847.6 140.19 0.000000 0
fit K14 229 74,356 74,854 1961.4 113.81 0.281556 1 < 0.001***
fit KI1 293 85,719 86,308 2179.1 217.65 0.041074 64 < 0.001%**
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Fig. 3. Adapted UTAUT research model of our study.

Table 4
Descriptive statistics and correlations of the constructs used in our study.
M SD SK K PR PE EE SI FC BI UB

PR 2.07 0.84 0.54 —0.22 —

PE 2.70 0.93 0.06 —0.56 0.254 —

EE 3.02 1.01 —-0.05 —0,74 0.156 0.255 —

SI 1.51 0.86 2.48 6.52 0.210 0.298 0.156 —

FC 2.57 1.00 0.31 —0.64 0.232 0.247 0.591 0.342 —

BI 2.17 1.05 0.66 —0.40 0.333 0.609 0.420 0.416 0.415 —

UB 1.89 1.03 1.22 0.75 0.206 0.468 0.547 0.300 0.480 0.659 —
Note. * p < .05.

" p<.0L

p < .001; SK = Skewness; K = Kurtosis.

indices, our model shows an acceptable fit [66].

Next, we conducted another confirmatory factor analysis (see Ap-
pendix C) as well as descriptive statistics and a correlation analysis (see
Table 4) with only those constructs that we included in our research
model (see Fig. 3). The values of the confirmatory factor analysis of the
constructs of our research model (y*> = 476; df = 149; p < .001; CFI =
0.917; TLI = 0.895; SRMR = 0.066; RMSEA = 0.070 [lower = 0.063,
upper = 0.077]; AIC 22,783; BIC = 23,115) show that the structure of
the latent variables of our study corresponds well with the model. The
Spearman correlation matrix of the UTAUT constructs of our model
again shows significant correlations of the constructs (p < .01 or p <
.001), whereby lower correlation values of the constructs can now be
determined. Then, we analyzed our model concerning multicollinearity.
Values <2 were obtained for both BI (PE = 1.297; EE = 1.219; SI =
1.195; PR = 1.284) and UB (BI = 1.930; FC = 1.715; PR = 1.284), which
indicates that there is no multicollinearity in our model. Hence, it can be
concluded that each predictor contributes unique information to our
model.

Direct effects

In our model, four predictors (PE, EE, SI, and PR) influence the latent
variable Behavioral Intention (BI). PE shows a positive and significant

effect (8 = 0.473, p < .001), which indicates that a higher performance
expectation is associated with a stronger behavioral intention to use
chatbots. For EE, there is a significant positive effect (f = 0.287, p <
.001). For the effect of SI on BI, our data shows a positive and significant
effect (f = 0.398, p < .001), i.e., social influence factors strongly in-
fluence the intention to use chatbots. A non-significant effect (4 = 0.059,
p = .235) was found for the effect of PR on BI, suggesting that perceived
risk does not play a role for mathematics teachers’ intentions to utilize
chatbots.

Three predictors, namely BI, FC, and PR, influence the latent variable
Use Behavior (UB). Concerning the influence of BI on UB, there is a
strong positive effect (f =0.687, p < .001), which means that a higher
intention to use correlates directly with greater actual use. FC shows a
minor positive and significant effect (f = 0.297, p < .001), indicating
that supportive conditions (e.g., technical infrastructure, resources)
have little influence on the actual use of chatbots by mathematics
teachers. A negative but non-significant effect (4 = —0.076, p = .136) is
found for the influence of PR on UB, meaning that perceived risk does
not directly affect usage behavior. Taken together, the coefficients
indicate that Performance Expectancy (PE) is the most influential pre-
dictor of Behavioral Intention (BI), with a larger effect (f = 0.473) than
SI (5 =0.398), EE ( = 0.287) or PR ($ = 0.059). Practically, this finding
suggests that mathematics teachers prioritize demonstrable
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instructional gains over usability alone when deciding whether to use
chatbots. The complete regression table is shown in Table 5 and visu-
alized in Fig. 4.

Indirect effects

The analysis of the indirect effects in our UTAUT model (see Table 6)
shows that PE and SI have significant indirect effects on UB via BI. The
indirect effect of PE on UB (# = 0.325, p < .001, [.225, 0.410]), of EE on
UB ($=0.197,p <.001, [.134, 0.357]) and that of SLon UB (= 0.273, p
< .001, [.205, 0.473]) are both statistically significant. This effect
confirms that PE, EE, and SI play a significant role in mathematics
teachers’ usage of chatbots. In contrast, the indirect effect of PR (§ =
0.040, p = .330, [—0.053, 0.0166]) is not significant. Therefore, this
variable has no verifiable indirect influence on UB via BI. The total in-
direct effect (8 = 0.835, p < .001, [.675, 1.179]) shows that BI plays a
significant role as a mediator and strengthens the overall effect of the
predictors on UB. The significant indirect effects for PE, EE, and SI via BI
on UB underscore the central role of intention formation in translating
perceptions into actual use. In practical terms, interventions that raise
teachers’ expectations of learning benefits (PE), reduce perceived effort
(EE), and leverage peer norms (SI) are especially likely to increase
classroom use by first strengthening BI.

Moderation effects

Concerning a possible moderation of the relationships in our
research model, we analyzed age, gender, and teaching experience as
moderating variables (see Table 7).

The moderation analyses for age and experience indicate that none of
the predictors has a significant impact on the influences on BI or UB. In
contrast, the moderation analysis for gender [1 = female — 2 = male]
reveals that the influence of BI on UB is significant and negative (f =
—0.304, p = .012), and the influence of PR on UB is marginally non-
significant and positive (8 = 0.203, p = .057).

Hence, the results of the moderation analysis indicate that gender is a
partially significant moderator in our model, while age and experience
are not significant moderators for the relationships between the pre-
dictors and the dependent variables. These results suggest that gender
differences in technology use and acceptance may exist and should be
further investigated in prospective studies. Although age and experience
were not significant moderators, the partial moderation by gender
suggests that intention-to-use may convert into practice differently for
male and female teachers.

Discussion

The results of our study confirm the UTAUT model initially devel-
oped by Venkatesh et al. [25] with Performance Expectancy (PE), Effort
Expectancy (EE), and Social Influence (SI) as predictors of Behavioral
Intention (BI), and BI together with Facilitating Conditions (FC) as
predictors of Use Behavior (UB). All relationships regarding the original
UTAUT model were highly significant in our model (p<.001), which
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reinforces the model’s applicability in the context of mathematics
teachers’ chatbot use in the classroom. Similarly, our findings confirm
Wijaya et al. [26] in that PE is the strongest predictor of Bl and that Bl in
turn influences UB. These findings can also be linked to the study by
Beyer et al. [8], which showed that the perceived usefulness of an
intent-based chatbot plays a central role in its use during planning.
Teachers’ perception that chatbots can effectively support their
instructional goals, whether through personalized content delivery [2],
the outsourcing of routine tasks [16], or by providing supplemental
information [17], appears to be central to their decision to integrate
these tools into their lessons. However, in contrast to Wijaya et al. [26],
our study demonstrated that EE and SI are also highly significant pre-
dictors of BI, effects that were not established in their research. The
analysis of indirect effects as well as the moderation effects of age,
gender, and teaching experience can be interpreted as a further devel-
opment of the investigations by Wijaya et al. [26]. This further devel-
opment suggests that not only is the perceived usefulness of chatbots
important, but their ease of use and the social context in which they are
adopted also play crucial roles.

The determinants of BI largely correspond to the UTAUT model [25],
whereby PE, EE, and SI are confirmed as central predictors. Perceived
Risk (PR), on the other hand, has no significant influence on BI and a
negative but non-significant effect on UB. These results confirm the
central assumptions of the UTAUT model, especially the importance of
BI and FC for actual behavior [11]. The non-significant role of PR in our
study is particularly notable given that some previous research (e.g. [16,
47,48]) has suggested that teachers’ concerns about data privacy, in-
formation accuracy, and other risks can deter technology adoption.

Furthermore, studies suggest that technology perceived as simple
and user-friendly (EE) is more likely to be adopted [33,67]. In our study,
if mathematics teachers find Al chatbots intuitive and easy to integrate
into learning environments, their intention to use these tools increases,
as evidenced by the significant positive effect of EE on BI. This finding
aligns with Chocarro et al. [14], who identified the perceived simplicity
and usefulness of chatbots as decisive factors for their acceptance.

Our findings confirm this relationship, as FC shows a positive and
significant effect on UB and a strong connection between BI and UB.
Supportive conditions, such as adequate technical support and the
provision of time within schools for technology use, are therefore key
factors that promote the use of chatbots among mathematics teachers.
Hindering factors like technical problems, as highlighted by Beyer et al.
[8], can have a negative influence on BI. These results can also be linked
to the findings of Bii et al. [17], who observed that teachers are more
likely to adopt chatbots when time is explicitly provided in schools or
the curriculum for technology integration.

Social Influence (SI) has been identified as a strong predictor of
technology adoption in educational settings in the literature [35,36,68].
Our study corroborates these findings by showing a positive and sig-
nificant effect of SI on the intention to use chatbots, which confirms that
the social context and peer influences play an important role in tech-
nology adoption decisions.

Next to the traditional constructs included in the UTAUT model,
prior research confirms that individuals accustomed to using technology

Table 5
Direct effects in our research model.
Est. Std.Err z P ci.lower ci.upper Std.lv Std.all
BI ~
PE 0.442 0.046 9.649 < 0.001 0.353 0.532 0.473 0.473
EE 0.319 0.053 6.050 < 0.001 0.216 0.422 0.287 0.287
SI 0.464 0.054 8.521 < 0.001 0.357 0.571 0.398 0.398
PR 0.074 0.062 1.188 0.235 —0.048 0.195 0.059 0.059
UB ~
BI 0.711 0.071 9.984 < 0.001 0.572 0.851 0.687 0.687
FC 0.387 0.080 4.811 < 0.001 0.229 0.545 0.297 0.297
PR —0.099 0.067 —1.490 0.136 —0.229 0.031 —0.076 —0.076
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Fig. 4. Path coefficients in our research model.

Table 6

Indirect and total indirect effect in our research model.
Effects unst. Est. S.E. z value p value lower 95% CI Upper 95% CI std. Est.
Indirect Effects
PE - BI - UB 0.315 0.046 6.829 < 0.001 0.225 0.410 0.325
EE — BI —» UB 0.227 0.054 4.163 < 0.001 0.134 0.357 0.197
SI - Bl - UB 0.330 0.066 4.963 < 0.001 0.205 0.473 0.273
PR - BI - UB 0.052 0.054 0.974 0.330 —0.053 0.166 0.040
Total Indirect Effects 0.924 0.131 7.077 < 0.001 0.675 1.179 0.835
Total Effects
... for PE 0.315 0.046 6.829 < 0.001 0.225 0.410 0.325
... for EE 0.227 0.054 4.163 < 0.001 0.134 0.357 0.197
... for SI 0.330 0.066 4.963 < 0.001 0.205 0.473 0.273
... for PR 0.440 0.097 4.510 < 0.001 0.230 0.618 0.338
.. for FC —0.099 0.084 -1.176 0.240 —0.292 0.049 —0.076

Note. The 95% CI represents the bias-corrected bootstrap interval.

are more likely to continue its use [40-42]. Although our model did not Conclusion

include a measure of habit, this factor is influential in sustained tech-
nology adoption and should be considered in future research. Similarly,
studies highlight the prominent role of enjoyment or hedonic motivation
in technology adoption [44,45]. While hedonic aspects were found to be
a prominent driver in other studies, our model did not incorporate a
measure of positive affect or enjoyment. This absence is notable,
particularly in light of Bii et al. [17], who argue that a positive attitude
toward chatbots, which would reflect hedonic motivation, along with
their integration into the curriculum, can further encourage teachers’
use. In our model, a positive attitude (as a construct reflective of hedonic
motivation) emerged as significant. This suggests that, at least within
our sample, pragmatic factors such as performance expectancy, ease of
use, and social influence are more dominant drivers of chatbot adoption
among mathematics teachers.

In addition to the primary relationships examined in our study, we
also explored the moderating effects of age, gender, and teaching
experience on the model’s predictive relationships. Our analyses
revealed that age and teaching experience did not significantly influence
these relationships. However, gender emerged as a noteworthy moder-
ator that affects the strength and direction of BI on UB. This indicates
that male and female teachers may experience different dynamics in
how their intentions and perceptions translate into actual technology
use.

This study examined the adoption of chatbots in mathematics
classrooms through the lens of the UTAUT model, as well as including
constructs such as Perceived Risk (PR), while also considering the
broader literature on technology adoption. Our results robustly confirm
that Performance Expectancy (PE), Effort Expectancy (EE), and Social
Influence (SI) are significant predictors of teachers’ Behavioral Intention
(BI) to use chatbots, and that BI, along with Facilitating Conditions (FC),
plays a decisive role in actual Use Behavior (UB). In contrast, while
Perceived Risk (PR) has been highlighted in earlier studies as a deterrent
to technology adoption, our study found no significant influence of PR
on either BI or UB. This divergence may reflect context-specific factors
or evolving teacher perceptions as familiarity with chatbots increases.
Furthermore, while literature underscores the roles of habit, hedonic
motivation, and a positive attitude toward technology in fostering sus-
tained use, these factors did not emerge as significant within our model.
Their absence suggests that pragmatic concerns, such as the efficiency,
ease of use, and social support for technology, predominate in influ-
encing adoption decisions.

Notably, Performance Expectancy (PE) emerged as the strongest
predictor of Behavioral Intention (BI) compared with Effort Expectancy
(EE) and Social Influence (SI), with a larger effect size for PE ( = 0.473)
than for SI (# = 0.398) and EE (8 = 0.287). This pattern likely reflects
mathematics teachers’ prioritization of demonstrable instructional
gains, such as faster preparation of scaffolded tasks or improved
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Table 7
Moderation effects of age, gender, and teaching experience.
Age
Regressions Estimate Std.Err z-value p-value ci.lower ci.upper Std.lv Std.all
PE—BI —0.001 0.036 —0.026 0.98 —0.074 0.066 —0.001 —0.003
EE—BI 0.001 0.032 0.038 0.97 —0.062 0.061 0.001 0.005
SI-BI —0.032 0.059 —0.532 0.595 —0.134 0.099 —0.034 —0.063
PR—BI 0.026 0.047 0.541 0.588 —0.065 0.12 0.027 0.068
BI-UB 0.041 0.042 0.966 0.334 —0.044 0.122 0.041 0.099
PR—UB —0.052 0.038 —1.381 0.167 —0.128 0.024 —0.053 —0.133
FC—UB 0.026 0.029 0.887 0.375 —0.028 0.082 0.026 0.081
Gender
Regressions Estimate Std.Err z-value p-value ci.lower ci.upper Std.lv Std.all
PE—BI 0.127 0.074 1.728 0.084 —0.031 0.263 0.139 0.206
EE—BI —0.038 0.049 —0.767 0.443 —0.141 0.06 —0.041 —0.071
SI-BI —0.128 0.113 —-1.134 0.257 —0.33 0.117 -0.14 —0.123
PR—BI —-0.014 0.089 —0.162 0.871 —0.186 0.166 —0.016 —-0.018
BI-UB —0.263 0.105 —2.501 0.012 —0.473 —0.064 —0.273 —0.304
PR—-UB 0.168 0.088 1.904 0.057 —0.008 0.324 0.174 0.203
FC—UB 0.025 0.051 0.499 0.618 —0.053 0.148 0.026 0.042
Teaching Experience
Regressions Estimate Std.Err z-value p-value ci.lower ci.upper Std.lv Std.all
PE—BI —0.017 0.023 —0.741 0.459 —0.064 0.028 —0.018 —0.097
EE—-BI —0.011 0.019 —0.569 0.569 —0.047 0.030 —0.012 —0.066
SI-BI —0.001 0.034 —0.021 0.983 —0.063 0.069 —0.001 —0.002
PR—BI 0.042 0.027 1.587 0.112 —0.012 0.097 0.045 0.184
BI-UB 0.018 0.028 0.659 0.510 —0.042 0.069 0.019 0.077
PR—-UB —0.039 0.024 —1.654 0.098 —0.084 0.012 —0.040 —0.164
FC—UB 0.013 0.019 0.713 0.476 —0.024 0.051 0.014 0.070
feedback, over usability alone when deciding whether to adopt chatbots. limitations that need consideration. These limitations may prompt

Practically, this finding implies that adoption efforts should foreground
evidence of instructional impact (e.g., vetted exemplars, alignment to
curricular goals, student learning indicators) while still ensuring low-
friction onboarding. In short, perceived usefulness appears to carry
more weight than incremental usability improvements in this context.

These findings not only reinforce the core tenets of the UTAUT model
but also extend our understanding of technology acceptance in educa-
tional contexts. The practical implications of our findings are clear. For
educational institutions aiming to integrate chatbots effectively, it is
essential to ensure that these tools are not only functionally useful (PE)
but also user-friendly (EE) and supported by a conducive technological
and social environment (FC and SI). By addressing these areas, schools
can facilitate the seamless incorporation of chatbots into the curriculum,
thereby potentially reducing teacher workload and enriching the
learning experience. Translating these findings into practice, institutions
seeking to foster uptake should prioritize: (a) showcasing concrete,
curriculum-aligned use cases that highlight learning benefits (PE), (b)
reducing early barriers through quick-start resources, templates, and
brief training (EE), and (c) amplifying peer endorsement and norm-
setting via teacher champions and department-level routines (SI). Reli-
able, school-supported access and guidance (FC) could facilitate in-
tentions convert into actual use. Although Perceived Risk (PR) was not
significant in this study, maintaining clear data governance and
compliant workflows remains advisable to preempt context-dependent
concerns. Together, emphasizing demonstrable impact while mini-
mizing early effort and leveraging social support offers a balanced path
to sustainable adoption.

As classrooms worldwide navigate the challenges of modern
learning, this research stands as a call for utilizing the power of intel-
ligent technology to transform teaching practices and unlock the full
potential of every learner.

Limitations and future research

Our research provides several contributions, yet it also has certain
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further research. First, our study was conducted in Austria. The cultural
and institutional contexts may differ significantly in other countries,
which means the findings may not be generalizable worldwide. Future
research could explore similar themes in diverse cultural settings to
examine whether the motivations align or differ across different con-
texts. Secondly, the use of a cross-sectional methodology in this study
limits the capacity to establish causal linkages between variables. The
methodology employed in our study captures a snapshot in time and
does not account for changes over time or the directionality of the re-
lationships observed. Longitudinal studies or experimental designs may
be necessary to confirm the causality and sequence of events suggested
by the findings. Lastly, the reliance on self-reported data obtained
through a questionnaire introduces possible biases, such as social
desirability or response biases, where participants may answer in a way
they believe is expected or favorable rather than how they truly feel or
behave. Future studies could incorporate multiple data sources, such as
observations or interviews, to triangulate data and provide a more
comprehensive understanding of the issues at hand.
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