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enabling it to generate relevant responses and handle 
complex tasks based on user input [1]. In China, the 
adoption of Gen-AI and growing AI awareness have 
become hot topics across various sectors. Officials have 
stated that the AI offers numerous opportunities and 
facilitates educ ational activities.

In mathematics education, Gen-AI has demonstrated 
significant potential through its flexible responses and 
vivid contextualization. Empirical studies suggest that 
it not only helps educators generate personalized edu-
cational content and assists teachers in designing les-
son plans and assessing student work, but also enhances 
student engagement, motivation, and academic perfor-
mance through timely problem guidance, personalized 
learning pathways, or interactive tutoring features [2]. 

Introduction
In recent years, Generative AI (Gen-AI) has evolved 
rapidly, with a notable acceleration following OpenAI’s 
release of ChatGPT in 2023. Powered by large lan-
guage models, Gen-AI processes vast amounts of data 
and learns the structure and patterns within datasets, 
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Abstract
In the 21st century, the variety of instructional media for mathematics has significantly diversified. Generative AI 
(Gen-AI) is one technology that K-12 teachers can utilize for teaching mathematics. However, as a new instructional 
medium, Gen-AI presents its own set of usage challenges. Research into the factors influencing mathematics 
teachers’ usage behavior of Gen-AI is crucial. This study integrates the Technology Acceptance Model (TAM) and 
the Theory of Planned Behavior (TPB), incorporating a factor of AI awareness to explore the determinants of 
teachers’ usage behavior in employing Gen-AI for mathematics instruction. Data from 230 mathematics teachers 
who agreed to participate were analyzed using the partial least squares structural equation modeling (PLS-SEM) 
approach. The results indicate that teachers’ attitudes toward Gen-AI, subjective norms, and perceived behavioral 
control (PBC) have a direct effect on mathematics teachers’ usage behavior. AI awareness was found to directly 
affect perceived usefulness (PU), perceived ease of use (PEOU), and attitudes, and it also has an indirect effect on 
mathematics teachers’ usage behavior. This research provides new insights into enhancing the adoption of Gen-AI 
as an instructional medium by improving mathematics teachers’ attitudes toward Gen-AI, with AI awareness playing 
a pivotal role in this enhancement.
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However, while educators are excited about the poten-
tial of Gen-AI as a powerful teaching tool, there are 
also concerns regarding its limitations. Due to the con-
straints of language models, Gen-AI might misinterpret 
user inputs or generate inaccurate or even incorrect 
responses [3–5]. This issue may result in failures in visual 
mathematical content, logical and reasoning errors in 
mathematical proofs, or incompatibility with complex 
mathematical notation, equations, or specialized sym-
bols beyond basic text representations, which presents 
numerous challenges for teachers in utilizing AI in the 
classroom. Such obstacles could negatively impact front-
line teachers’ awareness and willingness to adopt AI in 
their teaching practices. The question of whether Gen-AI 
should be used in mathematics teaching, and how to use 
it effectively, is one that math educators need to critically 
consider.

In teaching, regardless of how effective and powerful 
a technology may be, the extent to which it is utilized 
largely depends on the willingness of teachers [6, 7]. As 
providers of education and guides for student learning, 
teachers’ perceptions and use of technology significantly 
impact the classroom teaching experience [8, 9]. There-
fore, the successful integration of Gen-AI into mathemat-
ics education, which brings positive teaching experiences 
and outcomes for both teachers and students, undoubt-
edly hinges on the role of teachers. Currently, research 
on the application of Gen-AI in mathematics education 
mainly centers on three aspects: technical traits, teach-
ing influences, and practical uses. For technical traits, 
researchers have looked into ways to better combine 
Gen-AI with teaching by considering its pros and cons 
[10]. Regarding teaching influences, they’ve assessed how 
Gen-AI affects classroom teaching and students’ thinking 
through studies, and given useful tips for bringing AI into 
education [11]. Finally, based on existing challenges in 
mathematics teaching, the researchers applied Gen-AI to 
design targeted interventions, and shared practical teach-
ing cases for reference [12]. However, there has been 
limited attention directed toward mathematics teachers, 
who are crucial users of Gen-AI. In this context, under-
standing the factors that influence mathematics teachers’ 
usage behavior of Gen-AI for teaching warrants further 
exploration in the academic field. Based on this, the pur-
pose of this study is identifying factors that significantly 
influence K-12 mathematics teachers to use Gen-AI for 
teaching, aiming to further expand and refine the current 
body of research.

While the Technology Acceptance Model (TAM) pri-
marily focuses on the intrinsic characteristics of tech-
nology [13], and the Theory of Planned Behavior (TPB) 
considers the influence of the social environment and 
individual psychology [14], both models may not suf-
ficiently address the complexities of Gen-AI adoption 

in educational settings. These traditional frameworks 
have demonstrated reliability and validity across diverse 
contexts and are frequently employed in educational 
research to examine technology usage behaviors among 
teachers and students [15–18]. However, the rapid evolu-
tion of Gen-AI technologies and their profound impact 
on educational practices suggest that a broader psycho-
logical and environmental perspective is crucial.

Our study poses the refined research question: How do 
teachers’ perceptions and attitudes influence their adop-
tion of Gen-AI in K-12 mathematics education? This 
inquiry seeks to explore beyond the conventional vari-
ables examined in models like TAM and TPB, by delv-
ing into how emerging factors specific to Gen-AI, such 
as AI awareness and the dynamic nature of technological 
evolution, affect teachers’ willingness to integrate these 
technologies into their teaching practices. By focusing 
on these aspects, our approach not only maintains clarity 
and readability but significantly enhances the theoretical 
grounding of our study, providing a deeper understand-
ing of the factors driving Gen-AI adoption among 
educators.

Literature review and hypothesis development
The role of Gen-AI in mathematics education
With the rapid advancement of the new technologi-
cal and industrial revolutions, artificial intelligence 
(AI) technologies have gained significant attention and 
widespread application across various fields in recent 
years. Gen-AI, as a cutting-edge branch of AI, employs 
advanced algorithms to learn patterns and generate new 
content in diverse forms, including text, images, sound, 
video, and code [19]. A typical example of Gen-AI is 
ChatGPT, which can handle highly complex conversa-
tions and tasks while providing meaningful responses 
based on context [20].

The rise of Gen-AI has brought significant changes to 
the field of mathematics education, with one of the most 
notable shifts being the symbiotic relationship between 
teaching and technology. This has led to a rapid increase 
of computer-based instructional tools, bringing sig-
nificant changes to mathematics teaching methods and 
reshaping the landscape of mathematics education [21, 
22]. In typical learning environments, Gen-AI can sup-
port personalized instruction by generating engaging 
simulated learning environments for learners and assist-
ing with creative tasks in scientific fields [23]. In the con-
text of mathematics education, Gen-AI can effectively 
reduce students’ learning difficulties through two key 
approaches. It offers targeted learning resources that 
bridge abstract mathematical concepts and real-world 
applications, and provides personalized diagnostics 
and formative assessments that support timely learning 
adjustments [2, 24].
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Gen-AI brings many conveniences and benefits to 
mathematics education; however, it also presents new 
challenges for teachers. As the use of generative AI 
becomes increasingly widespread, its involvement in 
teaching has grown significantly—taking on tasks that 
were once the exclusive domain of teachers, such as per-
sonalized instructional guidance [25]. Moreover, due to 
the positive role Gen-AI plays in education, students may 
begin to view it as an authoritative source of knowledge, 
which could, to some extent, undermine the authority 
and professional status of teachers [26]. This develop-
ment places new demands on teachers to redefine and 
adjust their roles. To maintain their core position and 
create effective classroom experiences, teachers must 
focus on their unique pedagogical functions. At the same 
time, the use of Gen-AI has also raised concerns among 
teachers regarding their careers and personal lives [27, 
28]. How to properly understand and handle the relation-
ship between traditional classroom teaching and Gen-AI, 
and how to fully leverage the positive role of Gen-AI to 
create a better mathematics learning environment for 
students, are questions that every mathematics educator 
must consider.

Although Gen-AI can provide students with personal-
ized mathematics learning resources, addressing many 
educational issues such as insufficient instructional guid-
ance, researchers emphasize that artificial intelligence 
should only serve as a complement to traditional math-
ematics teaching, not as a replacement for schools and 
teachers [10, 29]. As UNESCO stated in 2021, “while 
teachers cannot be replaced by machines, and human 
interaction between teachers and learners should remain 
at the core of education, the potentials of AI tools for 
‘human-machine collaboration’ should be further mined 
to support teachers’ high-skill pedagogical responsi-
bilities in different learning settings. Equipping teachers 
with the skills they need for both their own professional 
development and the delivery of quality technology edu-
cation across contexts.”

How Gen-AI benefits mathematics teachers and AI 
awareness
Building on the transformative role of Gen-AI in math-
ematics education outlined in Sect.  2.1, it is pivotal to 
explore how this technology specifically benefits mathe-
matics teachers in their instructional practices. The inte-
gration of Gen-AI into mathematics teaching not only 
revolutionizes educational approaches but also signifi-
cantly empowers teachers.

Gen-AI tools provide teachers with advanced capabili-
ties for personalizing instruction, enabling them to tailor 
lessons according to the unique learning styles and needs 
of each student [30, 31]. By automating the generation 
of engaging and contextually relevant materials, Gen-AI 

allows teachers to focus more on interactive and high-
impact teaching strategies. This is particularly useful in 
mathematics, where the abstraction of concepts often 
poses significant challenges for student comprehension. 
Gen-AI supports teachers by offering diagnostic tools 
and formative assessments that help identify learning 
gaps and track student progress in real-time.

Furthermore, Gen-AI enhances the ability of teach-
ers to facilitate complex problem-solving and critical 
thinking skills by providing simulations and interactive 
scenarios that relate mathematical theories to practical 
applications [30, 32]. This not only aids in reducing math-
ematics anxiety among students but also enriches the 
teaching toolkit available to educators, making the learn-
ing process more engaging and effective [33, 34].

While Gen-AI offers many benefits, its integration into 
mathematics education has brought significant changes 
to teachers’ role positioning, task allocation, and resource 
planning. The rapid pace of these transformations has 
raised concerns about how teachers can balance emerg-
ing technologies with traditional pedagogical approaches 
[35]. Although teachers are encouraged to use Gen-AI 
as a complementary tool that enhances—rather than 
replaces—the human elements of teaching, their var-
ied responses to Gen-AI add complexity to its effective 
implementation. To address this complexity, researchers 
have proposed the concept of AI awareness, which refers 
to individuals’ perceptions of how emerging technologies 
like artificial intelligence may impact their future profes-
sional development [36]. AI awareness comprises several 
dimensions: (1) Knowledge and Understanding—teach-
ers’ awareness and understanding of Gen-AI technolo-
gies and their educational applications, (2) Engagement 
and Communication—the extent to which teachers dis-
cuss and engage with AI topics among peers, enhanc-
ing collective knowledge, and (3) Critical Analysis—the 
ability to read, analyze, and understand the challenges 
and issues associated with AI in education. Existing stud-
ies suggest that AI awareness can act as a double-edged 
sword. On one hand, heightened awareness may foster 
intrinsic motivation, increase technology acceptance, and 
improve teachers’ capacity to adapt. On the other hand, 
it may also amplify concerns about job security and lead 
to pessimism regarding future career prospects [37, 38]. 
Given AI’s potential impact on teaching practices, this 
study examines how these dimensions of AI awareness 
influence K-12 mathematics teachers’ acceptance and 
adoption of Gen-AI.

Technology acceptance model (TAM)
In the evolving landscape of computer and informa-
tion technology, user acceptance of technology remains 
a key area of study within modern information systems 
(IS) research. Historically, several theoretical models 
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have been developed to analyze the factors that influ-
ence users’ adoption of information technology. Among 
these, the Technology Acceptance Model (TAM), intro-
duced in 1989 by [13] specifically for the IS context, has 
been particularly influential. TAM is designed to predict 
the acceptance and use of information technology in 
workplace settings, and extensive theoretical and empiri-
cal research has supported its validity and applicability 
across various technologies and user demographics [39, 
40]. Theoretical and Empirical studies have demonstrated 
that TAM has shown good validity and applicability 
across different information technologies and user types 
[41].

In studies focused on teachers, the Technology Accep-
tance Model (TAM) has proven to be a powerful research 
framework [42, 43]. TAM is built on two key constructs 
[13]: perceived usefulness (PU)—“the degree to which 
a person believes that using a particular system would 
enhance their job performance”—and perceived ease of 
use (PEOU)—“the degree to which a person believes that 
using a particular system would be free of effort.” Within 
TAM, these two factors, influenced by external variables, 
together shape users’ attitudes toward using a technology 
(ATT). ATT represents an individual’s positive or nega-
tive feelings about performing the target behavior [44]. 
These attitudes then influence usage intention, which 
ultimately determines actual usage behavior [13].

Our research model omits behavioral intention 
and directly examines the effects of the constructs on 
actual usage behavior. In behavioral models, research-
ers often choose to measure usage intention rather 
than actual behavior. This is primarily due to practical 
constraints—such as limited time, resources, and ethi-
cal considerations—which make it difficult to obtain 
accurate behavioral data from participants in many 
research settings. However, this perspective has faced 
criticism. For example, a previous study [45] identified 
several limitations of relying solely on behavioral inten-
tion: (1) it overlooks the gap between intention and the 
actual achievement of goals; (2) it fails to consider the 
time lag between forming intentions and taking actions; 
and (3) it does not recognize that for decision-makers, 
intention and action represent fundamentally different 
orientations. In our case, the research is embedded in a 
long-term educational project, allowing direct access to 
participants’ actual usage behavior. Therefore, to avoid 
potential biases arising from the intention–behavior gap, 
we chose to directly measure actual usage behavior. This 
decision provides a more accurate and reliable founda-
tion for drawing conclusions. Usage Behavior refers to 
the actual employment of technology by users, encom-
passing not just frequency or duration of use, but how 
effectively the technology is integrated into daily tasks, 

thus providing a direct measure of technology’s utility in 
real-world settings [13].

In this study, we consider AI awareness as an exter-
nal factor that may influence PU and PEOU. Since some 
studies have pointed out that higher AI awareness can 
lead to more positive attitudes towards AI integration 
in learning or teaching, we also take into account the 
influence of AI awareness on attitude [46].Based on the 
aforementioned theoretical and empirical studies, the 
following hypotheses are proposed:

H1: AI awareness have a significant influence on PU.
H2: AI awareness have a significant influence on PEOU.
H3: AI awareness have a significant influence on ATU.
H4: PU have a significant influence on UB.
H5: PEOU have a significant influence on UB.
H6: ATU have a significant influence on UB.
In this study, we also introduced the construct of facili-

tating conditions (FC) to extend the validity of TAM [47, 
48]. Facilitating conditions refer to the degree to which 
users perceive the presence of technical and organiza-
tional infrastructure that supports system usage [48]. In 
this study, facilitating conditions refer to the extent to 
which teachers feel supported in terms of equipment, 
technology, and decision-making when using Gen-AI. 
In other words, facilitating conditions are factors in the 
environment that affect an individual’s perception of how 
easy or difficult it is to perform a task [49]. If individu-
als expect to have sufficient facilitating conditions (such 
as well-equipped devices) when using a technology, they 
are more likely to adopt it; otherwise, it may hinder their 
usage.

H7: FC have a significant influence on UB.

The theory of planned behaviour (TPB)
Drawn from social psychology, Fishbein and Ajzen pro-
posed the Theory of Reasoned Action (TRA) to predict 
human behavior [44]. TRA includes two core constructs: 
attitude toward behavior and subjective norm. Due to 
limitations in the original model when dealing with 
behaviors not completely under volitional control, Ajzen 
further developed the Theory of Planned Behavior (TPB) 
on the basis of TRA, introducing the construct of per-
ceived behavioral control. He noted that while some 
behaviors are entirely determined by an individual’s 
motivation, most behaviors are at least partially influ-
enced by non-motivational factors such as money, time, 
skills, etc. These factors represent the actual control peo-
ple have over their behaviors. Therefore, when predicting 
behavior, considering people’s perceived ease or difficulty 
in performing the behavior is crucial, which is defined as 
perceived behavior control [14].

Subjective norm is defined as a person’s perception 
that most people who are important to them think they 
should or should not perform the behavior in question 
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[44]. If an individual believes that significant others 
expect them to use a particular technology, they will have 
a higher intention to use it, even if their personal pref-
erence for it is moderate. The establishment and refine-
ment of this core construct is consistent with the revised 
TAM model. Building on TAM, Venkatesh and Davis [41] 
proposed TAM2, incorporating, which, into the TAM 
model. Their research indicated that subjective norm has 
a significant direct influence on usage intentions. Subse-
quent empirical studies related to the TAM model have 
incorporated the variable of subjective norm and support 
the idea that adding subjective norm to TAM could be 
beneficial [40].

Currently, TPB has been widely applied in various 
business environments, including online procurement, 
banking, telemedicine, and more [50–52]. In the field of 
education, TPB has been extensively used in research on 
professional development and teaching practices and is 
considered a conceptually suitable model for explaining 
teachers’ instructional practices. From the perspective 
of information technology, researchers have explored 
behavior intentions of both pre-service and in-service 
teachers based on the TPB model. Based on the above 
discussion, the following hypotheses are proposed:

H8: SN have a significant influence on UB.
H9: PBC have a significant influence on UB.
Given the respective strengths and focuses of TAM and 

TPB, we have combined the two models in this study, 
with certain extensions and refinements, to construct 
the theoretical model for this research. In educational 

settings, the adoption of Gen-AI is a complex process 
that depends not only on the ease of use and usefulness 
of the technology itself, but also on a range of social and 
psychological factors [53]. Specifically, TAM highlights 
perceived usefulness and perceived ease of use, which 
reflect teachers’ rational judgments about how Gen-AI 
might improve the efficiency or effectiveness of teaching. 
This underscores TAM’s technology-centered perspec-
tive, but also reveals its tendency to overlook the broader 
educational context in which teachers operate. In con-
trast, TPB introduces subjective norms and perceived 
behavioral control, which help explain how social expec-
tations and perceived constraints influence teachers’ 
adoption behaviors. By integrating TAM and TPB, our 
research model captures the combined effects of tech-
nological features, internal beliefs, and social pressures, 
offering a more realistic and holistic explanation for the 
application of Gen-AI in teaching. Based on the above 
discussion, we have developed the final research model, 
as shown in Fig. 1.

Methodology
Instruments
This study adopted a quantitative research method to 
explore the factors influencing K-12 mathematics teach-
ers’ use of Gen-AI tools in teaching. The Technology 
Acceptance Model (TAM) and the Theory of Planned 
Behavior (TPB) were employed because they are widely 
used in generational AI research to analyze behavioral 
intentions and actual usage. Based on the TAM and the 

Fig. 1  The research model
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Theory of Planned Behavior models, the research incor-
porated seven constructs, including perceived usefulness, 
perceived ease of use, facilitating conditions, subjec-
tive norm, PBC, attitude and usage behavior. Addition-
ally, AI awareness had been added as a new dimension 
to the model, in line with the research objectives. All 
questionnaires utilized in this study were meticulously 
adapted from established scales used in prior research 
on AI awareness, as well as the TAM and the TPB. This 
adaptation process included carefully revising the items 
to ensure relevance to the specific context of Gen-AI tool 
usage by K-12 mathematics teachers. The questionnaires 
were pre-tested with a small sample of target participants 
to refine wording, scale consistency, and item relevance, 
thereby enhancing the overall reliability and validity 
of the instruments. Furthermore, statistical validation 
techniques, such as confirmatory factor analysis, were 
employed to assess the reliability of the scales before 
their final implementation in the study.

On this basis, a corresponding questionnaire was 
designed. The questionnaire consisted of two parts. The 
first part gathered basic personal information, investigat-
ing the participants’ gender, age, years of teaching expe-
rience, frequency of Gen-AI use, etc. The second part 
was the main section of the questionnaire, comprising 26 
items measured on a five-point Likert scale, where 1 rep-
resented “strongly disagree” and 5 represented “strongly 
agree.”

Two mathematics education experts translated the 
original English TAM and TPB questionnaire into Chi-
nese. A native Chinese-speaking expert then reviewed 
and refined the Chinese version, adjusting the vocabulary 
and sentences to make it easier to read and understand. 
After the revisions were completed, the questionnaire 
was distributed to the research participants.

Data collection
In July 2024, Beijing Normal University collaborated 
with the Tencent WeChat Mini Program team to launch 
the “Mini Program + Mathematics” Innovation Course 
Research Group. This initiative brought together approx-
imately 250  K-12 mathematics teachers from across the 
country to explore the integration of AI technology into 
mathematics education through project-based practices.

Using this research group as the foundation, this study 
adopted a purposive sampling method to ensure the most 
relevant data collection. We targeted teachers who either 
had a basic understanding of Gen-AI or had already 
implemented it in practice, as their perceptions and 
experiences would provide authentic responses to our 
research questions. Since the participating teachers came 
from various regions across China, this sampling method 
helped avoid data concentration from specific schools 
or regions, enhancing the study’s comprehensiveness 

and representativeness. The Research Ethics Committee 
of the School of Mathematical Sciences, Beijing Normal 
University, approved the study on June 10, 2024.

Throughout the research group’s three-month activi-
ties, we identified suitable participants through informa-
tion gathering, discussions, and exchanges of ideas. Then 
an online questionnaire was distributed to these selected 
participants using the survey platform “Wenjuanxing” 
(https://www.wjx.cn). To ensure data authenticity, the 
survey was conducted anonymously. In the question-
naire’s introduction, we clearly informed respondents 
that there were no right or wrong answers and that all 
data would be used exclusively for this study.

A total of 246 respondents completed the question-
naire. To ensure data quality, we conducted a thorough 
cleaning process by examining the dataset for missing 
values, highly regular response patterns, response times 
under 90 s, and responses from non-mathematics teach-
ers. After removing 16 invalid questionnaires, our final 
dataset comprised 230 participants. Table  1 presents a 
detailed breakdown of the respondents’ demographic 
data.

Data analysis
This study employs Partial Least Squares Structural 
Equation Modeling (PLS-SEM) for data analysis. Gener-
ally, there are two common methods for evaluating struc-
tural equation models, namely PLS-SEM and CB-SEM, 
which are based on variance and covariance, respectively, 
to explain the structural equation model. We chose PLS-
SEM for the following three reasons.

First, data collected in social science research often 
do not follow a normal distribution, and PLS-SEM can 
transform the data to prevent errors [54]. Addition-
ally, compared to CB-SEM, PLS-SEM can be used with 
smaller sample sizes, even in cases of very complex mod-
els, and typically demonstrates higher levels of statisti-
cal power and convergence behavior than CB-SEM [55]. 
Third, PLS-SEM is considered to emphasize the predic-
tive nature of the estimated model and provide causal 
explanations among structures, making it more suitable 
for theoretical model development [56]. For these rea-
sons, we selected PLS-SEM for data analysis.

The PLS-SEM process is divided into two main parts: 
measurement model evaluation and structural model 
evaluation [54]. The purpose of measurement model 
evaluation is to ensure that the indicators used reliably 
and validly reflect the latent variables, including reli-
ability analysis and validity analysis. In this part, each 
variable needs to be analyzed individually. Typically, 
Cronbach’s alpha and composite reliability (CR) are used 
to assess the reliability of each latent variable, specifi-
cally its internal consistency. High internal consistency 
indicates that the observed variables reliably measure the 

https://www.wjx.cn
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latent variable and that the measurement items within 
the same latent variable exhibit high correlations. This 
ensures that the scale measurements are stable and reli-
able. External consistency is assessed using average vari-
ance extracted (AVE) from the observed variables. Good 
external consistency indicates that each latent variable 
independently measures its specific concept, demon-
strating good discriminant validity. When both internal 
and external consistency meet the required standards, 

the measurement model is considered to have good reli-
ability and validity, making the results more robust.

On the other hand, structural model evaluation 
assesses the research model by examining the relation-
ships within the structural model and conducting statisti-
cal tests of the hypotheses, with a focus on reporting the 
strength of path coefficients (Beta), explanatory power 
of the model (R²), and statistical significance (p-value). 
Through a comprehensive analysis of these indicators, 
structural model evaluation serves two key purposes. 
First, it helps determine whether the model’s pathways 
are reasonable and assists researchers in identifying 
necessary adjustments. Second, it evaluates the model’s 
explanatory and predictive power, making it an essential 
approach for testing the model’s robustness and validity. 
These two evaluation steps ensure the robustness and 
theoretical soundness of the PLS-SEM model, allowing 
researchers to distill effective predictions and explana-
tions from complex causal relationships.

Limitations
This study faces certain limitations that affect the gener-
alizability of its findings. First, the sample of participants 
mainly comes from public schools at primary level in 
urban districts of China, which may not fully represent 
K-12 mathematics teachers in diverse settings. However, 
it still is one step closer to the truth and provides some 
insights into teachers’ perceptions and attitudes towards 
their adoption of Gen-AI in K-12 mathematics educa-
tion, though the results should not be overgeneralized. 
Second, the research instruments used in this study only 
collect self-reported information, in which situation the 
data may have some bias, since the participants are likely 
to present a positive image of their behaviours, could be 
willing or unwilling to tell the truth, or might forget some 
details of their experiences. To minimize those effects, 
further studies can employ various research tools, such as 
classroom observation, and involves the relevant parties, 
such as students, to triangulate the data. Moreover, the 
absence of qualitative data in this study restricts a deeper 
understanding of the subjective factors influencing teach-
ers’ usage behavior. Incorporating qualitative meth-
ods such as interviews or focus groups in future studies 
could provide richer insights into the dynamics behind 
teachers’ acceptance or resistance to using Gen-AI tools. 
Lastly, while the predictors used in our study explained 
a substantial portion of the variance in usage behavior, 
they may not capture all possible factors. Identifying 
additional variables, such as personal innovativeness, 
technology training, external pressures, or institutional 
support, could further enhance our understanding of 
how teachers adopt and integrate Gen-AI into their 
teaching practices.

Table 1  Demographic information of the participants (N = 230)
Demographic Type N Percentage
Gender Female 153 66.52

Male 77 33.48
Age ≤ 20 1 0.43

21–25 18 7.83
26–30 43 18.70
31–35 30 13.04
36–40 34 14.78
>40 104 45.22

Teaching level Primary 136 59.13
Middle 52 22.61
High 42 18.26

School type Public 222 96.52
Private 8 3.48

School location Rural 16 6.96
Township 20 8.70
Country Town 77 33.48
City 117 50.87

Teaching 
experiences

0–3 29 12.61
4–6 28 12.17
7–10 27 11.74
11–15 33 14.35
> 15 113 49.13

Professional title Senior 1 0.43
Advanced 58 25.22
First-Class 91 39.57
Second-Class 64 27.83
Third-Class 1 0.43
Unranked 15 6.52

Education level Undergraduate 188 81.74
Postgraduate 40 17.39
Doctorate 2 0.87

Familiarity with 
Gen-AI

Not familiar 104 45.22
Somewhat familiar 109 47.39
Very familiar 15 6.52
Extremely familiar 2 0.87

Experience using 
Gen-AI
in teaching

No relevant experience 107 46.52
Tried a few times 104 45.22
Regular use 19 8.26

Programming 
experience

No experience 172 74.78
Basic understanding 53 23.04
Intermediate programming 
skills

5 2.17

Advanced programming skills 0 0
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Findings
To effectively meet the research objective of identifying 
the key factors that significantly influence mathematics 
teachers’ usage behavior of Gen-AI tools in their teach-
ing practices, we utilized smartPLS 4.0 software to exam-
ine the conceptual model in two areas: the measurement 
model and the structural model.

Measurement model
The measurement model was assessed by examining con-
struct reliability, convergent validity, and discriminant 
validity for all constructs. Construct reliability in PLS-
SEM was evaluated by examining Cronbach’s alpha (α), 
average variance extracted (AVE), and composite reli-
ability (CR) values. As shown in Table  2, all Cronbach’s 
Alpha values exceed 0.7, indicating that the data in this 
study is accurate and reliable.

Furthermore, as depicted in Table 2, the composite reli-
ability (CR) values exceed 0.7, indicating strong internal 
consistency among all variables. Additionally, the average 

variance extraction (AVE) approach is used for the con-
vergent validity test, where AVE values must not be 
below 0.5 [57]. It can be observed that all AVE values in 
our study are above 0.5.

For discriminant validity testing, this study utilized 
the Fornell-Larcker criterion [58] and the Hetero-
trait-Monotrait (HTMT) ratio (see Table  3). Previous 
researchers have suggested that the HTMT is more 
effective than the Fornell-Larcker criterion for assess-
ing differences between variables. As shown in Table 4, 
both Fornell-Larcker and HTMT values are excellent.

Structural model
After the measurement model was assessed and all 
constructs demonstrated satisfactory values, the struc-
tural model was analyzed using SmartPLS software. 
This study employs PLS-SEM to determine the direct 
and indirect effects for all hypotheses, where Hair [54] 
suggests that this technique is appropriate for investi-
gating structural interactions allowing for both full and 
partial mediation. Furthermore, it is recommended 
that the Variance Inflation Factor (VIF) be analyzed 
to test for multicollinearity among constructs, where a 
VIF value below 5 indicates that the research model is 
significantly correlated.

Table  5 demonstrates the effects across various con-
structs. Six out of ten hypotheses were supported, indi-
cated by significant P values (less than 0.05). Notably, 
pathways from AI awareness to attitude, perceived ease 
of use, perceived usefulness and usage behavior all show 
strong and statistically significant effects. Similarly, the 

Table 2  Measurement model analysis
Cronbach’s alpha Composite reliability AVE

AI AWARENESS 0.955 0.971 0.917
ATTITUDE 0.784 0.833 0.649
FC 0.953 0.970 0.915
PEOU 0.878 0.925 0.804
PU 0.912 0.945 0.852
SN 0.926 0.947 0.818
PBC 0.954 0.970 0.915
UB 0.964 0.974 0.902

Table 3  Heterotrait-Monotrait ratio (HTMT)
AI AWARENESS ATTITUDE FC PEOU PU SN PBC UB

AI AWARENESS
ATTITUDE 0.666
FC 0.709 0.574
PEOU 0.551 0.797 0.566
PU 0.398 0.774 0.443 0.564
SN 0.590 0.711 0.589 0.725 0.732
PBC 0.739 0.640 0.758 0.612 0.473 0.589
UB 0.635 0.709 0.646 0.631 0.707 0.818 0.721

Table 4  Fornell–Larcker criterion
AI AWARENESS ATTITUDE FC PEOU PU SN PBC UB

AI AWARENESS 0.958
ATTITUDE 0.525 0.806
FC 0.677 0.468 0.956
PEOU 0.506 0.611 0.519 0.897
PU 0.372 0.739 0.413 0.506 0.923
SN 0.555 0.746 0.553 0.654 0.675 0.904
PBC 0.704 0.528 0.724 0.562 0.446 0.558 0.957
UB 0.609 0.772 0.620 0.581 0.664 0.776 0.695 0.950
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influence of attitude, subjective norms, and perceived 
behavioral control on usage behavior is also significant. 
This analysis highlights the critical impact of AI aware-
ness and positive attitudes towards fostering the use of 
AI in educational settings. Furthermore, our findings 
reveal that AI awareness has a positive indirect effect 
on UB, with a beta coefficient of 0.166 and a P-value of 
0.001, T-value of 3.360.

To investigate the values of R2 and structural path 
coefficients, we employed the bootstrapping technique 
with 5000 resamples and a 95% bias-corrected confi-
dence interval. As illustrated in Fig. 2, the R2 values for 
usage behavior is 76.3%, which indicates that the factors 
included in our research model can explain up to 76.3% 
of the variance in teachers’ usage of Gen-AI as a medium 
for teaching mathematics.

Discussion
The purpose of this study is to identify factors that sig-
nificantly influence usage behavior of Gen-AI tools in 
their teaching practices. The research framework inte-
grates the Technology Acceptance Model, the Theory of 
Planned Behavior, and AI awareness as an additional pre-
dictor. The results of the PLS-SEM analysis indicate that 
the proposed measurement model in this study meets the 
reliability requirements, and the structural model dem-
onstrates good validity.

The results show that all hypotheses related to AI 
awareness were supported. AI awareness has a signifi-
cant positive impact on attitudes, PU, and PEOU, which 
in turn indirectly influence usage behavior. This suggests 
that when mathematics teachers have higher AI aware-
ness, they may more likely to view Gen-AI as an effec-
tive and easy-to-use teaching tool, and they may tend to 

Table 5  Outcomes of hypothesis testing for direct and indirect effects
Path Beta Mean STDEV T statistics P values Significance

(p < 0.05)
H1: AI AWARENESS -> PU 0.372 0.373 0.061 6.097 0.000 Yes
H2: AI AWARENESS -> PEOU 0.506 0.506 0.065 7.721 0.000 Yes
H3: AI AWARENESS -> ATTITUDE 0.525 0.525 0.057 9.282 0.000 Yes
H4: PU -> UB 0.081 0.080 0.058 1.396 0.163 No
H5: PEOU -> UB -0.073 -0.070 0.062 1.191 0.234 No
H6: ATTITUDE -> UB 0.329 0.329 0.079 4.178 0.000 Yes
H7: FC -> UB 0.090 0.091 0.066 1.352 0.177 No
H8 SN -> UB 0.315 0.312 0.078 4.039 0.000 Yes
H9 PBC -> UB 0.286 0.284 0.066 4.308 0.000 Yes
Indirect effect
AI AWARENESS-> UB 0.166 0.167 0.049 3.360 0.001 Yes

Fig. 2  Structural Model Test Results with Beta Coefficients and R² Values
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hold more positive attitudes towards its use. This might 
be because AI awareness provides teachers with a deeper 
and more positive understanding of Gen-AI. Teachers 
who recognize how Gen-AI can enhance their teach-
ing practices, such as simplifying complex mathematical 
concepts and generating personalized learning tasks, are 
more aware of AI’s potential roles and benefits in educa-
tion, reducing their uncertainty and fear about integrat-
ing AI into mathematics teaching, thereby fostering more 
positive attitudes. Additionally, AI awareness typically 
reduces the perceived difficulty in using the technol-
ogy, directly influencing the perceived ease of use. When 
teachers have prior knowledge of how AI works, they 
are less likely to feel intimidated by technical barriers 
[59, 60]. This knowledge might come from professional 
development, peer discussions, or exposure to AI tools 
in everyday life, all of which contribute to lowering the 
learning curve associated with using AI in the classroom. 
This finding not only integrates the context of the AI era 
and effectively extends the TAM and TPB models, but 
also offers a new perspective for IT-related educational 
training. It emphasizes that in the context of technologi-
cal transformation in education, training must focus on 
raising awareness of AI’s educational applications, rather 
than merely concentrating on technical skills.

Among the three hypotheses (H4, H5, H6) related to 
the original TAM, only the significant influence of atti-
tude on usage behavior was supported. This can be 
explain with when mathematics teachers have a positive 
feeling towards using technology, they are more likely to 
adopt it in their teaching practices, which is consistent 
with previous research [61, 62]. Unexpectedly, the results 
indicated that PU did not have a significant effect on 
teachers’ usage behavior. This finding aligns with some 
previous study but contradicts others [63], which sug-
gest that PU should strongly predict users’ intention to 
use technology. This result may be attributed to the spe-
cific characteristics of the study participants and culture 
norm. First, the study participants were predominantly 
middle-aged teachers and elder, who may not find tech-
nology as immediately applicable or essential to their 
teaching compared to younger people. Prior research 
has shown that gender expectations and varying levels of 
technological exposure and training can influence teach-
ers’ perceptions of usefulness [64, 65]. Second, influenced 
by the collectivist cultural context, teachers tend to be 
more affected by policies and directives from superiors 
during the process of technology adoption. Compared 
with perceived usefulness, factors such as subjective 
norms and self-efficacy exert a stronger influence on 
their behavioral intentions [66]. Finally, this result may 
also be related to the fact that teachers express valid con-
cerns about technology disrupting classroom instruction. 
Research on mobile technology in teaching shows that 

while teachers recognize its benefits, they worry about 
potential misuse, student distraction, and classroom dis-
ruption [67, 68]. These concerns hinder perceived useful-
ness from becoming a key factor in teachers’ decisions to 
adopt new technology.

These observations suggest that even if teachers per-
ceive technology as useful, their overall attitude towards 
using technology in their teaching practice may be a 
more critical determinant of actual technology use. 
Future research should focus on identifying which com-
ponents of attitude most significantly affect technol-
ogy integration. This could involve targeted professional 
development and the fostering of positive experiences 
with technology to enhance teachers’ attitudes and, con-
sequently, their usage behavior.

Interestingly, our results show that Perceived Ease of 
Use had no significant influence on mathematics teach-
ers’ adoption of Gen-AI. This result may be related to 
two main aspects. First, China’s K-12 education system 
is characterized by rigid curriculum standards and policy 
constraints, which limit the degree of autonomy teach-
ers have in their instructional practices [69]. In such a 
highly structured system, even if teachers personally per-
ceive Gen-AI as valuable for teaching, they may lack the 
flexibility and space to incorporate the technology into 
their classrooms due to constraints imposed by policies 
and school regulations [26]. Second, tThis resistance also 
aligns with Markus’s theory in “Power, Politics, and MIS 
Implementation” [70]. Mathematics teachers who per-
ceive a loss of authority in their interactions with Gen-
AI often reject the technology—the stronger their sense 
of power loss, the greater their resistance. This erosion 
of teachers’ influence stems from the unique relation-
ship between AI technology and education. The rapid 
advancement of AI has sparked debates about its poten-
tial to replace teachers, especially in subjects like math-
ematics and physics where content is clearly defined. 
These discussions have intensified teachers’ concerns 
about job security. Additionally, as AI begins providing 
targeted student guidance, it diminishes teachers’ tradi-
tional classroom authority and control. Consequently, 
despite Gen-AI’s ease of use, teachers may view it as a 
threat, leading to lower adoption rates.

In this study, usage behavior was not significantly influ-
enced by facilitating conditions. Although this is incon-
sistent with our research hypothesis, it is supported by 
many related studies [49, 71, 72]. This could be because 
the use of Gen-AI by teachers is influenced by multiple 
factors, making it a highly complex process [59]. Merely 
providing facilitating conditions, such as equipment or 
technical support, is not sufficient to motivate them to 
adopt Gen-AI in their teaching. In addition, the simple 
and convenient interface of Gen-AI also makes it easy for 
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math teachers to use, thus reducing the impact of facili-
tating conditions.

Both hypotheses related to the original TPB model 
were supported, indicating that subjective norms and 
PBC (perceived behavioral control) had a significant 
positive impact on usage behavior, which aligns with 
findings from previous research [73, 74]. This suggests 
that when mathematics teachers decide whether to use 
Gen-AI in their teaching, the opinions of those around 
them and their perceived control over the technology 
are key factors. When education administrators, princi-
pals, colleagues, and students value the use of Gen-AI in 
mathematics teaching, or when teachers feel they have 
sufficient control over the use of Gen-AI, they are more 
likely to adopt it in practice.

Implications
Theoretical implications
Overall, the findings of this study offer the following the-
oretical contributions. First, by incorporating AI aware-
ness as an external variable and adjusting the original 
models based on their strengths and weaknesses, this 
study extends the existing TAM and TPB models to 
explore the factors significantly influencing K-12 mathe-
matics teachers’ use of Gen-AI in teaching activities. The 
results show that the model has a high explanatory power 
for Chinese K-12 mathematics teachers’ use of Gen-AI 
in teaching, suggesting that it is an effective theoretical 
framework. This provides a more comprehensive and 
in-depth understanding of the factors affecting teachers’ 
technology adoption. Considering the commonality of 
variables across different contexts, the model offers valu-
able insights for other researchers investigating teachers’ 
use of AI technologies.

Additionally, the results demonstrate that AI aware-
ness is a key factor influencing mathematics teachers’ 
use of Gen-AI in teaching indirectly, highlighting its 
positive role in K-12 teachers’ adoption of Gen-AI for 
instructional purposes. Given AI’s growing significance 
in today’s fast-evolving technological landscape, further 
exploration is needed to understand how AI awareness 
affects teaching and learning activities. This study pro-
vides a new perspective on understanding and investigat-
ing the role and value of AI awareness and contributes 
to a deeper exploration of the intrinsic reasons and deci-
sion-making processes behind teachers’ technology 
adoption.

This study also presents findings that differ from some 
previous research, encouraging further reflection on per-
ceived usefulness and perceived ease of use. The results 
indicate that teachers’ decisions to use AI in teaching 
activities involve a highly complex process. Policymak-
ers and educational researchers must fully consider the 
nuanced and sometimes conflicting relationship between 

teachers and AI, especially in the era of rapid techno-
logical change, as well as the dynamic nature of teachers’ 
evolving evaluations of AI’s value as it increasingly inte-
grates into the educational landscape.

Practical implications
As Gen-AI increasingly integrates with mathematics edu-
cation, teachers need support to harness its full potential 
in creating dynamic and inclusive learning environments. 
Following our study’s findings, we implemented sev-
eral improvements to the “Mini Program + Mathemat-
ics” Innovation Course Research Group activities. We 
launched teacher training programs, designed mathe-
matics courses, and created educational discussion plat-
forms. Through months of refinement and collaboration, 
our research group developed exemplary teaching cases, 
which serves as important models that offer useful inspi-
ration and guidance, particularly for new and early-career 
teachers. The exemplary teaching cases successfully boost 
teacher professional development and enhance students’ 
innovation and information literacy skills. Overall, the 
adjustments have demonstrably improved the integra-
tion of AI technology in mathematics teaching. Based on 
these results, we recommend actions in three key areas.

First, teacher training programs should focus on culti-
vating AI awareness while providing AI technology train-
ing and showcasing exemplary lessons. Our result shows 
that AI awareness and attitudes are crucial factors in 
teachers’ acceptance and adoption of AI—more so than 
perceived usefulness, ease of use, or available technol-
ogy and equipment. Although robust teacher training 
programs exist at all educational levels, they often place 
excessive emphasis on teachers’ mastery of AI technol-
ogy, while neglecting to provide support for teachers’ 
knowledge of AI and curriculum design skills [75]. Inte-
grating AI into classroom teaching presents a complex 
challenge beyond traditional methods for teachers. Effec-
tive use of AI technology requires teachers to thoroughly 
understand its functions and value—without this aware-
ness, classroom implementation suffers. Additionally, as 
classroom leaders and student guides, teachers must bal-
ance this with content delivery, student needs, and class-
room management, adding to their responsibilities.

Hence, future teacher training should prioritize 
enhancing AI awareness through diverse methods: lec-
tures, self-directed learning, and group discussions. This 
training should deepen teachers’ understanding of how 
Gen-AI and mathematics education intersect, includ-
ing AI’s historical context, its benefits and drawbacks in 
mathematics teaching, and its role in professional devel-
opment. Building on this foundation, targeted opera-
tional training can boost teachers’ technical confidence. 
Particularly, sharing exemplary lessons helps teachers 
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understand practical AI integration methods and fosters 
positive attitudes.

Second, course design should emphasize collaborative 
participation from diverse stakeholders to strengthen 
teachers’ sense of support. Currently, curriculum devel-
opment is primarily carried out independently by teach-
ers, without a sufficient support structure in place [76]. 
In this context, teachers not only lack professional com-
munication and guidance, but also fail to receive timely 
care and support from the teaching community. This 
leads to feelings of confusion and uncertainty during 
instruction, and weakens their sense of belonging [75]. 
Such isolation negatively affects teachers’ perceived sub-
jective norms, which can hinder their engagement with 
broader perspectives.

To address this, course design should actively involve 
mathematics education experts, school administrators, 
parents, and AI technology experts. This can be achieved 
in three ways: First, use mass media and campus initia-
tives to raise awareness about the value of AI integra-
tion in mathematics teaching, building support across 
different groups. Second, invite AI experts, administra-
tors, and students to participate directly in course design 
through hands-on program interactions and discussions. 
Third, create open channels for communication between 
teachers, students, and parents to encourage dynamic 
feedback and enrich exemplary teaching cases. These 
steps will strengthen teachers’ connection to their sup-
port network and increase their willingness to adopt AI 
technologies.

Finally, this study offers valuable insights for developing 
technology-supported course design platforms. While 
traditional course design and lesson planning occur 
offline, the complexity of integrating AI with mathemat-
ics education requires more dynamic solutions for real-
time feedback and resource sharing. This highlights the 
importance of developing intelligent course design plat-
forms. The findings on perceived behavioral control show 
that mere access to technology isn’t enough—teachers 
need to feel confident and supported in using it.

The development of these platforms should address 
teachers’ core needs, offering personalized teaching sup-
port and simplifying AI classroom integration. These 
platforms should leverage online interactivity to connect 
educational experts, technical specialists, and mathemat-
ics teachers in a professional yet flexible discussion space 
where teachers can quickly resolve practical challenges. 
For instance, GeoGebra incorporates AI features to help 
visualize mathematical concepts, create interactive geo-
metric constructions, and solve complex problems. It 
also provides online resources shared by teachers world-
wide. This boosts teachers’ perceived behavioral control, 
encouraging them to embrace AI technology in their 

teaching and ultimately achieve more innovative and 
effective educational outcomes.

Conclusion
As artificial intelligence technologies continue to evolve, 
Generative AI—exemplified by tools like ChatGPT—is 
increasingly integrated into mathematics education. 
This integration is transforming the teaching and learn-
ing landscape. This study utilized the PLS-SEM method, 
drawing on an extended TAM and TPB model, to 
uncover the factors influencing K-12 mathematics teach-
ers’ adoption of Gen-AI in their teaching practices. The 
findings indicate that attitude, subjective norms, and 
perceived behavioral control (PBC) significantly posi-
tively impact K-12 mathematics teachers’ use of Gen-AI. 
This insignificant result is primarily due to the influence 
of the characteristics of the educational system and cul-
tural norms. Compared to the intrinsic features of the 
technology and environmental conditions, teachers are 
more focused on subjective norms and perceived behav-
ioral control. In addition, AI awareness also played an 
indirect role in shaping usage behavior. This study closely 
aligns with the contemporary context by incorporating 
AI awareness into the theoretical model, constructing 
a reliable and effective framework. Additionally, based 
on the research findings and project implementation 
experience, this study provides practical recommenda-
tions for teacher training programs, mathematics course 
design, and the development of technology-supported 
course design platforms. These insights provide valuable 
guidance for policymakers, educators, and researchers 
striving to enhance AI integration in K-12 mathematics 
education.
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