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Artificial Intelligence (AI) is a computer system that mimics the human 
brain's ability to process information and make decisions. AI technology 
is used to learn patterns in data and make predictions or decisions based 
on that learning. Despite the potential benefits of AI in education, 
elementary school teachers face significant challenges in adopting AI 
technology due to limited training, lack of resources, and resistance to 
change. This research aims to identify the factors influencing the 
adoption of AI technology among primary school teachers in West Java, 
Indonesia. The study involved 384 participants and employed a 
quantitative approach. Specific factors influencing AI adoption were 
identified by developing a model for AI-based teaching and learning and 
assessing readiness factors. The results identified optimism, 
innovativeness, insecurity, discomfort, perceived validity, trust, 
usefulness, and ease of use as critical factors for successful AI adoption 
among primary school teachers in West Java. The customized adoption 
model provides a practical roadmap for integrating AI into teaching and 
learning processes, addressing regional specificities while remaining 
relevant to similar educational challenges worldwide. The assessment 
of readiness factors offers actionable insights for fostering a supportive 
environment for technology integration. The study concludes with 
recommendations for future research and implications for educators, 
administrators, and policymakers. 
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1. INTRODUCTION 

Education is a fundamental aspect of a nation's development. With the rapid advancement of 
information and communication technology, integrating technology into learning has become a priority 
to enhance education quality. One technology gaining significant attention is Artificial Intelligence (AI). 
AI is a computer system designed to mimic the human brain's ability to process information and make 
decisions by learning patterns in data and making predictions or decisions based on that learning [1]. AI 
has the potential to transform traditional learning paradigms into adaptive, interactive, and 
personalized learning experiences [2]. 

Despite the promise of AI, its adoption in education, particularly in Indonesia, still needs 
improvement[3], [4]. AI-based teaching and learning involve using algorithms and computer systems to 
collect, analyze, and process data, providing students with personalized and engaging learning 
experiences [5]. This approach is expected to enhance the quality of instruction, offer timely feedback, 
and facilitate interaction and collaboration between students and teachers [6]. 
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In Indonesia, especially in West Java, educational development focuses on improving quality at 
all levels. However, the adoption of AI technology among primary school teachers remains limited due 
to factors such as insufficient digital literacy, inadequate resources, and resistance to change [7], [8]. 
Enhancing digital literacy among educators and students is crucial to optimize AI use in the learning 
process [9]. To harness AI's potential in West Java's education, it is essential to understand the factors 
influencing teachers' willingness and acceptance to adopt this technology. Critical factors include 
information literacy, availability of facilities, and infrastructure [10]. Challenges such as inadequate 
technological support, insufficient training, and lack of recognition from school leadership must be 
addressed [11]. The Indonesian curriculum, "Merdeka Belajar" (Freedom to Learn), also faces challenges 
in the technology accessibility required for online learning [12]. 

Strengthening teachers' roles through training and skills development is necessary to support 
Merdeka Belajar [13]. Readiness to adopt information technology innovations remains low due to 
limited access to technology, lack of training, and low motivation [14]. Effective integration of AI in 
learning requires overcoming challenges such as high implementation costs and providing adequate 
training for educators [15] 

This study aims to identify the factors influencing AI technology adoption among primary school 
teachers in West Java, providing a roadmap for integrating AI into educational practices. The results of 
this research are expected to contribute to the development of educational policies focused on using AI 
technology in learning. This research is also expected to guide curriculum development and training 
programs to increase the readiness and competence of elementary school teachers in West Java to use 
AI technology. [16] explain the need for a child-centered approach to the use of AI in education, which 
means ensuring that this technology does not replace the role of teachers but remains a supportive tool 
that helps teachers facilitate better and personalized learning for each child. [17] explain that AI can 
significantly contribute to African education. Implementable solutions include developing integrated 
ICT systems, teacher and student training, flexible and inclusive curriculum development, and increased 
ICT resources and infrastructure access. Successful implementation of AI in education in Africa will 
require strong collaboration among all stakeholders and a sustainable and inclusive approach. 

According to a study conducted by [18], several situations can be identified in implementing 
artificial intelligence (AI) in Indonesia's education sector. These include:(1) Indonesia has great 
potential for implementing AI in the education sector. This is due to the rapid development of 
information and communication technology and the development of digital infrastructure in the 
country. (2) Despite the great potential, the implementation of AI in Indonesia's education sector needs 
more resources. There are constraints related to technology infrastructure, availability of adequate 
hardware and software, and limited Internet access in specific areas;(3) The implementation of AI in the 
education sector also needs to improve the understanding and sufficient skills to use this technology. 
Teachers and educators need adequate training and support to use AI in the learning process 
effectively;(4) In the context of AI implementation in education, there is a need for mature regulations 
and policies to govern the use and protection of data, as well as to address privacy and ethical issues. 
This is critical to ensure security and trust in the application of AI technology in the educational 
environment. (5) Despite the significant potential benefits, the adoption and acceptance of AI in 
education still need to be improved. There is resistance to change and concerns about replacing the role 
of teachers. Therefore, there is a need for appropriate approaches to socialize and engage stakeholders 
in the implementation of AI in education. By understanding these situations, strategic steps can be 
designed to address challenges and effectively leverage the potential of AI to improve the quality of 
education in Indonesia. The several issues can be summarized as follows:  

1. Lack of technological readiness: Elementary school teachers in West Java, Indonesia, face 
challenges in adopting artificial intelligence (AI) technology in learning. Many teachers still have 
limitations in using AI technology and need to understand its potential and benefits. This 
hinders the adoption of AI technology [19],[20]   

2. Low information literacy: The need for more information literacy about AI technology is a 
barrier to effectively utilizing it in learning. Teachers need to have a sufficient understanding of 
AI technology and how to use it effectively and integrate it into the curriculum. This lack of 
understanding hinders elementary school teachers' adoption of AI technology in West Java. 
[19].[21] 

3. Facility and infrastructure constraints: Facility and infrastructure issues also affect the adoption 
of AI technology among elementary school teachers. The lack of access to necessary hardware 
and software, such as computers, unstable internet connections, and limited access to AI 
devices, poses natural barriers to effectively adopting AI technology in learning [19].[20],[21] 
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This research aims to identify the factors that influence the technological readiness and 
acceptance of AI-based learning among elementary school teachers in West Java, Indonesia. Through a 
deep understanding of these factors, it is expected that effective and sustainable implementation 
strategies of AI technology can be developed in the educational context of this region. Thus, this research 
has high relevance in the educational context of West Java, Indonesia, and can make a real contribution 
to enhancing the quality of learning by harnessing the potential of AI technology 
 
2. METHOD 

This study utilizes the Technology Acceptance Model (TAM) to analyze factors influencing the 
acceptance of AI-based learning technology among primary school teachers in West Java, Indonesia. The 
factors include perceived usefulness, perceived ease of use, intention to use, and actual usage behaviour 
of AI technology. 

Below are the stages of the theoretical model that cover the factors influencing technology 
readiness, acceptance and adoption of technology in the research "Factors Influencing Technologies 
Readiness and Acceptance of adoption model Among Elementary School Teachers in West Java, 
Indonesia": 
a. Technology Readiness 

Identifying Factors: The study identifies factors influencing technology readiness among primary 
school teachers. These factors include technological knowledge, skills in using technology, self-
confidence in adopting technology, and perceptions of the benefits of AI technology in learning.         

b. Technology Acceptance: 
Analyzing Factors: The research analyzes factors influencing teachers' acceptance of AI-based 
learning technology. These factors include perceptions of AI technology's benefits, ease of use, 
individuals' confidence in using AI technology, and social influence from colleagues or the school 
environment. 

c. Technology Adoption: 
Studying Factors: The study examines factors influencing primary school teachers' adoption of AI-
based learning technology. These factors include institutional support, accessibility and availability 
of resources, and policies and regulations related to technology adoption in education. 

The research aims to understand the technology readiness of primary school teachers, their 
acceptance of AI-based learning technology, and the factors influencing AI technology adoption in 
education. By comprehending this theoretical model, the study will identify key factors to promote AI 
technology acceptance and adoption among primary school teachers in West Java, Indonesia. Figure 1 
presents the model that is proposed in this research. The formulation of the model draws from various 
theoretical models. The theories utilized include the information processing theory by [22], the 
Technology Readiness Model by [23], the Technology Acceptance Model by [24], as well as the 
Perception theory of truth and belief suggested by [25] 

 

 
Figure 1. The conceptual model of the study 

2.1 Research Hypothesis 

Based on Figure 1, The researcher hypothesized the following : 
H1: Optimism (OPT) has a significant effect on perceived validity (PV) 
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H2: Optimism (OPT) has a significant effect on perceived usefulness (PU). 
H3: Optimism (OPT) has a significant effect on perceived ease of use (PE) 
H4: Optimism (OPT) has a significant effect on perceived trust (PT) 
H5: Innovation (INN) has a significant influence on perceived validity (PV). 
H6: Innovation (INN) has a significant influence on perceived usefulness (PU) 
H7: Innovation (INN) has a significant influence on perceived ease of use (PE) 
H8: Innovation (INN) has a significant influence on perceived trust (PT) 
H9: Discomfort (DIS) has a significant influence on perceived validity (PV). 
H10: Discomfort (DIS) has a significant influence on perceived usefulness (PU) 
H11: Discomfort (DIS) has a significant influence on perceived ease of use (PE) 
H12: Discomfort (DIS) has a significant influence on perceived trust (PT) 
H13: Insecurity (INS) has a significant influence on perceived validity (PV) 
H14: Insecurity (INS) has a significant influence on perceived usefulness (PU) 
H15: Insecurity (INS) has a significant influence on perceived ease of use (PE) 
H16: Insecurity (INS) has a significant influence on perceived trust (PT) 
H17: Perceived validity (PV) has a significant influence on perceived usefulness (PU) 
H18: Perceived validity (PV) has a significant influence on intention to use (IU) 
H19: Perceived validity (PV) has a significant influence on usage behavior (UB) 
H20: Perceived trust (PT) has a significant influence on perceived validity (PV) 
H21: Perceived trust (PT) has a significant influence on intention to use (IU) 
H22: Perceived trust (PT) has a significant influence on usage behavior (UB) 
H23: Perceived usefulness (PU) has a significant influence on intention to use (IU) 
H24: Perceived ease of use (PE) has a significant influence on perceived usefulness (PU) 
H25: Perceived ease of use (PE) has a significant influence on intention to use (IU) 
H26: Intention to use (IU) has a significant influence on usage behavior (UB) 
H27: Usage behavior (UB) has a significant influence on actual usage (AU). 

 

2.2 Development Of Instrument 

The instrument consists of a request letter to complete the questionnaire and the research question 
items. The questions consist of 51 statements divided into ten groups, representing each variable to be 
analyzed. The scale used for the research questions is a 5-point Likert scale: 1. Strongly Disagree, 2. 
Disagree, 3. Neutral, 4. Agree, and 5. Strongly Agree [26]. The indicators and questions refer to TRI 2.0 
[23] and TAM [24], used in similar studies. The questionnaire was distributed directly and indirectly 
through face-to-face interaction, email, and WhatsApp messages using Google Forms. 

 

2.3 Population And Sampling 

The study includes West Java elementary school teachers actively implementing the AI-based teaching 
and learning adoption model. The population comprises 139,373 teachers, with a sample size of 384 
considered appropriate for this study, ensuring a representative sample. The sampling process used a 
purposive sampling technique, focusing on respondents' profiles, including their practical experience 
with AI-based methodologies. 

 

2.4 Analysis Of Data 

Data analysis employed the Partial Least Squares Structural Equation Modeling (PLS-SEM) method using 
SmartPLS version 3.0 software. The analysis consisted of two stages: measurement model analysis and 
structural model analysis. The first stage assessed the reliability and validity of the measurement 
instruments, and the second stage examined the relationships among the identified constructs, exploring 
the factors contributing to the acceptance and readiness for AI-based teaching and learning models. This 
rigorous analysis provides a nuanced understanding of factors influencing the adoption of AI technology 
among primary school teachers in West Java, Indonesia. 
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3. RESULT AND DISCUSSION     

In this research, the data collection involves obtaining relevant information through a 
structured questionnaire. Subsequent steps, such as data screening and cleaning, are critical to ensuring 
the collected data's quality, accuracy, and integrity. These steps are fundamental to sound research 
methodology, as they contribute to the reliability of findings and the validity of conclusions drawn from 
the dataset. From the results of the questionnaire distribution, we obtained completed responses that 
met the minimum sample size requirement of 384 respondents. Therefore, the subsequent research is 
based on this collected sample. 

3.1.  Evaluation of Measurement Model 

The main objective of evaluating this study's measurement model, or outer model, is to verify 
that all the study variables meet the prescribed standards for reliability and validity thresholds. This 
evaluation includes examining the outer loadings of the variables, assessing their reliability and validity, 
and assessing the discriminant validity among them. Based on the data processing results from the 384 
questionnaires distributed to elementary school teachers, Cronbach's Alpha results are shown in Table 
1. 

 
Table 1. Cronbach's Alpha Value 

Optimisme (OPT) 0.677 

Innovativeness (INN) 0.684 

Discomfort (DIS) 0.778 

Insecurity (INS) 0.889 

Perceived Validity (PV) 0.770 

Perceived Trust (PT) 0.814 

Perceived Easy of Used (PE) 0.814 

Perceived Usefull (PU) 0.809 

Intension To Uses (IU) 0.731 

Usage Behaviour (UB) 0.768 

Actual Used (AU) 0.788 

 
Almost all the variables measured in this study have Cronbach's Alpha values in the high-

reliability range of 0.7 to 0.8 or higher. This indicates that the instruments used in this research are 
consistent and reliable for measuring these variables. Optimism (OPT) and innovativeness (INN) have 
values slightly below 0.7 but are still within the acceptable range. These values indicate that the data 
collected are reliable and suitable for further analysis. Therefore, to achieve a threshold above 0.5, 
indicators with lower outer loading values were removed from these variables. Figure 2 shows the 
structural model after removing these indicators. 
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Figure 2. Loading of Outer Model 

3.2.  Construct Reliability and Validity 

Construct reliability and validity are critical concepts in research and measurement. Construct 
reliability ensures that the measurement consistently captures the underlying construct, while construct 
validity ensures that the measurement accurately reflects the intended theoretical concept. The results 
from the SmartPLS analysis, showing construct reliability and validity for all study variables, are 
presented in Table 2. 

Table 2. Construct Reliability and Validity 

 Cronbach's  
Alpha 

rho_A 
Composite  
Reliability 

Average Variance  
Extracted (AVE) 

OPT 0.677 0.680 0.795 0.538 

INN 0.684 0.702 0.798 0.545 

DIS 0.778 0.778 0.850 0.533 

INS 0.889 0.892 0.919 0.693 

PV 0.770 0.771 0.845 0.523 

PT 0.814 0.817 0.866 0.518 

PE 0.814 0.816 0.866 0.518 

PU 0.809 0.822 0.863 0.515 

IU 0.731 0.748 0.848 0.651 

UB 0.768 0.775 0.868 0.687 

AU 0.788 0.877 0.901 0.820 

 
The results derived from the SmartPLS analysis show that all variables meet the criteria for construct 
reliability, as evidenced by Cronbach's Alpha values that exceed the minimum threshold of 0.50. In 
addition, the rho_A value, which indicates composite reliability, exceeds the acceptable minimum of 0.50 
with a minimum value of 0.680. Similarly, the CR values meet the established standards, with minimum 
values exceeding 0.795 and maximum values reaching 0.919. In terms of construct validity, as assessed 
by AVE values, it was found that all variables met the minimum acceptable threshold of 0.50. 
In conclusion, this study has not only successfully established the reliability and validity of the constructs 
but has also met all three criteria for convergent validity. All indicator loadings are greater than 0.50, 
thus meeting the three conditions. The observed construct reliability (CR) values range from 0.795 to 
0.919, indicating high internal consistency reliability. In addition, the average variance extracted (AVE) 
values range from 0.515 to 0.820, exceeding the recommended threshold of 0.50.. 
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3.3.  Evaluation of Structural Model 

The internal or structural model was examined, including the study variables and their relationships. 
These relationships are derived from the proposed model. The effectiveness of the proposed model in 
explaining and predicting one or more target variables was verified through the results obtained from 
the structural model analysis. As recommended, a systematic approach is essential to evaluate the 
structural model of a study. This methodology includes various statistical techniques such as 
multicollinearity assessment, coefficient of determination (R²), f² effect sizes, blindfold-based cross-
validated redundancy measure (Q²), and hypothesis testing to establish the statistical significance and 
relevance of the path coefficients for the relationships between the variables under study. In addition, 
the ability of the structural model to predict out-of-sample data (q²) is assessed using the PLSpredict 
technique. 
The evaluation of the structural model revealed several key findings. First, the multicollinearity 
assessment showed no significant issues, as all VIF values were below the recommended threshold of 3, 
ensuring the reliability of the regression results. Second, the coefficient of determination (R²) values 
indicated that the model's explanatory power was moderate for most constructs, explaining between 
26.4% and 48.2% of the variance in the dependent variables. Third, the f² effect size analysis 
demonstrated that most relationships between variables had small to moderate effect sizes, with the 
relationship between Usage Behavior (UB) and Actual Use (AU) showing a large effect size. Fourth, the 
predictive relevance (Q²) values confirmed that the model had adequate predictive power, with all Q² 
values above 0. Finally, the q² effect size analysis showed small effect sizes for the predictive relevance 
of the variables, indicating that the predictor variables made modest contributions to the explanatory 
power of the endogenous constructs. Overall, these results suggest that the structural model is robust 
and capable of explaining a significant portion of the variance in the variables related to AI-based 
teaching and learning adoption among elementary school teachers in West Java, Indonesia. 

3.4. Direct Relationship Analysis 

Examining the direct relationships provides deep insights into the dynamics between different variables 
in the structural model in the context of this research. Of the 27 hypotheses tested, 21 received 
substantial support, indicating a statistically significant direct relationship between the predictor and 
response variables. These supported hypotheses (H1, H2, H3, H4, H5, H6, H7, H8, H10, H12, H15, H16, 
H17, H18, H20, H22, H23, H24, H25, H26, and H27) highlight the importance of specific factors such as 
optimism (OPT), innovativeness (INN), discomfort (DIS), insecurity (INS), perceived validity (PV), 
perceived trust (PT), perceived usefulness (PU), perceived ease of use (PE), intention to use (IU), usage 
behaviour (UB), and actual use (AU). 
However, six hypotheses (H9, H11, H13, H14, H19, and H21) were rejected, indicating that certain 
expected direct relationships did not show statistical significance in the study context. These rejections 
point to the nuanced nature of factors such as optimism (OPT), perceived trust (PT), discomfort (DIS), 
and intention to use (IU), indicating that their direct effects on certain response variables may not be 
statistically significant among elementary school teachers in West Java. 

3.5. Mediating Relationship Analysis 

The mediating relationship analysis provides crucial insights into the indirect effects of the structural 
model of AI-based teaching and learning adoption among elementary school teachers in West Java, 
Indonesia. The analysis reveals that specific variables such as perceived ease of use, perceived trust, and 
perceived usefulness significantly mediate the relationships between innovativeness, insecurity, and 
perceived value on teachers' intention to use, usage behaviour, and actual use of AI technology. Notably, 
hypotheses involving pathways like innovativeness through perceived ease of use and perceived value 
through perceived usefulness were supported, indicating significant indirect effects. In contrast, other 
pathways, such as perceived ease of use through intention to use, were not supported. These findings 
highlight the complex interplay of factors influencing AI adoption, providing valuable insights for 
educational policymakers and administrators to enhance strategies for improving the readiness and 
acceptance of AI-based teaching and learning models among teachers in this region. 

 
DISCUSSION 
The discussion section contextualizes the results within the broader literature and explores their 
implications for theory, practice, and future research. 
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Comparison with Previous Studies 
The findings of this study align with previous research on the Technology Acceptance Model (TAM) and 
its extensions, demonstrating that perceived ease of use, perceived usefulness, and perceived trust are 
critical factors in adopting AI-based teaching and learning technologies. For instance, the strong direct 
effect of perceived usefulness on both intention to use and actual use is consistent with the foundational 
principles of TAM, which posits that users are more likely to adopt a technology if they perceive it to be 
useful in achieving their tasks. 
However, the study also reveals unique insights specific to the context of elementary school teachers in 
West Java, Indonesia. The rejection of certain hypotheses, such as the non-significant direct relationship 
between perceived ease of use and intention to use, suggests that cultural or contextual factors may 
influence the adoption process differently than in other settings. This points to the necessity of tailoring 
adoption models to local contexts, considering the specific needs and perceptions of the target 
population. 
Practical Implications 
For practitioners, these findings underscore the importance of addressing technological and 
psychological factors when implementing AI-based educational tools. Training programs that enhance 
teachers' perceived ease of use and usefulness of AI technologies can significantly impact their readiness 
and acceptance. Building trust through transparent communication about the benefits and potential 
challenges of AI integration is crucial for fostering a positive attitude toward these technologies. 
Educational policymakers should consider developing comprehensive support systems that include 
continuous professional development, technical support, and resources to assist teachers in integrating 
AI into their teaching practices. Moreover, involving teachers in the decision-making process regarding 
AI adoption can enhance their sense of ownership and acceptance of the technology. 
 
Future Research Directions 
This study opens several avenues for future research. First, exploring the impact of cultural factors on 
the adoption of AI in education could provide deeper insights into the variations observed in different 
contexts. Comparative studies between regions or countries could help identify universal versus 
context-specific determinants of AI adoption. 
Second, longitudinal studies that track the adoption process over time would be valuable in 
understanding how teachers' perceptions and usage behaviors evolve. Such studies could also assess the 
long-term impacts of AI integration on educational outcomes and teacher efficacy. 
Expanding the research to include qualitative methods, such as interviews or focus groups, could 
provide a richer, more nuanced understanding of teachers' experiences and challenges with AI adoption. 
This mixed-methods approach could complement the quantitative findings and offer a more 
comprehensive picture of the factors influencing AI adoption in education. 

 
4. CONCLUSION      

This comprehensive study explored the adoption of AI technology among primary school 
teachers in West Java, Indonesia, successfully achieving its primary objectives. The research identified 
critical factors influencing AI adoption, such as optimism, innovativeness, discomfort, insecurity, 
perceived validity, perceived trust, perceived usefulness, and perceived ease of use. These insights 
contribute to the local understanding of AI adoption, offering practical implications for educators, 
administrators, and policymakers. 

One of the unique contributions of this study is the development of a tailored adoption model 
specifically designed for the educational landscape of West Java. This model, which provides a roadmap 
for effective AI integration in teaching and learning processes, is a significant practical contribution. It 
addresses the specific needs and challenges teachers in this region face, making it a valuable reference 
for other regions grappling with similar challenges in adopting educational technology. 

The study also assessed readiness factors, revealing insights into teachers' intention to use AI, 
usage behavior, and the mediating roles of perceived ease of use and perceived usefulness. These 
findings offer actionable information for designing interventions to foster a supportive environment for 
technology integration, such as professional development programs and infrastructure enhancements. 

Despite the study's successes, certain limitations should be acknowledged. The reliance on self-
reported data introduces potential inaccuracies, as participants' responses may only partially reflect 
their experiences or behaviors. Additionally, the study's focus on a specific regional context limits the 
generalizability of its findings to other geographic areas or educational levels. The cross-sectional design 
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also presents limitations in establishing causal relationships, as it captures a snapshot of AI adoption at 
a single point in time without considering the dynamic nature of technology adoption and its influencing 
factors. Furthermore, extraneous factors such as economic or policy changes during the study period 
may have influenced the results. 

Addressing these limitations in future research can further advance our understanding of AI 
adoption in different educational contexts. Longitudinal studies could provide deeper insights into the 
causal relationships between AI adoption and educational outcomes, capturing changes over time and 
the impact of evolving factors. Expanding the scope to include different regions or educational levels and 
exploring additional factors, such as cultural influences and organizational support, can offer a more 
comprehensive understanding of the phenomenon. 

This research makes significant theoretical, practical, and methodological contributions. 
Theoretically, it expands the understanding of AI technology adoption among elementary school 
teachers, contributing to developing theories on technology adoption in education. Practically, the study 
offers a new model for AI-based teaching and learning, guiding the design of training programs and 
enhancing educational quality. Methodologically, the research employs a systematic and scientific 
approach, ensuring the validity and reliability of its findings through comprehensive data collection and 
appropriate statistical analysis. 

The implications of this study are multifaceted, addressing educational policy, teacher training, 
infrastructure development, and future research directions. Policymakers can use the findings to 
develop policies that support AI integration in education and allocate resources effectively. 
Comprehensive training programs for teachers can be designed to enhance technological skills and 
information literacy regarding AI. Additionally, the research underscores the need for adequate facilities 
and infrastructure to support AI technology, prompting schools to invest in technological upgrades and 
establish robust support systems. Targeted interventions can address psychological barriers, such as 
teachers' attitudes and beliefs about AI, fostering a more positive attitude towards AI adoption. 

In conclusion, this research provides valuable insights into AI adoption in primary education. 
Its findings offer theoretical and practical contributions and can potentially guide future research, policy 
development, and educational practice. The study underscores the importance of tailored approaches to 
technology adoption, considering educators' specific needs and contexts, with the ultimate goal of 
enhancing the effectiveness and sustainability of AI integration in education. 
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