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The use of generative artificial intelligence (GenAI) tools like ChatGPT and DALL-E is
growing rapidly in education. These tools have the potential to change the way
teachers teach, and students learn. This study looks at how educators feel about
using GenAI in their classrooms and whether they are willing to adopt it. It focuses
on key factors like usefulness, ease of use, ethical concerns, and the support
provided by institutions. A survey of 327 educators from schools, colleges, and
universities was conducted to understand their views. The results show that most
teachers believe GenAI can improve teaching and learning, and many are open to
using these tools in their classrooms. However, some serious concerns about fairness
(bias) and data privacy were also raised. The study finds that institutional support
and training programs are very important for teachers to accept and use GenAI,
while factors like age and job position did not have much effect on their decision.
The analysis also shows that the factors studied in this research only explain a small
part of why teachers choose to use GenAI, meaning more research is needed. This
study adds to the knowledge on AI in education and provides useful insights for
policymakers, teachers, and AI developers. Future research should focus on how
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GenAI affects education over a longer period, how professional training can address
ethical concerns, and how different personal factors influence GenAI adoption.
Keywords: Generative AI, educators, ChatGPT, DALL-E, educational technology,
ethical concerns
Introduction
ChatGPT, DALL-E, and Gemini are generative artificial technologies that are fast
transforming the way education is practiced, content produced, peer learning is
arranged or personalization, and open learning spaces, for example Halaweh (2023),
Baidoo-Anu & Owusu Ansah (2023), and Ma et al., (2024). These technologies can
produce text, images and simulations, and they promise to enable the automation of
major administrative tasks, as well as the creation of adaptive learning ecosystems
(Crompton & Burke, 2023; Kasneci et al., 2023) and ultimately improve teaching
efficiency (Akram & Abdelrady, 2023, 2025). Still, integrating generative AI into the
educational ecosystems is not only a technological challenge but it is also a socio-
cultural one and while we know educators’ perception of it, readiness, and ethical
considerations (Zawacki-Richter et al., 2019; Nguyen et al., 2023; Ramzan et al., 2021,
2020). Although AI’s capacities are increasingly discussed, there are few data
available regarding educators’ opinions and adoption of AI, especially in the
framework of generative AI (Akram & Yang, 2021). Up to this point, existing studies
have mainly concentrated on technical implementations or student outcomes
(Akram et al., 2021) without appreciating the crucial role of teachers in becoming
gatekeepers of technological innovation (Luckin et al., 2022; Holmes et al., 2021;
Javaid et al., 2023, 2024). According to Halaweh (2023), educators’ ambivalence
towards tools like ChatGPT, concerns about academic integrity as well as the
depersonalization of learning but also potential to reduce workload and be used to
stimulate creativity. Another systematic review done by Zawacki-Richter et al. (2019)
shows that educators’ adoption of AI based tools is sometimes vulnerable to
insufficient training, lack of trust in the algorithmic decision making, and anxiety
about displacement of their professions.

The presence of these barriers demonstrates why it is critical to investigate
educators’ perceptions as a core element of successful integration of AI. While past
research has explored aspects of the technical aspects or the outcomes of adoption
of generative AI tools, a significant hole persists in our understanding of educators’
perceptions or what drives adoption of generative AI tools in educational contexts.
To bridge this gap, this study seeks to explore educators’ perceptions and intent to
use generative AI tools in education to understand how educators’ views powerfully
contribute towards its adoption process. Furthermore, generative AI raises even
more ethical implications on its adoption. According to studies by Baidoo-Anu and
Owusu Ansah (2023) and Crompton and Burke (2023), there are also risks like data
privacy breaches, eroding of critical thinking skills, and algorithmic bias. In contrast,
researchers maintain that generative AI has the potential to democratize access to
high value educational resources and facilitate inclusive pedagogies, especially in low
resource contexts (Holmes et al., 2021; Roll & Wylie, 2016). Therefore, there needs
to be a balanced assessment of the attitudes of educators on the one hand, and on
the other hand, on the perceived benefits against ethical and practical challenges.
The first objective is to fill this gap by studying educators’ perceptions and intentions
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toward generative AI tools in education to understand how educators’ perceptions
determine whether the adoption will take place.
Methodology
Research Design: Quantitative research design, in the form of a structured, close
ended questionnaire was used, to assess educators' perceptions and adoption
intentions of GenAI in education. The method was based on Technology Acceptance
Model (TAM) and Unified Theory of Acceptance and Use of Technology (UTAUT) by
focusing on useful perception, ease of use, ethical issues as well as institutional
support.
Participants: A cross-sectional survey approach was adopted to collect data from
educators across diverse educational institutions. A diverse group of 327 educators
including teachers, instructors, and academic staff from schools, colleges, and
universities participated (with a strong response rate of 78%). Participants met
inclusion criteria of active involvement in teaching or curriculum design and
familiarity with generative AI tools like ChatGPT and DALL-E. The sample reflected a
range of experience (22% with less than 5 years, 45% with 5 – 15 years, and 33%
with over 15 years) and institutional types (40% from schools, 35% from higher
education, and 25% from vocational training).
Instrument Development: The questionnaire was developed from established AI
adoption frameworks (Davis, 1989; Venkatesh et al., 2003) and tailored to GenAI in
education. It was reviewed by three educational technology experts for clarity and
relevance, then pilot-tested (yielding Cronbach’s alpha = 0.87) to ensure reliability.
The final instrument comprised 28 items divided into five sections: demographics
(age, gender, experience, institution type), perceived usefulness (e.g., “GenAI tools
enhance my instructional efficiency”), perceived ease of use (e.g., “I find GenAI tools
intuitive to operate”), ethical concerns (e.g., “I worry about bias in AI-generated
content”), and adoption intentions (e.g., “I plan to integrate GenAI into my
teaching”). All items were measured on a 5-point Likert scale.
Data Collection Procedure: The survey was distributed online over eight weeks.
Participants were provided with informed consent forms, assuring anonymity and
confidentiality. No personally identifiable information was collected to protect
privacy.
Data Analysis: Data were analyzed using SPSS v28 and JASP. First, descriptive
statistics (frequencies, percentages, means, and standard deviations) were used to
summarize participant demographics and overall response trends. Reliability testing
confirmed strong internal consistency (Cronbach’s alpha = 0.89) for the instrument.
Inferential analyses included Pearson correlation to explore relationships between
key variables (such as perceived usefulness and adoption intention), multiple
regression to identify significant predictors of adoption intention, and ANOVA to
examine differences in perceptions across demographic groups (e.g., by age or
experience).
Machine Learning Techniques: To derive deeper insights, additional machine
learning-based analyses were applied. Logistic regression was used to perform
sentiment analysis on the qualitative open-ended responses from educators.
Moreover, a Random Forest classifier and an XGBoost model were trained on the
survey data to predict whether an educator was very likely or very unlikely to adopt
GenAI, using the questionnaire factors as features. These models helped identify
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which factors (features) were most influential in driving adoption intentions beyond
the traditional statistical analysis.
Results
Participant Demographics: Out of 327 educators, 22% had less than 5 years of
teaching experience, 45% had 5–15 years, and 33% had more than 15 years. In terms
of institution type, 40% of respondents were from schools, 35% from higher
education institutions, and 25% from vocational training centers. This diversity
provided a broad view of educators’ perspectives across different career stages and
educational settings.

Figure 1: Percentage distribution of educators agreeing GenAI will have a positive
impact on education (showing 76% agree or strongly agree)

Descriptive Statistics: The survey’s Likert-scale items revealed several key insights.
On average, participants rated perceived usefulness of GenAI tools as high (mean =
4.3 out of 5, SD = 0.65), indicating strong agreement that these tools can positively
impact teaching effectiveness. Perceived ease of use was also rated favorably (mean
= 4.1, SD = 0.72), suggesting that educators generally find GenAI tools intuitive and
user-friendly. However, despite these positive views, nearly half (46%) of
respondents expressed ethical concerns – primarily worries about potential bias in
AI-generated content and data privacy risks. This finding underscores a significant
caution among educators; while they see the value in GenAI, they are also wary of its
challenges. The results suggest that GenAI tools are broadly seen as useful and easy
to use, but addressing ethical issues will be crucial for widespread acceptance.
Key Survey Findings: Educators largely felt that GenAI would have a positive impact
on education. As shown in Figure 1, a substantial majority (76%) of respondents
agreed that GenAI will positively affect education, with 18% strongly agreeing. This
aligns with literature emphasizing GenAI’s transformative potential in teaching and
learning (Baidoo-Anu & Owusu Ansah, 2023; Kasneci et al., 2023). However, this
optimism is tempered by persistent ethical concerns: a considerable portion of
educators simultaneously noted worries about bias and privacy (Holmes et al., 2021).
The study found that institutional support and training programs are critical for
teachers’ acceptance of GenAI – those who felt supported by their institution and
well-trained in GenAI were far more willing to adopt it. In contrast, demographic
factors like age and job position did not show significant effects on adoption
willingness, suggesting that receptiveness to GenAI cuts across different age groups
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and roles when support and training are in place. Notably, the multiple regression
analysis indicated that the set of measured variables (usefulness, ease of use, ethics,
support) explained only a small portion of the variance in teachers’ adoption
intentions (R² was low). This implies that many other factors (perhaps personal
attitudes, school culture, or external influences) are involved in the decision to use
GenAI, meaning further research is needed to fully understand what drives adoption.
Sentiment Analysis of Qualitative Feedback: In addition to quantitative data,
educators provided open-ended comments about GenAI. We applied a logistic
regression-based sentiment analysis to these responses. The analysis revealed that
approximately 65% of the comments expressed a positive sentiment toward GenAI
integration in education, about 15% were neutral or mixed, and roughly 20%
conveyed a negative sentiment. (Figure 2 illustrates the sentiment distribution of
these comments.) The positive feedback frequently mentioned GenAI’s benefits:

many educators noted that GenAI tools can “enhance personalized learning” and
“save time on administrative tasks like grading or lesson planning,” thereby
increasing instructional efficiency. Some highlighted that GenAI enables more
creative teaching methods and engages students interactively. For example, one
teacher wrote that GenAI was “very helpful in the teaching-learning context,
allowing more time for student interaction.” Educators with positive views often
recommended colleagues to “stay updated with AI developments.” On the other
hand, the negative or cautious comments focused on a set of common concerns. A
number of educators feared that over-reliance on GenAI might “reduce students’
critical thinking skills,” or worried that “GenAI tools could replace certain aspects of
the teacher’s role.” Others pointed out that GenAI-generated content might lack
cultural or contextual sensitivity, making it less applicable in certain classroom
situations. Ethical issues were a recurring theme: some mentioned risks of
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plagiarism when students use AI-generated content, and biases present in AI outputs.
One educator warned that “ethical concerns, like bias and privacy, outweigh GenAI’s
benefits if not properly addressed.”

The qualitative feedback thus presents a dual narrative – while many
educators are enthusiastic about GenAI’s potential (pointing to personalized learning
and efficiency gains), a significant minority urges caution, highlighting ethical and
pedagogical pitfalls. The unsupervised clustering of these comments (grouping
similar feedback) reinforced this dichotomy: one cluster of comments was
overwhelmingly positive, emphasizing GenAI’s strengths, whereas another cluster
was predominantly concerned with its risks and challenges. This mix of excitement
and concern reflects the ambivalence noted in prior studies (Halaweh, 2023), where
educators simultaneously recognize AI’s benefits and fear its drawbacks. It
underscores that any implementation of GenAI in education must address teachers’
ethical and practical concerns to gain broad acceptance.
Predictive Modeling of GenAI Adoption (Machine Learning Insights): To
complement the traditional analysis, we used machine learning models to identify
patterns and key factors influencing GenAI adoption. We trained a Random Forest
classifier on the survey data to predict whether an educator was “Very Likely” or
“Very Unlikely” to adopt GenAI tools, based on their responses to all questionnaire
items. The Random Forest model achieved a moderate classification accuracy
(approximately 80% on cross-validation). While not extremely high, this accuracy
suggests the survey variables contain some signal in distinguishing likely adopters
from non-adopters. We extracted the feature importance from this model to
understand which factors contributed most to the predictions. As shown in Figure 3,
the two most influential features were Perceived Usefulness of GenAI and
Institutional Support. In other words, in the model, educators who believed GenAI
was useful and felt supported by their institution were far more likely to be
predicted as “very likely to adopt” GenAI. This aligns with the self-reported survey
findings and underscores the importance of these factors. Other features like
Perceived Ease of Use also had positive importance (indicating some influence on
adoption), though not as high as usefulness or support. Interestingly, demographic
variables (such as age or years of experience) were among the least important
features in the Random Forest model, reinforcing that these did not play a major
role in distinguishing adopters in this dataset – consistent with our statistical analysis.
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We also trained an XGBoost classifier for comparison. The XGBoost model
performed similarly to the Random Forest, with a comparable accuracy (~82%). The
XGBoost’s feature importance output, summarized in Figure 4, mirrored the Random
Forest results: Perceived Usefulness and Institutional Support again emerged as the
top predictors of GenAI adoption, followed by Ease of Use, whereas demographic
factors were negligible. The consistency across these two different machine learning
algorithms increases confidence in the robustness of these insights – namely, that
educators’ views on GenAI’s usefulness and the degree of support they feel are
central to whether they embrace these tools, more so than who they are in terms of
age or position.

It is important to note, however, that both models – despite identifying key
factors – attained only moderate predictive power. Their 80%-ish accuracy, while
better than chance, indicates that a substantial portion of variance in adoption
remains unexplained by the included features. This finding echoes the multiple
regression result (low R²) and suggests that many unmeasured factors (e.g., personal
innovativeness, peer influence, school infrastructure) likely affect GenAI adoption. In
practical terms, this means that even if an educator finds GenAI useful and has
institutional support, there may still be other barriers or motivators at play. The
relatively modest performance of the models underscores the complexity of
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adoption decisions and the need for further research to include additional variables
or more nuanced data (Dwivedi et al., 2021).

Conclusion
This study explored educators' perceptions and adoption intentions regarding
generative AI (GenAI) tools in educational settings, providing significant insights into
factors that influence their integration into teaching practice. Overall, educators’
perceptions maintain a fairly optimistic optimism for GenAI to improve teaching
effectiveness, diminish administrative burdens and personalize learning experiences.
Most participants was acknowledged the usefulness of GenAI tools including
ChatGPT and DALL-E and also agrees to use the tools as teaching materials (Baidoo
Anu and Owusu Ansah, 2023; Kasneci et al, 2023). Nevertheless, the study also raises
serious ethical issues with GenAI regarding data privacy and bias in GenAI’s
generated content (Holmes et al., 2021). They are concerned about these things,
which suggest that while educators accept the value of GenAI, they do not agree
with the use of GenAI responsibly.

With doubt, however, a sizable number of educators stated they would
advocate for GenAI tools to peers, indicating many do not see the risks as much as
the gains – given appropriate management of those risks. In addition, the authors
discovered that facets including perceived ease of use as well as 'institutional
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support and training' were vital in educators' choices to pick up on these devices.
Demographic variables, such as age or years of experience, were not significant
predictors of adoption intentions, which means that adoption intentions are the
same for both young and old educators in the presence of supporting conditions.
This can be said as it suggests, more importantly, that having teachers feel prepared
and supported in GenAI use rather than then focusing on innate personal
demographics.

The combination of traditional statistical analysis and machine learning
insights in this study reinforces these conclusions. Both approaches identified
perceived usefulness of GenAI and the presence of institutional support as key
determinants of adoption. At the same time, both approaches noted that a large
portion of what drives GenAI adoption remains unexplained (as indicated by the low
variance explained in regression and the moderate accuracy of predictive models).
This underscores the complexity of technology adoption in education – factors such
as school culture, student needs (Ramzan et al., 2025, 2023), external policies, or
personal innovativeness might also influence educators’ choices but were beyond
the scope of this survey.

In practical terms, these findings have several implications. Educational
policymakers and administrators should invest in professional development and
training programs that increase teachers’ comfort and competence with GenAI tools.
Emphasizing success stories and practical demonstrations of GenAI’s usefulness can
bolster teachers’ perceptions of its value. Simultaneously, addressing ethical
concerns through clear guidelines (e.g., on preventing bias, ensuring data privacy,
and maintaining academic integrity) will be vital to alleviate educators’ fears. As the
data showed, teachers are more inclined to adopt GenAI when they do not feel left
alone to navigate its challenges – thus, building a supportive institutional
environment is key.

This study contributes to the growing body of literature on AI adoption in
education by quantifying educators’ attitudes and pinpointing what matters most to
them in deciding to use GenAI. By integrating machine learning analysis, it also
demonstrated how advanced techniques can complement traditional methods to
uncover patterns (for instance, confirming the primacy of usefulness and support as
predictors). For researchers, the moderate success of our predictive models
indicates that future studies should incorporate additional variables – perhaps
qualitative insights, measures of teacher innovativeness, or case-specific factors – to
fully capture the adoption decision process. Investigating how GenAI usage actually
impacts teaching and learning outcomes over time will also be important for
validating educators’ positive expectations and addressing their concerns.

In conclusion, educators generally recognize the promise of generative AI in
enhancing education, but successful adoption at scale will depend on acknowledging
and addressing their concerns. By ensuring robust support and ethical safeguards,
educational institutions can better align technological advancements with teachers’
needs and values. As generative AI continues to evolve, ongoing dialogue with
educators and iterative research will be essential to guide its responsible and
effective integration into education.
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