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From Automation to Personalization: The Impact of Al Tools on Teaching and Learning Practices

Abstract

With the growing demand for personalized, efficient, and technology-
integrated teaching approaches, artificial intelligence tools are
increasingly being considered as supportive mechanisms in academic
settings. This research evaluates how such tools can streamline
instructional processes, reduce administrative burden, and foster creativity
in teaching and learning practices. A mixed-method research design was
employed to provide a comprehensive assessment of the phenomenon.
Quantitative data were collected through a structured survey administered
to 100 teachers from both public and private schools, focusing on
demographic characteristics and the use of artificial intelligence in lesson
planning, grading, and student interaction. In addition, qualitative insights
were obtained through 20 in-depth interviews conducted with educators
and students to capture their experiences, perceptions, and concerns
regarding the integration of artificial intelligence tools in education.
Furthermore, simulated classroom scenarios were analyzed to evaluate the
practical effectiveness of ChatGPT in improving instructional productivity.
The findings indicate that the use of ChatGPT significantly reduces the time
required for routine academic tasks, particularly in lesson preparation and
written content development, thereby allowing educators to allocate more
time to interactive teaching activities. Students also benefit from timely
feedback and customized learning materials tailored to their individual
needs. However, the results highlight important concerns, including the risk
of overdependence on artificial intelligence and potential variability in the
quality of generated content. This study concludes that while ChatGPT
offers substantial advantages in improving efficiency and supporting
educational processes, it should be utilized as a complementary tool rather
than a replacement for traditional teaching methods, ensuring a balanced
and responsible integration of technology in education.
Keywords: Artificial Intelligence, Education Technology,
Efficiency, Personalized Learning

JEL Codes: 121, 033, M15, C83

Teaching

1. INTRODUCTION

Mihaela Filip?, Alexandra Filip®

Article’s History

Received: 27" February 2026
Revised: 17" March 2026
Accepted: 30" March 2026
Published: 31* March 2026

Citation:

Filip, M., & Filip, A. (2026). From
Automation to Personalization: The
Impact of Al Tools on Teaching and
Learning Practices. Journal of Policy
Options, 9(1), 66-76.

DOI:
https://doi.org/10.5281/zenodo.22002580

Copyright: © 2025 by the authors.
Licensee RESDO.

This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license
(https://creativecommons.org/
licenses/by/4.0/).

Rapid development of artificial intelligence (Al) has dramatically transformed the way knowledge is being produced,
communicated, and utilized in modern society, and education is among the sectors that are most directly impacted by the
technological changes. Al-powered systems are able to ingest vast quantities of information and produce text, recognize
trends in student performance, and offer automated forms of support that were previously largely manual. With the growing
complexity of language models, these possibilities have been further broadened to allow machines to generate coherent,
context-appropriate answers to natural language commands. The emergence of large-scale language models is an important
shift in technology because they have the ability to accomplish a wide variety of tasks that involve language with a
relatively small amount of language-specific instruction (Brown et al., 2020; Muzaffar et al., 2026; Sun et al., 2026). This
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has given rise to a growing interest in the potential of Al to supplement traditional methods of teaching and enhance the
efficiency and effectiveness of teaching. In the field of education, the impact of Al goes beyond mere automation. In the
educational sphere, Al's potential goes beyond automation. Al-based tools can help educators by helping them prepare
lessons, assess student work, provide feedback, create content, and identify student learning needs. Previous smart
educational technologies showed that computation-based systems could integrate ideas from learning science to give
students personalised guidance and tailoring in their learning (Koedinger & Corbett, 2006). This was an important precursor
for the current trend towards personalised learning, where learning systems can tailor learning resources to variations in
students' knowledge, performance, and learning needs using technological systems. Al can thus be seen not just as a tool for
easing teachers' workload but potentially as a tool to enhance learning environments (Ali et al., 2025; Kodithuwak &
Pacillo, 2025; Farooq et al., 2026; Xu et al., 2026).

However, meaningful integration of technological capabilities and pedagogical knowledge is needed to make the shift from
automated support to personalized instruction. Technology doesn't necessarily make teaching better once it enters the
classroom. It is teachers' responsibility to decide when, why, and for what purpose a specific technological item should be
used for instruction. According to the Technological Pedagogical Content Knowledge (TPCK) framework, the successful
integration of technology is dependent on the interactions between technological knowledge, pedagogical knowledge, and
content knowledge (Mishra and Koehler, 2006). For Al tools, this is especially relevant since teachers must review the
produced content, adjust it to learning goals, and remain in control of the learning process. With the growing sophistication
of the capabilities of Al, it has been natural for its use in education to become more and more complex in content creation
and teaching assistance. The support Al can offer teachers includes preparing teaching materials, creating classroom
activities, providing explanations, and tailoring content to varying stages of learning. With the advent of Al technology,
educators are once again finding themselves at the center of debate regarding the technology's implications for the field of
education; some point to the potential for the technology to reduce administrative burdens and allow for more time to be
spent teaching subjects and innovating lessons (Kerns and Anderson, 2023; Adeoye et al., 2025; Khalid et al., 2025;
Minella, 2025; Naseer et al., 2026; Funa & Gabay, 2026). Automated writing evaluation is also evidence of the potential of
computational systems to facilitate assessment processes at scale, especially in situations where teachers have high demands
from writing assessment (Baker et al., 2021; Ebrahim & Karim, 2025; Naeem et al., 2026; Wang et al., 2026). These use
cases illustrate how Al can help in the field of education by enhancing teaching efficiency and also providing personalized
learning opportunities.

The increasing capabilities of Al tools are especially important as generative Al systems are developed to generate
explanations, summaries, examples, questions, and other educational content in conversational ways. Technologies like
these have led to debate over how Al can best serve as an instructional assistant or if it will eventually replace significant
portions of traditional teaching. However, a broader analysis of the use of Al in education reveals significant potential for
enhancing teaching and learning and the institutional, pedagogical, and ethical implications of these developments (Holmes
et al.,, 2019; Hashmi et al., 2025; Staver, 2025; Abbas et al., 2026; Alfaleh, 2026). Similarly, the concept of machine-
supported education opens the door to an integration of computational intelligence and human education expertise, not as
two competing alternatives to education (Luckin, 2017; Sabir et al., 2025; Saidi & Bakhkhat, 2025; Abdullahi et al., 2026).
This is important because (good) education is social, judgmental, motivational, and emotional, and not just information
processing, which is the only thing that automation can provide. However, with these benefits come several challenges,
including issues of accuracy, bias, transparency, privacy, and over-reliance on Al systems within educational environments.
Information generated by generative Al models can be ‘convincing without being true', and outputs can also replicate
problematic patterns found in the data that was used to train the Al model. Critics have emphasized the dangers of using the
language that is generated as if it were always accurate and neutral (Bender et al., 2021; Karim et al., 2026; Aljovi¢, 2026).
However, algorithmic systems research shows that computational technologies can both replicate and naturalize the social
inequalities embedded in the data, design logic, and decision-making procedures on which they are based (Noble, 2018;
Ghauri et al., 2025; Rehman & Chowdhury, 2026; Saleem & Audi, 2026; Alizade et al., 2026). When Al-generated content
is used in educational activities, human oversight becomes crucial due to these concerns.

When Al systems work by way of a broad array of data gathering and algorithmic monitoring, this ethical issue grows even
more complex. On the one hand, educational technologies can offer information on pupils' learning, engagement, attainment
and behaviour that can help guide individual support and intervention; on the other, they can raise awareness of issues
regarding surveillance and the governance of data. In the era of the spread of big data in education, it is important to be
mindful of the institutional relationship and education practice shifts that data-driven systems can facilitate, as put forth by
Williamson and Eynon (2020). The concerns are an awareness of the need to consider technological innovation beyond
efficiency. Instead, the benefits of learning Al must be assessed by its ability to improve learning, to ensure teacher control,
to protect learners, and to facilitate meaningful learning. As such, there is a need to have a sophisticated understanding of
the delicate relationship between automation and human-driven instruction in the realm of growing applications of Al in
education. While Al can handle repetitive jobs effectively, it's crucial for teachers to have the ability to critically assess the
results, put content into context, engage with students, and make pedagogically sound choices. The problem is not only
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whether Al can do the same and/or the same as teachers, but whether it can be done to enhance what teachers can do,
respect and maintain human connections that are central to education (Selwyn, 2019). This also aligns with the broader
issue of not losing sight of good pedagogical judgment when using Al — rather falling for it. This ongoing research
examines the impact of Al applications on teaching and learning, particularly in terms of automation, teaching efficiency,
and personalized learning.

2. LITERATURE REVIEW
Al in education has evolved from basic CAT to more advanced models that can create content, comprehend information,
and engage with students in natural language processing. Educational technology has grown beyond being a tool to
supplement pre-designed instructional activities and has become a tool that can also aid in educating, assessing, and
providing feedback for the lessons, as well as be utilized for personalized learning. As generative Al becomes more widely
available, it has sparked a growing debate in academia about the role it can play alongside teachers in enhancing learning
outcomes. Al is not simply a tool for replacing traditional teaching methods, but rather a technological tool that can be
valuable based on how it is integrated into the pedagogical approach. However, recent research on Al reconceptualizes its
use not as a substitute for traditional teaching but as a technological aid whose utility relies on the way it is used in
pedagogical practice. It is especially relevant for education, as information transfer is not all that is at stake, but also
motivation, interpretation, interaction, judgment, and social and cognitive ability. The initial advancements in the field of
intelligent educational systems laid the groundwork for today's Al-powered learning platforms. Initial breakthroughs in
intelligent educational systems set the technological groundwork for modern Al-enabled learning systems. Intelligent
tutoring systems proved that principles from the learning science could be translated into a computational system to give
"individual™ instructional guidance. These systems are programmed to react to students' performance and offer support
based on their growing comprehension of the material, rather than showing the same material to all students. The ability to
operationalize the learning principles in classroom settings is shown by Koedinger and Corbett (2006) in using cognitive
tutoring technologies. In Koedinger and Corbett (2006), one can see that it is possible to use computational systems to
support individualized instruction in classrooms. This previous effort is significant since it demonstrates that the concept of
personalization with technology is not new, but a concept that predates generative Al. Today, however, Al tools offer far
greater potential since they can dynamically create explanations, examples, questions, summaries, and learning resources,
rather than being bound to pre-programmed learning paths.
This shift in the concept of educational Al has therefore led to a wider conceptualization of the nature of support from
technology to Al-assisted educational intelligence. With the development of machine learning, Luckin (2017) believes that
it has given birth to the prospect of using computational power and integrating with human intelligence in educational
settings. In this sense, Al is not necessarily an independent learning agent that functions without the supervision of
educators. Rather, its promise is in supporting learning by helping teachers to recognize student needs, create instruction,
and address individual student differences. This augmentation is especially pertinent to personalized learning, where
teachers often experience time limitations, class sizes, administrative duties, and limited access to differentiated
instructional resources. The future introduction of Al can help to mitigate some of them with providing rapid assistance and
helping teachers to retain pedagogical responsibility. Despite this, the effectiveness of this integration relies on the
relationship between technological capabilities and teachers' professional knowledge. Technology is not the sole enabler of
educational improvement; it is technology that is used in the right ways and at the right time, with teachers engaging with it
in the right way. In their Technological Pedagogical Content Knowledge framework, Mishra and Koehler (2006) focus on
the interplay of technological knowledge, pedagogical knowledge, and content knowledge driving effective technology
integration. This framework is particularly applicable to Al, as Al-generated content can often need significant feedback
and refinement from the teacher before being suitable for classroom use. In this context, Al competence in education is not
limited to being competent with digital tools. Teachers also must be able to design the prompts, evaluate the results that
come out of them, correct false information, connect the content to the learning goals, and decide when to intervene.
With the advent of large language models and generative Al, this has been an increasingly prevalent problem. A wide
variety of tasks can be performed by these systems, generating textual responses, and these systems can therefore be used
for activities that have previously required considerable teacher time. The emergence of large-scale language models has
shown their ability to carry out a task with only a few examples or explicit task-specific programming, greatly extending the
scope of possible uses in education (Brown et al., 2020; Dek & lbrahim, 2025; Naveed et al., 2026; Ahmed et al., 2026). In
the teaching context, these skills can be used to quickly compile the content of a lesson, formulate questions for discussion,
develop examples, summarise complex ideas, tailor explanations to different levels of student learning, etc. The resulting
potential is especially relevant for teachers who are continuously creating instructional materials, dealing with class
interactions, and assessing students.
Automation of assessment is another key aspect of Al-powered learning. Assessment is a domain that teachers often spend a
lot of their time on, in which they give feedback on paper. It is a field where teachers spend a lot of time giving feedback on
paper. Research is also available on automated writing evaluation, showing that the system can be scaled up for use in
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classrooms and can aid teachers in the evaluation of students' writing, especially for large groups of students (Baker et al.,
2021; Reich & Reich, 2025; Hussain & Ali, 2026; Abdellatif et al., 2026). These types of systems can lower the amount of
routine assessment and free up more time for teachers to focus on more complex forms of feedback and learner interaction.
All the same, automated assessment is not a substitute for professional educational judgment. The power of automated
assessment will rely on the quality of the algorithms, the nature of the assessment task, and the capacity of teachers to
interpret and verify machine-generated assessment.

Al-driven education content will continue to enhance the promise of personalization. In the traditional classroom, most
teaching materials are prepared for large classes and hence may not accommodate variations in prior knowledge, learning
speed, interests, or challenges among students. Al systems can provide alternatives and examples for specific requests,
potentially increasing flexibility in a more flexible learning environment. A comprehensive study of Al applications in
higher education reveals its use in various educational functions, such as assessment, prediction, adaptive systems, and
learning support. Yet, there is a disconnect between the design of Al tools and teachers' experiences and perspectives
(Zawacki-Richter et al., 2019; Amir et al., 2025; Prica & Bjelic, 2025; Wang et al., 2026), and sometimes technology has
been developed without a specific focus on pedagogical considerations or the teachers' experiences. The observation
underscores the importance of involving teachers in research on education and Al, and emphasizes that technology alone
should not be the basis for education. In addition to personalization, Al might also affect teachers' creativity and teaching
productivity. When preparing a lesson, teachers often repeat tasks, such as gathering examples, organizing lesson activities,
creating questions, designing activities, and modifying materials for various ability levels. Al tools like Generative Al can
help with tasks like this and much more, and can save time in developing classroom materials. Content creation and lesson
planning are important areas where Al can open opportunities, but also pose challenges regarding the accuracy,
appropriateness, and pedagogical quality of the content it generates (Gautam, 2023; Shaukat et al., 2025; Abdalla, 2026).
This will free up more time for teachers to focus on individual support, discussion, mentoring, and interactive activities. In
this sense, automation does not mean that teachers' role will diminish, but when used correctly, it can allow a reorientation
of teacher time towards interpersonal interaction and human judgment areas.

The advantages of personalization, which is a key benefit of Al, must be balanced against the disadvantages of automated
systems. Even the most sophisticated generative models can generate fluent and believable answers without any concept of
the truth or educational acceptability of the answers they give. This can leave the opportunity for teachers or students to
believe something is true just because it is presented as a confidently presented coherent message. Bender et al. (2021) point
out the intrinsic difficulties of large language models, which model language statistically but without comprehending what
is being said. In the context of education, wrong explanations, fictional references, wrong examples, or false information
can directly affect students' learning, which is why it is important. Hence, the need for human verification when Al-
generated content is utilized in educational settings. The second large problem is algorithmic bias. Al is fed with a lot of
information that may encompass social, cultural, language, and/or representational differences. If it is already present in the
content that is created, or in the set of recommendations that are given, then Al can also perpetuate the existing
disadvantages. Rather more general in scope, in algorithmic systems and search technologies, Noble (2018) demonstrates
how seemingly neutral algorithms or computational systems can produce discriminatory structures through the data and
assumptions that they rely on. Ethical and social issues in education encompass not only efficiency elements of Al-
supported learning but also fairness, representation, and inclusiveness. Personalized learning is good with the proviso that it
is not a systematic disadvantage for any group of learners. Another aspect of the discussion is privacy and surveillance. The
data collected by Al-powered learning systems can include a wealth of information about learners, including how they
interact with content, how much they like it, and how engaged they are. This data can help in personalization, as computers
will be able to identify people and their needs, but if there is too much data, it could also aid state surveillance.

In the field of education, Williamson and Eynon (2020) raise several questions concerning surveillance, governance, and
educational institutions that arise out of the use of big data. The concerns highlight the need for clear guidelines in data
collection, storage, access, and usage to ensure effective Al integration. Educational institutions must take into account
privacy and data governance along with the learning value of Al. The most fundamental issue in the literature is whether Al
can and should assist or replace teachers. Teaching is more than just delivery or production of information; it is a process
that can be facilitated by Al but is not completely automated. Teachers know the dynamics of the classroom, are attuned to
the emotional and social conditions of students, motivate students, manage interpersonal relationships, make decisions
based on professional judgment, and adjust instruction in situations that may not be fully represented by the data. In an in-
depth examination of the idea of teacher replacement in the classroom, Selwyn (2019) considers the need to view education
as a social and institutional process. This is aligned with a complementary model where Al performs suitable supporting
tasks, and the teacher makes pedagogical decisions and establishes the human connection. When it comes to using Al, this
responsibility is emphasized even more. Over time, teachers might lose control over instructional decisions—such as
assessing and offering content explanations—due to the regular transfer of these tasks to automated systems. Pupils can also
grow accustomed to relying on immediate answers from Al, rather than engaging in their own thinking, problem-solving,
and information assessment. Therefore, the educational benefits are not just the fact that Al is promoting active learning or
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just the passive consumption of Al-generated information. Ideally, Al shouldn't take the place of cognitive load; it should
reinforce it.

It is also noted in the literature that the value of educational Al should not be judged based on the level of technological
sophistication, but rather on the quality of human-technology interaction. While Al systems can provide significant amounts
of computational power, the quality of the educational impact relies on how well teachers can weave the Al-generated
output into purposeful learning activities.Al systems can have a huge amount of computing power, but their impact on
learning depends on the teachers' ability to creatively use the outputs to engage in purposeful learning activities. This
requirement underlines the need for professional development and institutional support. Space for teachers to develop their
Al literacy, understand the limitations of the system, verify the results, and establish appropriate classroom protocols.
Meanwhile, students need to be taught about the responsible use of Al, the need to verify information, academic honesty,
and the difference between aiding and substituting. For this reason, the technological, pedagogic, ethical, and organisational
elements must be taken into account for a successful implementation. The role of the teacher has also changed, which is a
related issue. As administrative and content-related tasks become more automated, the teacher's role might evolve to
become more facilitative, mentoring, critically evaluating, and personalized interaction. Such a change does not have to
reduce the importance of teachers, but may raise the importance of distinctly human capabilities (Zafar et al., 2025;
Acemoglu et al., 2026). The teacher takes on the role of interpreting the outputs generated by the Al, evaluating them,
adapting them to the learner, and making sure that the technology is suitable for the learning goals. Al can therefore be seen
as an extra tool in the instruction toolbox, not a complete replacement for education.

The literature is thus rich with the complexities of automation and personalization. Automation may be used to save time on
repetitive tasks, and personalization may be used to make the materials of instruction more responsive to individual learners.
When carefully planned and implemented by teachers, these two functions can complement each other in the context of Al-
generated resources (Ullah et al., 2025; Tobbi, 2026). Meanwhile, increased automation can also pose the danger of relying
too much on machine-generated material or offering the danger of focusing on efficiency rather than education. It is not
about maximum automation, but about augmenting teachers' jobs where Al can do it, and they can do it. The study explores
the impact of Al tools on teaching and learning and examines how they are being used to improve teaching efficiency,
lesson planning, student assessment, student engagement, and personalized learning.

3. THEORETICAL FRAMEWORK

A system or structure that connects the use of Al in education with actual impact on teacher workload, teaching quality, and
attitudes towards Al-produced educational content is required to ensure that the implementation of Al is aligned with
tangible improvements. While ChatGPT cannot replace teachers, it can help them in their teaching. Its educational value
will be related to how often teachers use it, how much it can improve routine work, and the quality of the content it
generates. This understanding aligns with the belief that when used properly, together with pedagogical knowledge, Al can
complement human intelligence to enhance educational practices (Luckin, 2017; Karim et al., 2025; An et al., 2026). The
framework thus assumes that the uses of ChatGPT in education are likely to be improved through increased use and
effectiveness of this technology while also recognising the importance of human judgment. The technological dimension of
the framework is based on the concept that the value of educational technologies lies in their capabilities when used in
conjunction with pedagogical and content knowledge. The integration of technology in effective teaching and learning
needs to be tied to the pedagogy and content area, as highlighted by Mishra and Koehler (2006). Thus, the frequency of
using ChatGPT by educators (CGU) and the positive educational outcomes of time-saving/workload reduction (TSW),
teaching quality enhancement (TQE), and content quality satisfaction (CQS) are the three scales derived in this study. The
proposed relationships can be expressed as:

TSW = o + piCGU + & (1)
TOE = po + piCGU + BTSW + B:COS + &2 (2)
COS =po + piCGU + &3 3)

The first equation suggests that the more often students use ChatGPT, the more routine instructional tasks will be reduced.
The first equation suggests that the higher the frequency of ChatGPT use, the lower the routine instructional task workload.
Theoretically, this is backed by the research that has been conducted, which suggests that Al can help with automating
various educational activities that traditionally take a lot of time for teachers, such as writing evaluations (Baker et al.,
2021). The second equation is the central outcome model, where teaching quality enhancement is modeled as a function of
both workload reduction and satisfaction with the generated content, along with ChatGPT use. The framework is based on
the premise that the student will be able to complete repetitive tasks faster than a teacher, thereby freeing up more time for
teachers to dedicate to interactive teaching, and that the repetitive task content will be of a reasonable quality, which can
support teachers' lesson preparation and lesson development. The third connection is that educators' perceptions of the
usefulness and quality of the products created by Al could be affected by repeated use. Content quality is not a product of
Al--it is a construct that is evaluated. Large language models produce fluent, contextually appropriate content, but can also
produce inaccurate or misleading content and need to be verified by humans (Bender et al., 2021). This serves as a
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theoretical foundation for including Content Quality Satisfaction in the framework instead of assuming that Al-generated
content is always educationally reliable.

Table 1: Measurements of Variables

Variables Definitions Scale

ChatGPT Use Frequency Frequency of ChatGPT usage by educators 1-5 scale

Time Saving / Workload Reduction Changes in workload and time saving 1-5 Likert scale
Teaching Quality Enhancement Perceived improvement in teaching quality 1-5 Likert scale
Content Quality Satisfaction Satisfaction with Al-generated content 1-5 Likert scale

This study employed a mixed-methods approach in investigating the use of ChatGPT to boost productivity and to assist in
the learning and teaching process. The quantitative component was done through a sampling of 100 teachers from all the
regions in Kenya, from both public and private schools. The data were obtained by the respondents answering a structured
online questionnaire over 4 weeks. The instrument was pretested with a sample of teachers to ensure clarity, relevance, and
reliability of the instrument. The questionnaire included the number of times ChatGPT was used, time saved, workload
reduction, improvement in teaching, satisfaction with the content generated by the Al, and demographic information such as
teaching experience, school type, and subject area. The qualitative component consisted of 20 purposively sampled
educators and students who have experience in the use of ChatGPT in the education system. The interviews were held in the
participants' preferred way (face-to-face or via video conference). The participants were selected to reflect the diversity of
experience in using ChatGPT in education, its effects on teaching, the quality of the content, student engagement, technical
problems, and ethical concerns. Selected classroom-based cases of lesson preparation, feedback, content development, and
routine academic activities utilizing ChatGPT were also investigated to complement the survey and interview data. The data
collection was voluntary; informed consent was secured, and data were collected in a manner where confidentiality and
anonymity were maintained throughout the data collection.

4. Results and Discussion

The descriptive statistics of the four key variables for 100 respondents are shown in Table 2. In sum, the attitude toward
ChatGPT in the field of education is positive overall. The median of the respondents reported relatively frequent use of
ChatGPT, which was a high level of use. The dimension that was rated best was Time Saving and Workload Reduction—as
a whole, educators feel that ChatGPT is a helpful tool for workload reduction and saving time in instructional preparation.
Teaching Quality Enhancement also got a positive rating, with respondents feeling that using ChatGPT can help enhance
teaching and learning. Content Quality Satisfaction was rated slightly lower than the other dimensions, but was generally
positive. This suggests there is some level of satisfaction with the benefits of Al-generated content but also some variation
in satisfaction with the quality and suitability of generated content. These differences in responses also suggest that teachers'
experiences with ChatGPT vary, which might be due to their level of familiarity, usage, teaching needs, or technological
abilities.

Table 2: Descriptive Statistics

Variables N Mean  Median Standard Deviation Minimum  Maximum
ChatGPT Use Frequency 100 3.72 4 0.91 1 5
Time Saving / Workload 100 3.84 4 0.87 1 5
Reduction

Teaching Quality Enhancement 100 3.61 4 0.94 1 5
Content Quality Satisfaction 100 3.48 35 0.98 1 5

The correlation matrix presented in Table 3 shows the relationships among variables: ChatGPT use, time saving/workload
reduction, teaching quality enhancement, and content quality satisfaction. All the variables tested were positively and
significantly associated, suggesting that the more ChatGPT is used, the more positive the educational outcomes. There is a
strong correlation between the enhancement in teaching quality and teacher satisfaction with the Al-generated content,
suggesting that higher satisfaction with the Al-generated content correlates with perceived improvement in teaching quality.
There is also a relatively strong positive relationship between the use of ChatGPT and time saving/workload reduction,
suggesting that the more often users access ChatGPT, the more efficient they find it to be in completing educational tasks.
Moreover, the use of ChatGPT is found to be positively correlated with the enhanced teaching quality and the satisfaction
with the generated content, indicating that teachers who use ChatGPT regularly tend to achieve better teaching quality and
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satisfaction with the generated content. Likewise, the positive relationship between time saving/workload reduction and
both teaching quality enhancement and content quality satisfaction suggests that increased efficiency can go hand-in-hand
with better perceptions of teaching and Al-generated content.

Table 3: Correlation Matrix

Variables ChatGPT Use  Time Saving Teaching Quality Content Satisfaction
ChatGPT Use Frequency 1

Time Saving / Workload Reduction 0.614** 1

Teaching Quality Enhancement 0.482** 0.573** 1

Content Quality Satisfaction 0.451** 0.508** 0.621** 1

The regression results on the determinants of Teaching Quality Enhancement are shown in Table 4. The results indicate that
all measures of ChatGPT usage (frequency, time saving/workload reduction, and satisfaction with the quality of the
produced content) are positively related to perceived teaching quality and statistically significant. The overall model is
statistically significant, meaning that the explanatory variables are able to provide some useful information for
understanding the variations in teaching quality enhancement. The findings reveal that the ChatGPT Use Frequency is
positively and significantly related to teaching quality enhancement. The results show that teachers who are more likely to
use ChatGPT are more likely to report that using it has improved their teaching. The more teachers engage with Al tools,
the more they may be able to use them for lesson preparation, idea creation, instructional planning, and activities with the
students. This is in line with the overall thesis that Al can offer teachers extra technological support and improve the
teaching process (Holmes et al., 2019). Likewise, Luckin (2017) highlights the capacity of machine intelligence to help
educators and augment their capacity to meet different learning needs.

Table 4: Regression Analysis — Teaching Quality Enhancement

Variables Coefficient (B) Std. Error t-Statistic P-Value
Constant 0.842 0.241 3.494 0.001
ChatGPT Use Frequency 0.286 0.071 4.028 0
Time Saving / Workload Reduction 0.318 0.076 4.184 0
Content Quality Satisfaction 0.247 0.069 3.58 0.001
R-squared 0.562

Adjusted R-squared 0.548

F-statistic 41.09

Prob. (F-statistic) 0

Durbin-Watson 1.94

Among the explanatory variables, the teaching quality is most positively related to Time Saving/Workload Reduction. This
finding suggests that a decrease in routine work is positively related to perceptions of the quality of instruction. If this
results in reduced time spent on repetitive activities, teachers may be able to focus more on teaching their lessons, helping
them to interact with students, provide feedback, and plan instruction. The discovery further validates the thesis that Al-
powered learning tools have the potential to boost teachers' productivity by automating or assisting in routine learning-
related tasks (Gautam, 2023). It is also consistent with the broader TPDL perspective of Mishra and Koehler (2006) that
highlights the need to use technology in tandem with the appropriate pedagogical knowledge instead of using technology as
an independent intervention. There is also a positive and statistically significant correlation between Content Quality
Satisfaction and teaching quality enhancement. The result shows that teachers who are more positive about the Al-generated
content are more likely to see improvements in their classroom practices. Good quality generated materials can help
teachers create explanations, examples, exercises, and ancillary materials for students. This relationship must be viewed in
the context of Al-generated information's reliability and limitations, however. Bender et al. (2021) point to the risks of
LLMs, including the ability to generate plausible but incorrect content. As a result, the assessment of teachers' work is still
critical in the context of using Al-generated content for teaching. The model accounts for 56.2% of the variance in teaching
quality enhancement, and the adjusted R2 is quite high (54.8%), suggesting that the model has a considerable predictive
capacity. The overall F-test is statistically significant, indicating that the predictors together account for the enhancement of
teaching quality. The Durbin-Watson statistic is 1.94, which is near the traditional value of 2, suggesting that there is no
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obvious serious autocorrelation problem in the regression residuals. The results validate the significance of three key
dimensions that are related to quality teaching: the use of ChatGPT, the reduction of workload, and the satisfaction with
generated content, and further reiterate the importance of responsible use of Al in education (Selwyn, 2019; Zawacki-
Richter et al., 2019).
Pairwise Granger causality results are available in Table 5 to support the temporal predictive relationships among use
frequency of ChatGPT, time saving/workload reduction, teaching quality enhancement, and content quality satisfaction. The
results show that there are multiple unidirectional predictive relations, but this does not necessarily mean that there are
direct cause-and-effect relationships. First, ChatGPT Use Frequency Granger-causes Time Saving/Workload Reduction, as
the null hypothesis is rejected at the 5% significance level. Conversely, time saving/workload reduction is not found to
Granger-cause the use of ChatGPT. This one-way relationship suggests that higher levels of ChatGPT use predict higher
levels of perceived efficiency. This discovery aligns with the argument for the use of Al to assist teachers in freeing up their
time and increasing instructional efficiency (Holmes et al., 2019). Second, the Use Frequency of ChatGPT predicts
Teaching Quality Enhancement, but the effect of Teaching Quality Enhancement on the Use Frequency of ChatGPT is not
statistically significant. Increased ChatGPT interaction is correlated with, and in turn predicts, increased perceived teaching
quality, suggesting that increased ChatGPT use is not simply a direct result of the increased teaching quality. This is in line
with Luckin (2017), who stresses the importance of Al-based systems to enhance the teaching professional's ability to cater
for various educational needs. It also corresponds with the technological-pedagogical integration perspective of Mishra and
Koehler (2006). Third, the frequency of ChatGPT causes Content Quality Satisfaction; the reverse cause is insignificant.
This indicates that satisfaction changes with increased exposure to ChatGPT can be predicted. However, the reliability and
limitations of Al-generated content are relevant issues, as language models can generate plausible yet incorrect content
(Bender et al., 2021). Finally, not only is the Teaching Quality Enhancement Granger-causing neither Time
Saving/Workload Reduction nor the other at conventional significance levels, but also the former comes close to
conventional significance. Overall, the results reveal that the use of ChatGPT is the most significant predictive variable
included in the model. The results align with the perspective that Al should be used to enhance the teaching role, and that
pedagogical oversight of Al tools and continued human judgment are needed for effective use in education (Selwyn, 2019;
Zawacki-Richter et al., 2019).

Table 5: Pairwise Granger Causality Test

Null Hypothesis F-Statistic ~ P-Value
ChatGPT Use Frequency does not Granger-cause Time Saving / Workload Reduction 4.83 0.01
Time Saving / Workload Reduction does not Granger-cause ChatGPT Use Frequency 1.46 0.236
ChatGPT Use Frequency does not Granger-cause Teaching Quality Enhancement 3.97 0.022
Teaching Quality Enhancement does not Granger-cause ChatGPT Use Frequency 1.72 0.184
ChatGPT Use Frequency does not Granger-cause Content Quality Satisfaction 3.41 0.037
Content Quality Satisfaction does not Granger-cause ChatGPT Use Frequency 1.19 0.309
Time Saving / Workload Reduction does not Granger-cause Teaching Quality Enhancement 2.88 0.061
Teaching Quality Enhancement does not Granger-cause Time Saving / Workload Reduction 2.31 0.104

5. CONCLUSIONS
The study presented the potential of using Artificial Intelligence (Al), specifically ChatGPT, in the transformation of
teaching and learning, which includes its impact on teaching productivity, workload, teaching quality, and satisfaction with
using Al-generated content. The results have shown that educators are now using ChatGPT as a valuable assisting tool for
certain repetitive educational tasks and facilitating the development of teaching content. The regression results provide
further support for the proposed framework. The frequency of using ChatGPT, time saving/workload reduction, and
satisfaction with the quality of the content are all positively and statistically significant variables that affect the teaching
quality enhancement. Of the explanatory variables, workload reduction is the strongest, highlighting the value of efficiency
gains achieved through Al-enabled educational activities. The model accounted for a significant amount of variation in
teaching quality improvement, suggesting that the effects of the three variables (Al use, productivity improvement, and
content satisfaction) have a meaningful contribution to explaining the variation. The results confirm the thesis that artificial
intelligence has the potential to augment teachers' skills if it is used alongside the right pedagogical knowledge, and not as a
replacement for pedagogical expertise. The findings are complemented by the results of the Granger causality test. The use
of ChatGPT is highly correlated with time saved/workload reduction, teacher quality improvement, and satisfaction with
content quality, but there is no significant correlation with the other three variables. A one-way predictive pattern was
found, suggesting that more use of ChatGPT is followed by better performance in key educational outcomes. It is, however,
important to point out that the results are not causal, but rather a temporal relationship. Overall, the results of this study
indicate that ChatGPT has the potential to become a valuable tool for improving the efficiency of education and
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personalized learning. The benefit to the student is that it will lighten the burden of the routine tasks they must complete,
help create lessons, and support lesson planning for the creation of learning materials. At the same time, some issues must
be constantly monitored by teachers concerning the accuracy of the content, over-dependence, and appropriate use. Thus,
the use of ChatGPT should be seen as an extra tool for students' learning, not as a substitute for teachers. For this integration
to work, the basic needs are digital competence, understanding of the results produced by Al technologies, and clear rules in
the institutions, along with a pedagogical shift towards a human-centered approach. The results ultimately show that the
shift from automation to personalization is a potentially positive one for educational practice, when artificial intelligence is
introduced in a strategic, ethical, and meaningful human control.
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