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Baeten, Tyler M. The Influence of Artificial Intelligence Adoption on Educator Perceptions
Abstract
This study sought to identify how educators perceive the influence of artificial intelligence
adoption. More specifically, it focused on generative Al technologies and their impact on
teaching practices viewed from the theoretical frameworks of andragogy and the Substitution,
Augmentation, Modification, and Redefinition (SAMR) model. Employing a phenomenological
framework, the research explores the lived experiences of educators at a Wisconsin Technical
College who navigate emerging assessment strategies, ethical challenges, and shifts in student
engagement because of recent Al innovations. Educators were invited to participate in an
interview to express their lived experiences regarding artificial intelligence in education. Ten
educators took part, and their responses were thematically analyzed. Four emergent themes were
discovered: utility, change, ethics, challenges. The research revealed a nuanced balance between
opportunities of GenAl, such as increased efficiency and personalized learning, with concerns
regarding privacy, overreliance on technology, ethical considerations, and the potential of
reduced critical thinking skills. The findings highlight the importance of targeted professional
development and clear implementation of guidelines to support the responsible adoption of Al in
education. By focusing on the educator perspectives, the study contributes to understanding Al’s
role in changing instructional practices. Also, it offers recommendations that can inform policy

and best practices for integrating GenAl in educational environments.
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Chapter I: Introduction

Any sufficiently advanced technology is indistinguishable from magic.

— Arthur C. Clarke, Hazards of Prophecy: The Failure of Imagination (1962)

Alan Turing is a founding researcher in the field of artificial intelligence (Al). Turing
began exploring the field following his cryptography work following the Second World War.
Turing's first contribution to the field occurred in a 1947 lecture at the London Mathematical
Society, where they proposed that machines could simulate human intelligence (Turing, 2004).
They proposed the imitation game in 1950, commonly called the Turing Test, to determine if a
computer could deliver a response indistinguishable from a human. The imitation game is a
problem-solving game to distinguish between a human and a machine; the game does not focus
on Al but instead focuses on the nature of digital computers, their components, and the capacity
of a computer to mimic human computation while addressing limitations and objections to
machine intelligence (Turing, 1950).

Turing's (1950) theories provided a theoretical framework that has influenced the
evolution of Al. His contributions include the concept of a universal machine that can simulate
any algorithm. They also speculated that learning machines might modify their programming and
code to acquire new knowledge. Turing also addressed philosophical objections to the idea of
machine intelligence, setting the stage for future advancements in the field of Al (Turing, 1950).
Turing's work aligned with research performed by McCulloch and Pitts (1943) which led to the
development of artificial neural networks and how neural networks could mimic elements of
human brain function.

Turing, McCulloch, and Pitts’ seminal work formed the field of Al and began the journey

towards creating intelligent machines. The capabilities of Al have progressed, yielding a rapid
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succession of impressive results since research first began. Competitions in complex strategy
games have been associated with superior intelligence. Al systems have surpassed human
players in games involving increasingly complex strategies over time (Manyika, 2022). Al
systems have bested human champions in games such as Chess, Atari, Go, and Dota 2 (Campbell
et al., 2002; Mnih et al., 2013; OpenAl et al., 2019; Silver et al., 2016). The hallmark of Al’s
achievement is the rapid rate of advancement, not merely surpassing human ability. Within the
context of strategy games, Al was first taught from expert human play, then self-play, and then
taught the principles of games from the ground up. The result was systems that can learn, play,
and win across structurally different games, suggesting the possibility of generally intelligent
systems (OpenAl et al., 2019).

In 2017, advancements in Al have led to the development of large language models
(LLMs) and transformer models. These represent forms of generative artificial intelligence
(GenAl) that utilize attention mechanisms to exceed the capabilities of earlier Al systems in
natural language processing (NLP) tasks (Vaswani et al., 2017). Shortly after Vaswani et al.
(2017) introduced the transformer, OpenAl released its first model the following year,
Generative Pre-Trained Transformer 1 (GPT-1), marking a milestone in NLP generation
(Radford et al., 2018).

In 2019, GPT-2 was introduced to limited research communities, highlighting the ability
to utilize unsupervised learning to determine patterns and relationships within data without
human interaction (Radford et al., 2019). However, due to concerns about potential abuse and
misuse, including impersonation in email communications, automation of abusive social media
content, and acknowledgment that humans can be deceived by text generated by GPT-2, OpenAl

prevented the public release of the GenAl system (Solaiman et al., 2019).
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The release of GPT-3 in June 2020 marked a significant advancement of language
models capable of performing NLP tasks in a task-agnostic manner utilizing only text
interaction. Internal testing revealed that GPT-3 performed competitively with earlier OpenAl
models while surpassing prior models in some tests. GPT-3 was noted for its ability to generate
synthetic news articles, which cannot easily be determined as GenAl content (Brown et al.,
2020).

OpenAl officially released ChatGPT to the public on November 30, 2022, gaining
widespread adoption and achieving a milestone of one 100 million users within two months
(Paris, 2023). Teubner et al. (2023) regarded the release of ChatGPT as the tipping point in
which there is no turning back in the widespread adoption and proliferation of GenAl use cases.

In an assessment of ChatGPT’s applications, opportunities, and threats, Bahrini et al.
(2023) explores ChatGPT and its applications, revealing opportunities and threats across 10
domains consisting of:

e Dbusiness and industry

e education

e science and technology

e government and politics

e healthcare and medicine

e infrastructure

e environment and sustainability

e communication

e arts and culture

o lifestyle and leisure.
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Bahrini et al. (2023) find benefits and consequences of GenAl systems in education,
including tools and software applications that assist with online learning, language learning,
research, teaching assistance, writing, exam evaluations, learner feedback, content creation,
professional development, and enhancing student experiences (Ayeni et al., 2024; Barrett et al.,
2019; Link et al., 2020; Mollick & Mollick, 2023b; Nunes et al., 2022; Prather et al., 2023; Shi
& Aryadoust, 2024; Zhai & Ma, 2023). These GenAl systems can increase access to education,
promote inclusivity, and boost learner engagement while offering efficient methods for grading
and personalized feedback (Bettayeb et al., 2024). However, GenAl systems may also perpetuate
systemic bias and discrimination, infringing upon students’ privacy due to monitoring and
surveillance (Brandsen et al., 2024; Lucy & Bamman, 2021; McAra-Hunter, 2024; Rahman &
Watanobe, 2023; Rodgers et al., 2023; Solaiman et al., 2019). The main threats posed by GenAl
systems in education include over-reliance on technology, which can lead to a decline in critical
thinking, exposure to inaccurate and biased information, diminished human interaction and
motivation, a lack of contextual understanding, and potential system downtime (Bahrini et al.,
2023; Bulawan et al., 2024; Farrokhnia et al., 2023; Mkhasibe & Ajani, 2024; Rahman &
Watanobe, 2023; Rudolph et al., 2023). Ethical concerns also arise regarding plagiarism, privacy,
and misuse. In an experimental study assessing GenAl systems in midterm exams, Bahrini et al.
(2023) observed that since the release of ChatGPT, the rapid pace of advancement and
innovation in GenAl systems has significantly accelerated. Released in March 2023, GPT-4 has
demonstrated superior performance compared to the previous ChatGPT model (Bahrini et al.,

2023).
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Statement of the Problem

GenAl systems are a rapidly changing technology that significantly impacts the education
landscape following the release of OpenAl’s ChatGPT chatbot in November 2022. Bahrini et al.
(2023) suggest ChatGPT altered how students and educators engage with technology. Unlike
previous educational tools like whiteboards or calculators, which served as instruments to
complete tasks, GenAl systems redefined education by introducing advanced contextual
understanding, facilitating personalized feedback, and generating written content in natural
language. GenAl systems have the potential to save time and money by automating tasks such as
grading assignments, personalizing lesson plans, and providing feedback. These systems can also
assist with administrative tasks, allowing educators more time to focus on education (Bahrini et
al., 2023).

Despite these benefits, GenAl systems also create several challenges and threats that
require careful consideration and mitigation. This technology gives learners instant access to
assistance, which can raise academic integrity issues, curriculum design, and teacher
preparedness. Ethical concerns, data privacy, and the potential for students to misuse information
provided by these systems are core concerns. Bias embedded within the GenAl algorithms and
overreliance can lead to reduced critical thinking (Bahrini et al., 2023).

The introduction of GenAl chatbots has led to multiple competing LLMs powering
GenAl systems. GenAl systems are rapidly advancing and evolving; however, notable examples
include OpenAl’s GPT models, which remain popular and are known for advanced capabilities;
Gemini, which integrates with Google’s search engines to provide real-time information; Claude
by Anthropic, is designed with safety and alignment as a core feature and principle; and open-

source options such as Llama by Meta. These LLMs differ in design, underlying architecture,
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accessibility, and intended use cases, representing unique positions within a rapidly evolving
landscape.

Learners have multiple tools to obtain academic support; however, this also increases the
challenges educators face. Models such as Gemini, with real-time data capability or the ability to
search the web, can provide convincing homework assistance, making it difficult to verify
instances of academic dishonesty (Pudasaini et al., 2024). Variations in safety and transparency
across differing GenAl platforms, such as Claude’s purposeful alignment to more open-source
models such as Llama, require careful consideration of curriculum design, instructional practices,
and evaluation methods (Chaudhry et al., 2022). Students quickly embraced GenAl technologies
in the form of GenAl chatbots, utilizing their capabilities to supplement learning and as
homework aids. However, educators were caught off guard, and concerns were quickly raised
over the ease of cheating and plagiarism when using GenAl systems (Cotton et al., 2023;
Dehouche, 2021). Therefore, educational institutions must carefully consider the multifaceted
nature of GenAl systems and their implications.

Trust et al. (2023) noted that Al technology is not new to education; students have used
grammar and sentence structure tools with Grammarly and translated between languages using
Google Translate. Educators have used Al tools to improve teaching and learning, such as
intelligent tutoring, personalized learning, and Al simulation learning technologies. Each of these
tools provides intended and unintended benefits and consequences. GenAl differs from earlier Al
technology, resulting in an unprecedented disruption to education due to the scale and speed at
which the technology was adopted. ChatGPT marked a milestone in GenAl adoption, gathering
many early adopters; following its release, the platform obtained widespread adoption, gaining

one million users within a week and increasing to over one 100 million in less than two months
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(Paris, 2023). The rapid growth of GenAl has been approached inconsistently within education,
leading some countries, such as Italy, to ban the technology (Bahrini et al., 2023). The University
of Hong Kong and New York City Schools implemented initial bans only to reverse course and
later allow usage of GenAl systems (HKU, 2023; Singer, 2023). Some professors do not allow
GenAl, while others expect that students will use it and incorporate its use as a requirement in
coursework (Mollick, 2023). With many bans removed or reversed, monitoring and examining
the interplay between GenAl and education is crucial (Hsu & Ching, 2023b). Despite the rapid
adoption of GenAl technologies by students, educators lack clear strategies to integrate these
tools ethically and effectively into curriculum and assessment.
Purpose of the Study

The emergence of GenAl and its growing presence in educational environments offers
both prospects and obstacles for teachers who have integrated these tools into their courses. This
study intends to examine GenAl technologies from the lens of andragogy and GenAl’s influence
on student learning at a Wisconsin Technical College. This study investigates educators’
experiences with using GenAl to create content and interact with the technology. Through this
exploration, the study aims to uncover the attitudes, expectations, challenges, and insights
associated with GenAl’s application in educational environments. This research aims to explore
educators’ perspectives on both the benefits and risks of GenAl in education. By prioritizing the
perspectives of those directly engaged with GenAl, this study intends to fill a gap in the existing
literature and contribute a deeper understanding of its perceived utility in teaching and learning.
By exploring educators’ perceptions of the effects of GenAl adoption, the research results will be
used to generate recommendations that guide discussions surrounding best practices for adopting

GenAl and its related technologies in educational environments. The results of the study will be
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used to develop recommendations for best practices related to GenAl adoption in education at a
Wisconsin Technical College.
Research Questions

This study attempted to answer the following research questions:

1. How do educators perceive the utility of GenAl adoption on their assessment

strategies?
2. What ethical considerations surround GenAl use in education, and how can these
concerns be addressed to ensure responsible implementation?

3. To what extent do educators believe GenAl adoption influences student engagement?
Significance of the Study

The role of educators may shift as education faces disruption due to the proliferation of
GenAl (Zawacki-Richter et al., 2019). Hsu and Ching (2023a) suggested educators are uniquely
positioned to play a vital role in this dynamic frontier, facilitating learning and empowering
learners through GenAl. Definitions of the teacher and their role are still evolving as GenAl
makes its way into classrooms, highlighting the significance of educators' experiences with
GenAl in shaping future research and development regarding the interplay between GenAl and
education. The existing literature contains gaps; in a systematic review, Zawacki-Richter et al.
(2019) examined Al in Education (AIEd) research through the lens of authorship and publication
patterns and found only two articles that focused on the teacher’s perspective. Most AIEd
research focuses on reducing the teacher’s workload, and while many studies also address
teaching-related functions, they often fail to consider the teacher’s perspective. Gaining a deeper
understanding of how GenAl systems influence educators’ perspectives is crucial, as it addresses

a contemporary issue with far-reaching implications for the future of education. Zawacki-Richter
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et al. (2019) in a systematic review of AIEd highlighted only two out of 146 articles critically
reflected upon the ethical implications, challenges, and risks of applying AIEd. Dodigovic
(2007) referred to Al as machines that emulate the behavior of intelligent beings and suggested
Al could be used to emulate the behavior of a teacher or learner. Selwyn (2019, p. 98) also
suggested “Just as learners can be demotivated by being constantly ‘nudged’ what to do by
pedagogical agents, teachers are also undermined by having machines guide and direct their
every move.” Little research has been performed on how GenAl influences educators’
perceptions of their role in education and its implications on teacher motivation, ethical
concerns, and the practical realities of everyday instruction (Selwyn, 2019; Zawacki-Richter et
al., 2019). By thoroughly analyzing educators' experiences, including ethical considerations, the
study aims to guide the responsible adoption of GenAl technologies by educators.

Examining educators’ lived experiences of providing instruction in the age of GenAl
holds significant promise toward shaping practice, informing policy, and guiding future research.
By examining how teachers adopt and engage with GenAl tools, this study will provide insight
into real-world applications and potential limitations of these technologies. A nuanced
understanding of educators’ attitudes, ethical considerations, and instructional strategies can aid
in creating professional development resources and funding initiatives that align with the needs
of educators. As GenAl becomes increasingly accepted in educational settings and usage of the
technology increases, there is an opportunity to strengthen the discourse on responsible GenAl
use, helping ensure that the language and policies surrounding GenAl do not stigmatize or
alienate educators but rather empower them. The results of the study not only help provide

guidelines for GenAl implementation but also the opportunity to foster an environment where
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educators and administrators collaborate to shape equitable and innovative landscapes within the
field of education.
Assumptions of the Study
The assumptions of this study are:
e The pace of adoption of GenAl systems following the initial release of ChatGPT in
education will continue to accelerate.
e GenAl influences assessment strategies and student engagement. The influence of
GenAl will be determined by educators’ lived experiences.
e GenAl is a tool that can be associated with positive and negative outcomes depending
on its usage.
e Responsible implementation is needed to achieve the benefits while avoiding the
drawbacks of GenAl technologies.
The methodological assumptions of the study are:
e The phenomenological approach of semi-structured interviews and thematic analysis
is best suited for capturing the nuanced, lived experiences of educators.
e The participants in the study can provide sufficiently rich and relevant capta to
provide insights that can inform broader discussions on GenAl adoption.
e Although it is not possible to achieve complete neutrality, the bracketing strategy
employed by the study will mitigate potential researcher bias (Giorgi, 1997; Husserl,
1982; Moustakas, 1994; van Manen, 1997).
The theoretical and conceptual assumptions of the study are:
e Andragogy is an appropriate framework for understanding adult educators’ readiness,

resistance, and adaptation to new technologies like GenAl. The principles of
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andragogy are valid for interpreting how educators perceive and integrate GenAl
tools into their teaching practice (Knowles, 1988; Merriam & Bierema, 2013).

e The SAMR framework provides an additional lens by providing a model to evaluate
varying levels of integration of GenAl in educational practices. The SAMR
framework allows an analysis of the degree to which GenAl influences teaching and
learning from substitution to augmentation, modification, and redefinition of common
tasks and practices (Puentedura, 2010).

e Combining andragogy with SAMR provides a detailed approach to exploring how
educators perceive GenAl. Andragogy captures the needs and experiences of adult
learners, while SAMR provides insight into the various ways that technology
integration affects routine classroom activities. When combined, these frameworks
offer a balanced assessment of educators' attitudes and the real-world effects of
implementing GenAl in the classroom.

Limitations of the Study

This study explores a contemporary issue influencing the field of education. GenAl
systems and technologies are advancing rapidly, and the future state of technologies cannot be
predicted. Given the rapid advancement of Al technologies, future iterations may influence or
alter the perceptions shared by participants in this study. The responses to questions posed in this
study reflect the perceptions held by 10 participants and may not reflect larger sample sizes
within similar populations. Due to ethical considerations surrounding GenAl usage, such as
academic integrity, bias, and privacy, participants may withhold or alter responses out of fear of
adverse consequences, potentially influencing the study’s findings (Cotton et al., 2023; Hsu &

Ching, 2023a; Perkins, 2023; Perkins & Roe, 2024; Rahman & Watanobe, 2023; Rodgers et al.,
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2023; Rudolph et al., 2023). As the participants are members of an academic community, their
availability for interviews may be influenced by the academic calendar, potentially limiting
response rates. Participants’ level of interest in the topic may also affect response rates and the
depth of their answers in interviews.
Definitions of Key Terms

This study utilizes vital terms commonly used in business and industry, focusing on those
relevant to Al, GenAl, and its educational applications. The definitions for the key terms will
enhance comprehension of the study and its discussions on GenAl and its influence on educator
perceptions.
Andragogy

A theory of adult learning that emphasizes self-directed, problem-centered learning,
distinguishing it from traditional pedagogy, which focuses more on structured environments for
children (Knowles et al., 2020).
Artificial General Intelligence

Artificial General Intelligence (AGI) is a category of Al associated with the ability to
perform various cognitive tasks at a level comparable to or exceeding human capacity. AGI
achieves broad intelligence, capable of reasoning, learning, and problem-solving across multiple
domains like a human or exceeding human ability (Pandey et al., 2024).
Artificial Intelligence

Artificial Intelligence (Al) comprises technologies enabling computers to perform tasks
requiring human intelligence, including decision-making, pattern recognition, language
understanding, language processing, and problem-solving. Al can be found in applications such

as automating tasks, data analysis, and enhancing customer service. The goal of Al in business
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settings is too often to improve efficiency, gain insights from data, and create new opportunities
for innovation (Russell & Norvig, 2021).
Attention Mechanism

Used in neural networks to allow a model to focus on only specific input aspects when
making predictions (Niu et al., 2021).
Artificial Intelligence in Education

Artificial Intelligence in Education (AIEd) refers to the application of artificial
intelligence technologies to enhance educational processes. It involves using Al to support and
improve teaching practices, innovate methods, and address challenges in education (Zawacki-
Richter et al., 2019).
Chatbot

A computer program designed to simulate conversation with human users, especially
over the internet (King, 2023).
Generative Artificial Intelligence

General Artificial Intelligence (GenAl) is a subset of Al technologies specializing in
creating information such as text, images, speech, or music based on existing information and
data (Lund & Wang, 2023).
Generative Pre-trained Transformer

Generative Pre-Trained Transformer (GPT) is a machine learning model that uses
unsupervised and supervised learning techniques to understand and generate content (Radford et

al., 2018).
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Language Model

A GenAl model which is trained to generate text that is like human language (MacNeil et
al., 2022).
Large language Model

A Large Language Models (LLM) is a language model noted for its extensive size,
measured by billions of parameters, and is often trained from diverse datasets. The scale and
diversity of the datasets allow the model to identify patterns and be contextually aware (Bender
etal., 2021).
Machine Learning

A discipline within the field of artificial intelligence that allows systems to learn from
data to improve performance as they are exposed to more data instead of relying on explicit
programming instructions (Domingos, 2012).
Natural Language Processing

Natural Language Processing (NLP) refers to technologies which are used to extract
useful information and meaning from data. NLP is a field of Al involving the use of algorithms
to analyze and interpret human language, such as text-to-speech (Manning & Schutze, 1999).
Neural Network

A machine learning model comprised of interconnected processing notes which is trained
on data to perform specific tasks by adjusting the strengths of connections between processing
nodes (Bishop, 1994).
Recurrent Neural Network

Recurrent Neural Network (RNN) is a type of artificial neural network that can process

data sequences such as text or audio. RNNs use current input and information from previous
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inputs to generate an output, allowing it to remember what it has learned when generating
outputs (Heaton, 2018).
Supervised Fine-Tuning

A machine learning technique where a pre-trained model is further trained on a smaller
labeled dataset to improve its performance on a specific task (Lee et al., 2018).
Transfer Learning

Refers to the ability of Al systems to use knowledge gained from one task to improve its
performance on another related task (Pan & Yang, 2010).
Transformer

A neural network architecture that relies on attention mechanisms to process sequential
data which allows models to weight the importance of different inputs without recurrent or
convolutional structures (Vaswani et al., 2017).
Unsupervised Pre-Training

A machine learning technique where a model is trained on a large dataset without any

labeled examples, allowing it to learn the structure and patterns in the data (Lee et al., 2018).
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Chapter I1: Literature Review

The purpose of this study was to explore GenAl technologies through the lens of
andragogy and their influence on conceptual and technical student learning at a Wisconsin
Technical College. By examining educators’ experiences who use, create, or interact with
GenAl, this study aimed to uncover attitudes, expectations, challenges, and insights into GenAl
adoption. The study reveals educator perspectives regarding the benefits and hazards linked to
GenAl utilization. Prioritizing the perspectives of those directly engaged with Al, this research
served to fill a gap in the literature, contributing to a deeper understanding of GenAl’s perceived
utility in teaching and learning. The research findings were used to generate recommendations
that guide discussions surrounding best practices for adopting GenAl and its related technologies
in educational environments. The following narrative provides the contextual background that
guides the purpose of the study. This is presented through the following literature structure:
theoretical framework, definitions and concepts of Al, definitions and concepts of GenAl, the
historical development of Al and GenAl technologies, and AIEd.
Theoretical Framework

The advancements of GenAl have disrupted the field of education following the release
of ChatGPT (Babhrini et al., 2023). Educational communities are beginning to implement GenAl
for staff and students in ways that are leveraged to create better student experiences (Barrett et
al., 2019). The effective adoption of GenAl requires educators to perform three actions: (a)
consider new assessment strategies, (b) respond to changing technologies, and (c) evaluate
GenAl’s perceived influence on student learning. This study grounded itself in Andragogy to

address these topics; through this framework, it gained valuable insights into how educators



27

develop perceptions related to how GenAl influences education and the development of skills
and dispositions to enable effective GenAl adoption in teaching.

Andragogy, first introduced by Knowles (1988), is a framework for understanding how
educators, as adult learners, adopt GenAl into their teaching. The six key principles for learning
provided by the framework include: (a) the need to know, (b) self-directed learning, (c)
experience as a resource, (d) relevance-oriented, (e) problem-centered approach, and (f) intrinsic
motivation. These principles have been further contextualized by Merriam and Bierema (2013)
to reflect the evolving realities of adult education such as digital learning and shifting workplace
demands. Andragogy as a theoretical framework aligns with the study's purpose by exploring
factors in which GenAl adoption influences educator perceptions. The framework establishes
educators are more likely to engage with GenAl if clear benefits are offered, such as enhanced
instruction efficiency, improved student learning, or reduced administrative workloads.
Conversely, resistance to Al adoption may occur if GenAl requires a steep learning curve,
conflicts with established teaching practices, or does not align with the educators’ teaching
philosophies. Andragogy is a framework that helps explain the variation among educators’
perceptions by emphasizing their readiness to learn, motivation, and prior experience with
technology.

Andragogy also aligns with Davis’s (1989) concepts of perceived usefulness and ease of
use in the Technology Acceptance Model and Rogers’ (2003) Diffusion of Innovations theory.
The Technology Acceptance Model defines perceived usefulness as “the degree to which a
person believes that using a particular system would enhance his or her job performance” (Davis,
1989, p. 320) and perceived ease of use as “the degree to which a person believes that using a

particular system would be free of effort” (Davis, 1989, p. 320). Rogers’ (2003) Diffusion of
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Innovations theory explains how new technologies such as GenAl spread through social systems
over time, driven by five attributes that influence adoption which include: (a) relative advantage,
(b) compatibility, (c) complexity, (d) trialability, and (e) observability.

Andragogy as a framework provides a foundation for analyzing education perceptions of
GenAl adoption by explaining how educators, as adult learners, develop knowledge and attitudes
toward GenAl. Framing the study through the lens of Andragogy provides insights into how
educators’ self-directed learning tendencies influence their perceptions of Al and guides the
development of the interview protocols to capture the nuances of educators’ experiences with
GenAl Tools. The study explored how educators experience, perceive, and integrate GenAl in
teaching through this framework. It offers insights into the factors influencing perceptions that
influence their acceptance or resistance to GenAl tools in education (Knowles, 1988; Merriam &
Bierema, 2013).
Conceptual Framework

Zhao and Watterston (2021) discussed prior technological disruptions in education, such
as COVID-19, articulating an argument for change in education. Following the pandemic, the
next great disruption to education was GenAl (Bahrini et al., 2023; Cotton et al., 2023;
Dehouche, 2021). These advancements have resulted in a skills transition; although the extent of
the skills transition is open to interpretation, there is general agreement that repetition, pattern
prediction, memorization, and any skills related to collecting, storing, and retrieving information
have declined due to advancements in Al technologies (Muro et al., 2019). Zhao and Watterston
(2021) argued traditional education models are no longer sufficient and that a new solution must
be engaging, personalized, relevant, and authentic. The advent of GenAl presents opportunities

and challenges to influence student engagement (Bettayeb et al., 2024; Bulawan et al., 2024;
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Zielinski et al., 2023) and personalized solutions (Mollick & Mollick, 2023a; Tapalova &
Zhiyenbayeva, 2022; Trust et al., 2023). To understand how Al and specifically GenAl
influences and is used in teaching, from simply substituting traditional teaching methods to
redefining education in transformative ways, this study utilized the SAMR model to understand
the pedagogical shifts better that occurred following the widespread use and acceptance of
ChatGPT.

The SAMR model was used to understand how Al, specifically GenAl, technology
integration can evolve educational practices, causing pedagogical shifts (Puentedura, 2010). By
mapping educators’ experiences to the SAMR framework, it was possible to identify where
current practices are aligned from substitution to redefinition and to explore how these different
levels of technology integration influence educator perceptions. Figure 1 provides an overview

of the SAMR model and its different levels.
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Figure 1

The SAMR Model
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The SAMR provides the study with a useful framework for analyzing how technology
integration can evolve educational practices (Puentedura, 2010). The substitution level of SAMR
focuses on technology utilized as a direct replacement for traditional teaching with no changes to
practices or functions. Through this lens, GenAl may be used to create content or automate tasks
performing the same function as traditional methods but with greater efficiency (Lund & Wang,
2023). At the augmentation level, technology provides functional improvements; GenAl may
offer real-time feedback and data analysis on student work, enhancing task performance (Sajja et
al., 2024). The modification level involves redesigning tasks through technology integration;

GenAl may lead to the redevelopment of lesson plans or assessment strategies by having learners
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interact with Al-generated simulations or personalized learning modules to show an
understanding of competency rather than submit a paper or another conventional assessment
practice (Mollick & Mollick, 2023a; Tapalova & Zhiyenbayeva, 2022; Trust et al., 2023).
Redefinition is obtained when technology enables the creation of entirely new tasks that were
once impossible; at this level, technology changes how tasks are performed and redefines the
roles of educators and learners. In this context, GenAl may allow for collaborative project-based
environments where educators and learners co-create content by engaging in complex problem-
solving or exploring real-world scenarios in ways that traditional methods and practices cannot
support.

Utilizing the SAMR model as a conceptual framework in this study provides a structured
approach to examine educator perceptions of Al adoption. By mapping educators’ experiences to
the SAMR framework, it became possible to identify where current practices are aligned from
substitution to redefinition and explore how these different levels influence educators’
perceptions related to GenAl technologies. Prior research by Hew and Brush (2007) provides
evidence moving beyond substitution to modification or redefinition is crucial to creating
meaningful and transformative educational experiences. By evaluating educators’ perceptions
mapped to the SAMR model, this study is equipped to generate recommendations that guide
discussions surrounding best practices for adopting GenAl in educational environments.
Definitions and Concepts of Al

It is challenging to arrive at a definition of Al (Abbass, 2021). The fourth president of the
Association for the Advancement of Artificial Intelligence and a founding Al researcher attempts
to define “Artificial intelligence is [sic] that activity devoted to making machines intelligent, and

intelligence is that quality that enables an entity to function appropriately with foresight in its
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environment” (Nilsson, 2009, p. 13). The Institute of Electrical and Electronics Engineers (IEEE)
offers two definitions for Al: the first is “Artificial Intelligence is the automation of cognition,”
and the second is “Artificial Intelligence is social and cognitive phenomena that enable a
machine to socially integrate with a society to perform competitive tasks requiring cognitive
processes and communicate with other entities in society by exchanging messages with high
information content and shorter representations” (Abbass, 2021, p. 95).

Al lacks a precise, universally accepted definition (Stone et al., 2016). To simplify these
definitions, this study proposed that Al comprises technologies enabling computers to perform
tasks that historically required human intelligence. Al may involve computer systems performing
tasks requiring decision-making, pattern recognition, language understanding, language
processing, and problem-solving. Al technologies can be found in applications that involve
automation of functions, data analysis, and customer service. When organizations adopt Al, the
goal is often to improve efficiency, gain insights from data, and create new opportunities.
Narrow Al vs General Al

Al can be further categorized as narrow Al and general Al. Narrow Al, also known as
weak or specialized Al, is designed to operate within a limited domain. These systems excel at
specific tasks but cannot generalize their knowledge and skills to other domains. These systems
focus on a narrow problem operating in a predefined and constrained environment without the
ability to transfer learning to different domains. Examples of narrow Al include chess-playing
software and image-recognition software. General Al is also known as artificial general
intelligence (AGI). These systems can perform various cognitive tasks comparable to or
exceeding human capacity. The defining characteristic of AGI is the ability to perform cognitive

tasks across domains, acquire knowledge and skills, and transfer learning across domains
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(Pandey et al., 2024). The primary difference between the categorizations is the scope and
generality of an Al system; narrow Al excels at specific tasks in a narrow domain, while AGI
achieves broad intelligence, capable of reasoning, learning, and problem-solving across multiple
domains like a human or exceeding human ability.

Definitions and Concepts of GenAl

GenAl is a subset of Al technologies that specialize in creating new information such as
text, images, speech, or music utilizing existing information and data available to the system
(Lund & Wang, 2023). GenAl accomplishes this task by learning associations present in the
training data (Dammu & Shah, 2023) and by replicating patterns and relationships found within
data available to the system (Pelaez et al., 2023). Stonier et al. (2023) noted that the datasets of
GenAl are usually derived from broad origins, are ambiguous, and have no particular use case
compared to non-generative Al, which often uses tailored datasets of relevant data for a specific
use case. GenAl is designed to generalize across a broad range of tasks, using training data to
create new content.

GenAl can create text, images, or code based on existing data in its training dataset
(Prather et al., 2023). ChatGPT was one of the first GenAl tools and remains one of the most
popular products; the tool excelled in generating text such as essays or answers to open-ended
questions (Haensch et al., 2023). Gilson et al. (2023) found that ChatGPT using the GPT3.5
model performed at the level of a third-year medical student. Jalil et al. (2023) provided
ChatGPT with questions from a software testing textbook and found the tool succeeded in
answering correctly or partially correctly 56% of the time. Beyond ChatGPT’s text generation
capabilities, other generative Al models such as DALL-E and MidJourney can be used for image

creation, as well as deepfake technology for media manipulation provides additional examples of
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the diverse applications of GenAl. These implementations build on the principles of generative
adversarial networks (GANS) introduced by Goodfellow et al. (2020). A core component of
GenAl’s functionality is its underlying architecture such as transformer models.
Transformer Models and Language Models

Transformer models, as developed by Vaswani et al. (2017), serve as the underlying
technology for GenAl. Transformer models are a neural network design used in NLP, consisting
of two primary parts: an encoder and a decoder. The encoder reads and understands the input
text, and the decoder creates output text. The encoder and decoder each have multiple layers.
Positional encoding is applied to the input and output embeddings, allowing the system to
understand sequence order so that information may be processed. Attention mechanisms are used
to identify which parts of the input are significant and should be focused on. The next several
layers connect to neural networks, utilizing this information to produce the final output and
further train the model. The transformer model can utilize input and previously generated outputs

when processing future information. This process is depicted in Figure 2.
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Figure 2

Transformer Architecture with Self-Attention Mechanism
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Note. Diagram illustrating the self-attention mechanism in Transformer architecture. From
Attention Is All You Need (p. 3), by A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones,
A. N. Gomez, L. Kaiser, & I. Polosukhin, 2017, https://doi.org/10.48550/
arXiv.1706.03762 Copyright 2017 by Google. Reprinted with permission.
Benefits, Concerns, and Challenges of Al

Rapid advancements in the field have been driven by improvements in machine learning
models and the availability of large datasets. GenAl can be applied to various applications,

including content creation, personalized marketing, software development, and more. GenAl is
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increasingly integrated into business processes to enhance productivity and innovation. With
these benefits, concerns and challenges have also been raised (Prather et al., 2023)

Benefits. Al represents a significant advancement in science and technology and is
expected to boost productivity and economic growth (Solos & Leonard, 2022). Brynjolfsson and
McAfee predict a machine revolution based on Al and the digital revolution, significantly
advancing technical progress (Bernstein & Raman, 2015). Solos and Leonard (2022) noted that
Al will promote economic development by automating complex, non-routine tasks through
intelligent automation, supplementing existing labor and assets, and promoting innovation and
spreading across industries. Al technologies have already been applied in healthcare sectors to
analyze medical images, increasing diagnostic accuracy (Shen et al., 2017). In education, Al
systems have been used to generate adaptive learning materials catering to individual student
needs, enabling personalized learning experiences (Zawacki-Richter et al., 2019). Creative
industries have also embraced Al-powered tools to produce artwork and visual designs with
designs, some of which have won first-place awards in competitions, highlighting the utility of
Al technologies (Elgammal et al., 2017; Metz, 2022).

Hanson (1998) attempted to evaluate Al's economic influence using neoclassical
economic development models. The model posits that technology may complement or replace
human work to varying degrees depending on the task. The model assumes that computer
technology advances faster than general technology and that labor input for machine intelligence
develops as quickly as required, improving economic growth by at least an order of magnitude
with machine intelligence. Al can automate repetitive tasks, leading to job losses in some sectors
but creating new opportunities in Al-related fields such as software development and data

engineering (Rickardo & Meiriele, 2023; F. Wang et al., 2020). Hanson (1998) stated that the



37

model may underestimate Al's economic benefits because it does not account for new jobs
created by Al advancement.

Acemoglu and Restrepo (2019) addressed the deficiencies presented within Hanson’s
model, presenting automation technologies on a task-based model assuming the number of tasks
is endogenous. The task-based model presents a unified framework in which formerly labor-
intensive jobs may be automated while new labor-intensive ones can be established. In this
model, automation has both a substitution and a productivity effect. The substitution effect
reduces labor demand, but the productivity effect boosts productivity by substituting labor with
less expensive capital and raising labor demand for non-automated work.

Concerns. Al is expected to have broad and consequential effects on the labor market,
raising fears of mass technological unemployment (Frank et al., 2019). Concerns and anxieties
about automation replacing human expertise are not a new phenomenon, dating back to the
creation of written language. In ancient Greece, Plato’s Phaedrus describes how written
language might potentially displace human memory and how reading could replace actual
knowledge with mere data (Plato, 2011). Historians frequently cite the Industrial Revolution and
the 19th-century Luddite riots as examples of technological advancement leading to social unrest
(Jones, 2006).

These two past examples echo the concerns of Al displacing human roles and labor.
Some individuals, such as author, technologist, and futurist Martin Ford (2009, 2016, 2021),
have argued the potential disruption from Al is different than earlier historical contexts. Unlike
prior technological advancements that automated manual labor tasks, Al has begun to automate
cognitive, creative, and decision-making tasks that have been traditionally reserved for humans.

Ford argues that as Al displaces workers, they will increasingly struggle to transition to new
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roles, potentially driving increased income inequality and requiring policy interventions and a
reexamination of economic structures.

Google CEO Sundar Pichai has warned society to brace for the impact of Al acceleration,
noting that “every product of every company” will be impacted by Al, and society must adapt as
a result (Elias, 2023, para. 1). Frey and Osborne (2017) examined the future extent of at-risk job
automation, predicting that recent developments in machine learning will reduce aggregate
demand for labor in tasks that can be routinized utilizing pattern recognition. The Bureau of
Labor Statistics (BLS) occupational employment projections predict US net employment growth
across major occupations based on historical staffing information. Historical data is unavailable
by speculating on the substitution effect of future computerization. An employment analysis is
provided to investigate the future of employment and the susceptibility of jobs to
computerization.

In their analysis, Frey and Osborne (2017) distinguished between high, medium, and low-
risk occupations' employment impact depending on their probability of computerization,
concluding that 47% of total US employment is at high risk of potential automation within the
next one or two decades. The results of the analysis are depicted in Figure 3. The level of
technological advancement will determine the extent of automation. In the first wave, workers in
transportation and logistics occupations, office administrative support workers, and labor in
production occupations are susceptible to automation by computer capital. As algorithms for big
data enter domains reliant upon storing and accessing information, office and administrative
support occupations will become subject to automation. Continuation of a trend that has been
observed in prior decades, with industrial robots taking on routine tasks in manufacturing, is

expected to expand as industrial robots become more advanced with Al and additional sensors.
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Industrial robots are expected to perform a broader scope of non-routine manual tasks.
Employment in production-based occupations is predicted to diminish. The findings suggested
that developments in machine learning will put a substantial share of jobs across a wide range of
occupations at risk of automation. Al adoption can reduce hiring in non-Al positions while

changing the skill requirements for remaining jobs (Acemoglu et al., 2022).
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Figure 3
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permission.

Challenges. Advancements in Al will decrease the price of automation, replacing human
labor with machines (Solos & Leonard, 2022). The advancements of Al will result in negative
and positive effects on employment. Technological innovations and productivity improvements
will cause a temporary increase in demand for the factors used to manufacture new products, and

the saving effect of the process innovation will result in declining labor demand and increasing
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unemployment. Technical growth also generates employment opportunities through
capitalization effects (Boianovsky & Trautwein, 2010). Unlike the Industrial Revolution of the
19" century, Al tends to replace high-skill tasks more than low-skill tasks, leading to a negative
impact on the skilled labor markets but a positive effect on the unskilled labor markets (Webb,
2019).

As the price of computers declines and advancements in Al are made, jobs will
increasingly be automated. The challenge is estimating the size and scope of automation;
researchers have failed to reach a consensus (Solos & Leonard, 2022). Frey & Osborne (2017)
used the O-NET database and a probabilistic classification algorithm, the study predicted that
702 jobs in the United States would soon be automated. Based on high, medium, and low size
classifications, 47% of US employment was at risk of automation. Arntz et al. (2016) argued that
the study by Frey & Osborne (2017) contained methodological flaws, with the amount of
automation being assessed in terms of jobs rather than labor activities being a significant
drawback, which may have resulted in overestimating the number of jobs that will be automated,
given that high-risk occupations frequently involve a significant degree of tasks that are
challenging to automate. Utilizing a task-based methodology accounting for task variability
across worker positions Arntz et al. (2016) asserted that work tasks' likelihood of becoming
automated is significantly lower than most job-based research at nine percent of jobs facing
automation. Brynjolfsson et al. (2019) conclude that wealth gains from Al have been distributed
unevenly, leaving many workers with stagnating incomes. This view is supported by Acemoglu
and Restrepo (2020) who found that robots, automation, and Al negatively affect total
employment and wages, suggesting that one additional robot per 1000 workers reduces the

employment-to-population ratio by 0.2% and wages by 0.42%.
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Historical Development of Al and GenAl Technologies

Al is not a new concept; the field is credited to Alan Turing, who attempted to determine
if a machine can exhibit intelligent behavior equivalent to a human. Turing (1950) proposed the
imitation game, later known as the Turing Test, to determine if a machine possesses intelligence
equivalent to a human. Rather than asking if machines can think, Turing criticizes the ambiguity
of such a question and devises a problem-solving game to distinguish between a human and a
machine. Turing’s foundational research did not focus on Al and instead discussed the nature of
digital computers, computer components, and the capacity of a computer to mimic human
computation while addressing potential limitations and objections to machine intelligence,
emphasizing the capabilities of digital computers. Turing led future researchers to explore the
potential of creating intelligent machines, forming the field of Al. Three key ideas presented
include: (a) the concept of a universal machine that can simulate any computer algorithm,
drawing parallels to the model described by McCulloch and Pitts (1943) which laid the
groundwork for understanding how simple artificial neural networks could mimic elements of
human brain function, (b) discussing the possibility of learning machines that can modify their
programs and acquire knowledge, and (c) confronting philosophical objections to Al.

The field of Al began with the proposal for the Dartmouth summer research project on
artificial intelligence in 1956. McCarthy et al. (2006) hypothesized that all aspects of learning
can be described with such precision that a machine can simulate it. The proposal aimed to
explore how machines could be made to use language, form abstractions, develop concepts,
solve problems typically requiring humans, and the ability of Al to improve itself. The document

defines the scope of Al research and its objectives of simulating human intelligence, focusing on
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the interdisciplinary nature of the field as well as technical and conceptual challenges. The
proposal identifies seven critical areas of study:

e automatic computers

programming computers to use language
e neuron nets

e theory of the size of a calculation

e self-improvement

e abstractions

randomness and creativity

The field of Al has encountered periods of growth and stagnation. In the 1950s and
1960s, early Al programs and theories continued to emerge and develop. Simon and Newell
(1971) developed the logic theorist and general problem solver (GPS), a set of early programs
demonstrating the problem-solving capabilities of symbolic Al. In the 1960s, a family of
programs named ELIZA was created, which attempted to conduct conversations with humans,
marking the development of one of the first NLP capable of mimicking human-like conversation
(Weizenbaum, 1983).

Throughout the 1970s and 1980s, the rate of progress in Al advancement slowed; due to
unmet expectations, the Defense Advanced Research Projects Agency (DARPA) cut funding,
leading to a stagnation called the Al Winter (McCorduck & Cfe, 2019). McCorduck & Cfe
(2019) observed a recurring theme in Al development where ideas are adopted and exploited to
the maximum extent allowed by hardware and software of the time and are then abandoned only
to be picked up again as improvements in hardware and software enable a new round of

exploitation and growth. Neutral networks were found in many applications during the 1980s and
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were a resumption of early work on the perceptron in the 1950s and 1960s, based on work by
McCulloch and Pitts (1943). In 1986, advancements led to the backpropagation algorithm for
training multi-layer neural networks, which became a foundation for modern neural networks
and deep learning (Rumelhart et al., 1986).

Technological advancement has led to increasing capabilities in Al technologies. In 1997,
IBM’s Deep Blue defeated the then-chess world champion, Garry Kasparov, by two wins to one
with three draws (Campbell et al., 2002; Nilsson, 2009). Hinton et al. (2006) developed a fast-
learning algorithm for deep belief networks, a breakthrough in deep learning allowing for more
efficient learning of deep networks led to the resurgence of interest in neural networks in Al. In
2007, IBM researchers Ferrucci et al. initiated a project to explore new ways for technology to
affect business, science, and society by seeking a research challenge to rival the scientific and
popular interest of Deep Blue. They identified a Jeopardy challenge as a research endeavor that
led to the development of Watson, an Al system designed to beat human players. Ferrucci et al.
(2010) documented that Watson’s success demonstrated advancements in Al’s ability to handle
complex questions and databases. The system's design integrated various algorithmic techniques
such as information retrieval, NLP, knowledge representation, reasoning, and machine learning.
In 2011, Watson won the competition against Ken Jennings and Brad Rutter, two of the most
successful Jeopardy champions (Tesauro et al., 2013).

Building on the achievements of Al systems like IBM Watson, Silver et al. (2016)
developed a program called AlphaGo, designed to master the game of Go. Go has been viewed
as the most challenging of classic games for Al due to its ample search space and difficulty

evaluating board positions and moves. AlphaGo incorporates deep neural networks with Monte
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Caro Tree Search to evaluate the large permutations of possibilities when playing Go, achieving
an impressive 99.8% win rate against human players.

The modern era of GenAl resulted from research affiliated with Google Brain, an Al
research team at Google, a subsidiary of Alphabet. Vaswani et al. (2017) introduced the world to
the Transformer model. This GenAl model uses attention mechanisms to evaluate relationships
between input and output sequences without relying on recurrent or convolutional layers, which
are found in other earlier Al models. The attention mechanisms allow the Transformer model to
identify relevant information while ignoring irrelevant data, increasing the efficiency of the
Transformer compared to the recurrent neural network (RNN) architecture and earlier models
(Niu et al., 2021). Attention mechanisms can also relate information between different
modalities, such as text and images, or languages like English and Spanish. Compared to
predecessor Al models, the Transformer performs better on many NLP tasks, such as translation,
summarization, and grammar analysis. It also performs well in music, video, and image data
generation.

Radford et al. (2018) introduced OpenAl’s first model, Generative Pre-Trained
Transformer 1 (GPT-1), highlighting a milestone in NLP generation. GPT-1 is a GenAl model
that uses the Transformer model to generate human-like responses to questions and
conversations. The model also performed well with other text forms, including summaries,
stories, and reviews. OpenAl researchers proposed a framework for improving NLP that can be
adapted to different tasks. The framework consists of two stages: first, unsupervised pre-training
of a language model on substantial amounts of text, and second, supervised fine-tuning of
specific tasks. The resulting model, GPT-1, achieves top results on nine out of 12 NLP tasks,

such as text classification, question answering, and semantic similarity.
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Radford et al. (2019) introduced GPT-2 as a model using a transformer-based
architecture, which follows the details of the OpenAl GPT model with a few modifications
(Radford et al., 2018). In discussing the approach used for GPT-2 Radford et al. (2019) described
the potential of unsupervised learning. Unsupervised learning uses unlabeled data from which
the model can learn without human interaction by determining patterns and relationships within
the data compared to earlier GenAl models, which utilized supervised learning. This approach
requires human intervention to provide correct labels to data, such as pairing images of canines
with the label “dog.” Prior language models were trained on single domains of text such as
Wikipedia (Merity et al., 2016) or books (Kiros et al., 2015). Radford et al. (2019) discussed
OpenAl’s approach to building large and diverse datasets by utilizing web scrapes, a method to
obtain data from the web in a manner that only collects content that has been curated/filtered by
humans, outperforming prior web scrape methods such as common crawl.

In an OpenAl report, Solaiman et al. (2019) described the organization’s LLM release
strategy as having a broad positive impact on society and having a low potential for misuse. The
report focuses on four social impacts of LLMs: (a) beneficial use, (b) misuse, (c) detection of
synthetic text, and (d) bias. Noted benefits of GPT-2 across multiple domains such as software
engineering, art, entertainment, and health are noted with potential beneficial uses, including
code automation, grammar assistance, assisted writing, creating or aiding literary art, poetry
generation, gaming, chatbots, and medical question-answering systems. Radford et al. (2019)
prevented the release of GPT-2 to the public. They limited the release of GPT-2 to partners in the
research community over concerns related to the potential for misuse, which included creating
fake news articles, impersonating others in email communications, and automating the

production of abusive social media content. The report noted that humans can be deceived by
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text generated by GPT-2, and human detection of GenAl content will become increasingly
difficult in the future. The report mentioned that GenAl models are also influenced by the data
from which they are trained and can demonstrate a bias towards outputs such as gender
stereotypes.

Brown et al. (2020) introduced GPT-3, a language model capable of performing natural
language tasks in a task-agnostic way utilizing only text interaction without any fine-tuning.
GPT-2 and GPT-3 use the same model and architecture, but the dataset size, diversity, and length
of training are increased. GPT-3 performed competitively and, in some tests, exceeded prior
GenAl models. It is noted that GPT-3 can generate synthetic news articles that cannot be easily
identified as Al-generated content. Unlike previous models, OpenAl officially released ChatGPT
on November 30, 2022, and it has rapidly achieved a milestone of attaining one hundred million
users two months after its release (Paris, 2023). Teubner et al. (2023) regard the release of
ChatGPT as the tipping point in which there is no turning back in the widespread adoption and
proliferation of GenAl use cases.

Al in Education

The adoption of GenAl by organizations and individuals has significantly impacted
various tasks through full automation or augmentation (Budhwar et al., 2023). Barros et al.
(2023) contended that academia, primarily academic programs exposed to market forces, is not
exempt from the mass adoption of Al. LLMs and GenAl systems have been adopted in
classrooms and education in ways that can both help and hurt learning, presenting an evident
duality (Bulawan et al., 2024; Mollick & Mollick, 2023b). This section explores the potential
applications, benefits, challenges, and concerns of Al in educational settings, with a particular

focus on how Al influences educator perceptions and practices.
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Potential Benefits of GenAl in Education

Integrating Al technologies and systems has potential benefits for education (Bulawan et
al., 2023). Holmes et al. (2019) found GenAl benefits educational practices and institutions,
reshaping the academic landscape. The benefits typically surround GenAl’s ability to enhance
efficiencies in task completion, assist in data-driven decision-making, and the scalable nature of
GenAl tools.

A significant benefit of GenAl is its ability to automate tasks. GenAl systems can
enhance efficiency in or automate administrative tasks such as class scheduling, student record
maintenance, and personnel allocation, allowing educators to devote more time to student
engagement and instructional activities. By increasing task efficiency, the administrative burden
placed on educators is reduced, enabling them to focus on the classroom and curriculum,
advancing their students’ competency-based education (Holmes et al., 2019).

GenAl-enabled systems allow educators to design instruction based on the learner's
needs. Insights gained from these systems can inform intervention strategies, resource allocation,
and curriculum adjustments, leading to personalized learning. By utilizing data-driven decisions,
the assessment strategies can be adapted to better suit students’ individual needs, promoting
better learning outcomes (Holmes et al., 2019). McConnell (2020) provided evidence of a
growing teacher shortage among Wisconsin’s postsecondary systems, highlighting the challenge
of hiring and retaining educators in high-demand subject areas, especially in rural areas and areas
serving lower-income populations. The supply of public educators has not kept pace with
increasing demand due to the opportunities for higher-paying private-sector jobs for potential
educators (Goff et al., 2018; Sommerhauser, 2023). GenAl is scalable, representing another

benefit that may be valuable for educational institutions with limited teaching staff. Adaptive
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learning platforms incorporating GenAl, such as intelligent tutoring systems (ITS), provide
opportunities for personalized instruction at scale while catering to the needs of individual
learners, making it possible to provide individualized learning experiences without additional
staff (Holmes et al., 2019). Tailoring instruction to the individual needs of learners is the
foundation of personalized learning, a core benefit of GenAl in education.

Personalized learning. Zhao and Watterston (2021) discussed disruptions in education,
such as COVID-19, presenting a case for change in education. Following COVID-19, the next
great disruption to education was GenAl (Bahrini et al., 2023; Cotton et al., 2023; Dehouche,
2021). While the specifics surrounding the skill transition caused by GenAl vary, there is general
agreement that repetition, pattern prediction, memorization, and any skills related to collecting,
storing, and retrieving information have declined due to advancements in Al technologies (Muro
et al., 2019). Zhao and Watterston (2021) argued traditional education models are no longer
sufficient and that a new solution must be engaging, personalized, relevant, and authentic.

Personalized learning presents many benefits that enhance student outcomes by providing
a more tailored educational experience. Personalized learning offers a means to tailor instruction
to individual students' unique needs, interests, and learning styles, helping them progress at their
own pace while achieving expectations. Personalized learning provides for competency-based
progression, allowing students to advance once mastery of a topic has been obtained, leading to
more efficient learning and reducing the risk that the pace of traditional classrooms will hold a
student back. Providing students a voice in their learning paths, such as selecting interests or
projects, personalized learning can increase student motivation and engagement. Staff, time, and
space can be utilized flexibly to accommodate personalized learning, meet individual student

needs, and provide adaptive learning strategies to create flexible learning environments.
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Personalized learning can be an effective tool in helping students who have fallen behind catch
up, leading to improved outcomes for disadvantaged students (Pane et al., 2015).

Large Language Models hold vast potential for increasing learning and personalized
instruction (Mollick & Mollick, 2023a) and have been integrated into educational systems with a
growing emphasis on personalized learning (Tapalova & Zhiyenbayeva, 2022). Trust et al.
(2023) recommended educators reflect upon and rethink teaching practices in the era of Al.
When disruptive technologies are introduced, teachers can benefit from educational practices that
change alongside changing technologies, like designing personalized student-centered learning
experiences. Trust et al. (2023) suggested using GenAl to create directions to complete activities
and provide explanations in more accessible language. Mollick and Mollick (2023a) suggested
using GenAl as a mentor to generate feedback on student work; the practice provides effective
feedback by personalizing the feedback for individual student learning levels and specific
learning goals.

GenAl enhances personalized learning by tailoring the educational experience to meet
individual learners' needs based on their strengths, weaknesses, and preferences. GenAl systems
can analyze student data, including assessment scores, progression pace, and engagement
patterns. The adaptive system can adjust the difficulty and style of content in real-time to
optimize student learning outcomes (Sajja et al., 2024).

Publishers such as Wiley have released adaptive learning platforms like Knewton Alta,
which incorporate GenAl technologies to support personalized learning; an alternative platform
is Dreambox. These platforms use data to provide real-time feedback and modify instructional

content suited to students' needs, leading to increased engagement and retention. Such
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personalized adaptive learning platforms accommodate diverse learning styles, improving overall
academic performance (Peng et al., 2019; Sajja et al., 2024).

Intelligent tutoring systems. Intelligent tutoring systems leverage Al to provide
personalized tutoring services, complementing human teacher’s instruction. Such systems adapt
to students’ learning styles and offer personalized feedback, guidance, and instruction. Examples
of mathematics and language learning platforms include Carnegie Learning and DuoL.ingo.

GenAl tools such as ChatGPT, Claude, CoPilot, Llama, and Gemini are potential tools
that can be used as students' tutors (Sok & Heng, 2023). Mhlanga (2023) and Qadir (2022) stated
that students individuals can ask ChatGPT for feedback and receive individualized answers
utilizing the tool as an ITS. Xia et al. (2024) noted GenAl has begun to transform assessment by
enabling formative feedback in rapid iterations nearly instantly. In this case, it is convenient for
students to ask ChatGPT for assistance anytime they need help with academic work. Mollick and
Mollick (2023a) explored GenAl’s use as a tutor to provide direct instruction and found benefits
in personalized, effective direct instruction. Baidoo-Anu and Ansah (2023) suggested utilizing
GenAl and its generated output as a tutor, enabling learners to become empowered, autonomous,
and self-directed. However, to get the most out of Al’s assistance, Sok and Heng (2023)
highlighted that educational institutions must develop guidelines for usage and ensure students
know how to use GenAl responsibly.

Koivisto (2023) acknowledged tutoring has many benefits but is resource-intensive, and
tutors often can only provide their services during limited service hours. In analyzing the
suitability of tutoring chatbots in higher education, they found key strengths surrounding the

constant availability of the tutoring service, no queues or waiting for service, ease of use, and
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valuable information. They noted that the most significant weakness of the system is related to
modality; students expressed displeasure with chatbots and typing.

Automated grading and feedback. Automated writing evaluation (AWE) is a GenAl
system that uses NLP algorithms to assess and provide feedback on written communication; such
systems' capabilities are helpful in learning and teaching (Shi & Aryadoust, 2024). Stevenson
and Phakiti (2019) have found benefits in applying AWE systems in formative assessment and
pedagogical contexts, noting that AWE differs from automatic scoring, which aims to mark or
score for summative purposes. Technological advancements in GenAl provide the potential for
AWE to generate more accurate and comprehensive feedback (Barrot, 2023).

Automated written feedback (AWF) provided by AWE systems has been shown to
increase writing scores and performance (Link et al., 2020). Nunes et al. (2022) found AWF
positively affects writing-related measures in the teaching and learning process, complementing
the teachers’ role in feedback and evaluation. Additionally, a meta-analysis of 26 studies
indicates that AWF positively correlates with improvement in the quality of students' writing
(Zhai & Ma, 2023). AWF has increased in popularity (Burstein et al., 2020; Li, 2021; Ranalli &
Hegelheimer, 2022); however, despite growing use and evidence supporting positive benefits,
Shi and Aryadoust (2024) found no conclusive evidence supporting the effectiveness of AWF
compared to teacher feedback, suggesting AWF may not be the equivalent or replacement of
human written feedback.

Content generation and lesson planning. Al's ability to adapt to various tasks and its
capacity to process data make it a powerful tool for reshaping education (Ayeni et al., 2024).
GenAl can assist in content generation and lesson planning in two beneficial areas: rubric

generation and low-state testing.
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Rubrics are an effective tool for judging the quality of student performance against
criteria, increasing the scoring reliability of assessments (Jonsson & Svingby, 2007). Rubrics
also may support student’s academic achievement, helping students improve their learning
through self-assessment (Dawson, 2015; Nicol, 2021; Panadero et al., 2019). Research supports
using rubrics positively affecting students’ academic performance, self-regulated learning, and
self-efficacy (Brookhart, 2018; Brookhart & Chen, 2014; Panadero et al., 2013; Reddy &
Andrade, 2009).

Seo et al. (2024) identified eight roles GenAl can be used to augment personalized
learning: development of instructional materials, foundational learning support, self-reflection
support, student evaluation, career guidance, student management, and administrative support.
GenAl is used to automate and enhance teaching and learning processes. Similarly, Barrett et al.
(2019) concluded GenAl should be used to improve student experiences.

Panadero et al. (2023), in a meta-analysis, concluded that clear evidence using rubrics
aids students during task performance and may allow students to achieve higher performance
levels over control groups where rubrics are not utilized. Despite these benefits, Bryant et al.
(2020) called attention to how much time educators allocate towards preparation, evaluation, and
feedback, suggesting that GenAl can aid teachers by automating preparation, evaluation, and
feedback so educators may spend more time on student instruction and engagement. Mollick and
Mollick (2023b) recommended instructors verify that Al-generated rubrics used in assessment be
checked to ensure responses are correct and that the output is written, concisely, and measurably.

Low-stakes testing refers to an assessment that does not merely measure knowledge but
serves as a teaching tool without creating high-pressure evaluations that significantly influence a

student’s course grade. Low-stakes tests are used in formative assessment to provide feedback,
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enhance retention, and are an effective teaching strategy (Roediger & Karpicke, 2006). Repeated
testing and retrieval of knowledge have been shown to increase knowledge retention in the long
term (Karpicke & Roediger, 2008). Low-stakes tests provide active retrieval practice; students
recall information from memory, which helps the learner remember and retrieve information in
the future (Kirschner et al., 2022). Low-stakes testing also provides students with opportunities
for feedback surrounding their knowledge of course material, allowing the learner to focus their
studies on areas where gaps in knowledge exist, helping the student understand the information
and begin the mental process required to perform on high-stakes exams (Adesope et al., 2017).

Developing quizzes, multiple-choice, or short answer tests, in addition to adding
questions that test knowledge within lectures, is a labor-intensive task that requires high effort.
When designing low-stakes tests, instructors must carefully align the learning outcomes with any
assessments created; instructors must identify the competencies to be evaluated and create tests
that provide evidence of mastery. Instructors may not have time to develop time-consuming
assessments; additionally, providing feedback regarding student progress adds complexity and
burden when constructing tests. GenAl can effectively create practice tests, quizzes, and
assessments related to a topic or reading and help add questions that efficiently test student
knowledge within lectures (Mollick & Mollick, 2023b).
Challenges and Concerns of GenAl in Education

GenAl tools and systems pose several challenges and concerns to educational settings.
Such technologies can harm the learning process (Bulawan et al., 2024; Mollick & Mollick,
2023b). Significant concern has been raised regarding plagiarism; the benefits of GenAl are
frequently overshadowed by challenges surrounding its ethical implications (Quay-de la Vallee,

2023).
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Potential for academic dishonesty and plagiarism. While students can use GenAl to
assist in learning, it is also used to cheat and plagiarize (Mollick & Mollick, 2023b). Since the
introduction of ChatGPT in November 2022 by OpenAl, students have used GPT models to aid
with their coursework. The rapid introduction of GenAl technologies powered by LLMs shocked
educators who were caught unprepared for the technological disruption of such tools. Educators
and administrators' first reactions to GenAl technologies focused on academic integrity concerns
(Cotton et al., 2023; Dehouche, 2021).

GenAl models powered by the GPT architecture are designed to learn patterns from data
and use such patterns to generate new content in a style, format, and context similar to the
original data (Goodfellow et al., 2016). Students and instructors benefit from using GenAl LLMs
to create structured writing, support personalized learning, and provide student feedback
(Baidoo-Anu & Ansah, 2023; Kasneci et al., 2023; Roe et al., 2023). However, the advanced
nature of these tools in producing fluent, detailed, and natural text means distinguishing it from
machine-generated text is becoming increasingly challenging (Abd-Elaal et al., 2022; Kbbis &
Mossink, 2021). This allows students to use GenAl technologies to submit work that Al has
partially or fully authored (Perkins et al., 2024). Students can misuse GenAl tools to complete
assignments dishonestly, raising concerns about academic integrity. GenAl can quickly produce
essays or answers across knowledge domains, making it easy for students to plagiarize content or
submit work that is not their own (Batista et al., 2024; Tang & Chaw, 2024; N. Wang et al.,
2024).

Students can benefit from GenAl when using the technology for tasks such as
paraphrasing text, generating ideas, and searching for information (Farrokhnia et al., 2023;

Nugroho et al., 2024). However, some students misuse GenAl tools to complete their
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assignments (Crompton & Burke, 2024; Kooli, 2023). Academic integrity violations are the most
frequently discussed challenge that GenAl poses to student learning performance evaluation
(Lancaster, 2023; Nikolic et al., 2023; Perkins et al., 2024). The concepts of cheating and
academic integrity have long been established. GenAl has lowered the barriers to engaging in
cheating behavior, and the ability of educators to detect cheating has become significantly more
difficult, if not impossible (Lodge et al., 2023). Garg and Goel (2022) highlighted the challenges
of cheating occurring in online course formats. Because assessments are typically used to
evaluate student’s level of proficiency in the intended learning outcomes and course
competencies, misusing GenAl tools to complete assessments undermines the student’s ability to
learn course competencies, distorts assessment grades, and misrepresents the student’s learning
performance (Gao et al., 2020; Kooli, 2023; Leeuwenkamp et al., 2019). Due to growing
concerns over academic dishonesty, institutions, and educators are seeking ways to detect GenAl
content to maintain academic integrity, as traditional plagiarism tools have proven insufficient.
Detection of GenAl content. Educators need to be able to detect the use of LLMs in
student work to maintain academic integrity. Multiple vendors offer software tools to identify
machine-generated text, which can help faculty determine if a student has submitted GenAl text.
However, there is limited research on the accuracy of such tools, and no empirical studies have
compared how these tools are used in practice alongside academic judgment. Research on Al-
generated content and its detection has mainly focused on earlier versions of OpenAl’s GPT
models, with no current examples of studies exploring the detection of models newer than
ChatGPT 3.5 generated content. Additional research is necessary to understand both human
evaluation and detection technologies to accurately identify potential misuse of GenAl tools

(Perkins et al., 2024).
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With the advancements of LLMs, which can generate text that closely resembles human-
written text from organizations such as OpenAl, Microsoft, Google, and Anthropic, questions
have been raised about their utility in academic integrity. These models present significant
challenges to maintaining educational standards (Kobis & Mossink, 2021). Elkhatat et al. (2023)
explored the results of GenAl text detector accuracies in determining if samples were human-
written and found a variation in the detector's ability to accurately determine whether the text
was machine or human-generated, with the accuracy falling when newer GenAl models such as
GPT-4 were used to generate content. Students may use GenAl to create essays, papers, or other
assignments without acknowledging the Al's assistance or attribution of the sources used by the
GenAl model. These actions undermine the principles of academic honesty, eroding the
educational value of assessments and compromising the credibility of educational institutions
(Perkins, 2023; Perkins et al., 2024; Strzelecki, 2023).

Commercial Al detection tools, including Turnitin, ZeroGPT, GPTZero, and others, are
increasingly being adopted. GPTZero and ZeroGPT attempt to detect whether GPT language
models have generated text by looking for characteristics unique to GPT-generated text. Turnitin
IS a popular plagiarism detection tool universities use; the software has added GenAl detection
features. OpenAl developed a text classifier that could be used to classify Al-generated text.
Grammarly is a popular writing tool that uses machine learning algorithms to help users improve
their writing skills; a premium version offers plagiarism and GenAl detection features (Uzun,
2023). Commercial GenAl detection tools make varying claims about accuracy on their
respective websites; however, OpenAl discontinued the Al classifier on July 20, 2023, due to its
low accuracy, citing the ability to correctly identify 26% of Al-written text while generating

false positives where human written text flagged as GenAl as 9%. OpenAl has reiterated its
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commitment to further researching techniques for identifying Al-generated text, audio, and video
content (Kirchner et al., 2023); however, the organization has not yet released such a tool.

Despite claims by public and commercial GenAl detection tools, Weber-Wulff et al.
(2023) found a bias towards classifying text as human rather than Al, noting that techniques to
hide Al-generated text can be highly effective by testing twelve publicly available tools and two
commercial tools for GenAl text detection. Perkins et al. (2024) submitted twenty-two
experimental documents, which were produced using OpenAl’s ChatGPT tool and were
evaluated using the Turnitin GenAl detection tool. Turnitin identified 91% of the submissions as
containing GenAl; however, only 54.8% of the content was identified as Al-generated. When
academic staff members manually reviewed the submissions, 54.5% were reported to the
academic misconduct process. This is important considering the controversy regarding how such
tools are utilized in educational settings, especially as the potential effect of false positives can
lead to accusations that are severely damaging to students (Perkins et al., 2024). Studies have
identified that these tools have challenges in correctly identifying GenAl content, which struggle
with more when more advanced LLMs are used to generate text or when techniques are used to
evade detection (Elkhatat et al., 2021, 2023; Weber-Wulff et al., 2023).

Al text detection tools broadly fall into three categories. The first group identifies the
presence of ‘watermarked’ output. The second group relies on statistical outlier detection
methods, which look for irregularities in text. The third group relies on classifiers that have been
trained to identify text generated by machines and humans (Krishna et al., 2023). Watermarking
is praised as a method for increasing GenAl detection abilities (Kirchenbauer et al., 2024);
however, Sadasivan et al. (2024) showed that using paraphrasing tools in addition to Al-

generated text can evade the detection of watermarked text. Krishna et al. (2023) found
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DetectGPT identified 70.3% of Al-generated text from GPT2-XL models before using a
paraphrasing tool; however, using a paraphrasing tool to modify the content with minor
adjustments drops the successful detection rate to 4.6%. Other researchers, such as Solaiman et
al. (2019) and Ippolito et al. (2020) have also presented tools for detecting machine-generated
text; however, the applicability to newer LLMs has not been tested.

A significant challenge in upholding academic integrity is the ongoing advancement of
LLMs, given detectors’ inability to identify the differences between human and Al-generated
text accurately (Pudasaini et al., 2024). Perkins et al. (2024) contended GenAl detection tools
show promise but vary in effectiveness, especially when content has been altered or paraphrased.
A research gap exists as no studies have evaluated the ability of educators to identify Al-
generated content produced by modern LLMs. Perkins et al. (2024) examined the accuracy of
Turnitin GenAl detection. The mean percentage of content identified by Turnitin GenAl
detection was 54.8% despite all papers submitted being generated with Al. The findings
contradict Turnitin’s claims that a maximum of 15% of GenAl written text is missed in GenAl
detection reports. The findings suggest that prompt engineering is an effective method for
evading GenAl detection tools. This disparity may lead faculty members to believe that small
amounts of Al-detected content are either false positives or that a small amount of GenAl
technology usage is acceptable.

Perkins et al. (2024) in evaluating Turnitin’s GenAl detection tool, found a relatively low
level of accuracy, which suggests educators require further training and awareness of such tools'
capabilities and limitations. The existence of effective strategies for defeating GenAl detection,
such as paraphrasing and prompt engineering to adjust the output of LLMs, highlights the

significance of the challenge of relying on GenAl detection tools. The findings suggest that the
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Turnitin GenAl detection tool is not equipped to respond to adversarial techniques, and the cat-
and-mouse game between the methods used to evade detection and the tools to detect content
will continue (Frohling & Zubiaga, 2021; Roe & Perkins, 2022).

While GenAl detection can detect Al-written content, continuous improvements to these
tools are necessary due to updates to LLMs representing a cat-and-mouse game between GenAl
tools and detectors, which is unsustainable (Perkins et al., 2024). Additionally, Sadasivan et al.
(2024) demonstrated that software that accurately detects GenAl text can be defeated in almost
all cases by techniques such as Automated Paraphrasing tools (APTs) or the cross-translation of
content into different languages. Perkins et al. (2024) suggests students will ultimately find ways
to defeat tools designed to detect the presence of GenAl content; adjusting assessment strategies
to discourage Al-generated submissions or to encourage and accept their use is more effective
than solely relying on detection.

The rapid development of GenAl technologies and adoption in higher education raises
critical questions surrounding their implications for academic integrity and assessment processes
(Perkins et al., 2024). Detector tools have been developed to detect the presence of GenAl
content; however, their effectiveness has limitations, and the accuracy of such tools falls even
further when deliberate steps are taken to evade detection (Malinka et al., 2023; Rudolph et al.,
2023; Sadasivan et al., 2024; Uzun, 2023). Perkins et al. (2024) emphasizes the importance of
acknowledging that GenAl detection software alone is insufficient to maintain academic
integrity, arguing that a balance must be struck between utilizing GenAl technology responsibly
and maintaining academic integrity. As the limitations of GenAl detection tools and techniques

become better understood, it is necessary to focus on broader ethical concerns. Bias, privacy,
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authorship, and misrepresentation raise ethical questions about how GenAl systems are used
within education.

Ethical considerations. GenAl systems will play a role in student feedback, assessment,
and grading; however, there are areas of concern, including bias and discrimination regarding
GenAl systems. GenAl introduces concerns surrounding privacy and data security. GenAl
systems interact with sensitive data; this information is often retained by the LLM to expand its
knowledge base further, highlighting important considerations about how that data is stored,
shared, and used. The U.S. Department of Education has established the Family Educational
Rights and Privacy Act (FERPA) which places additional requirements on educators to protect
student information from disclosure (USDE, n.d.). GenAl systems are often proprietary
platforms that lack transparency in their data practices.

It is necessary to consider the ethics of using AIEd. Advancements in GenAl have
serious ethical concerns about the potential misrepresentation of authorship and authenticity of
student work (Cotton et al., 2023; Perkins, 2023; Perkins & Roe, 2024; Rahman & Watanobe,
2023; Rodgers et al., 2023; Rudolph et al., 2023). A large set of data has been used to train the
LLMs used in Generative Pretrained Transformers (GPT) such as OpenAl’s ChatGPT; this data
was scrapped from the internet and includes sources that may express particular views related to
politics, history, and religion that may reflect harmful opinions. There is no transparency in the
sources used to train the GenAl system (Hsu & Ching, 2023a).

A notable example of bias is evidence of gender stereotypes exhibited by GPT-3.
Generated stories depict topics and descriptions differently depending on the language models'
perceived gender of the character in the prompt (Lucy & Bamman, 2021). Brandsen et al. (2024)

investigated GenAl bias towards neurodivergent conditions using different language model
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encoders to evaluate which words related to neurodiversity are associated with groups of words
related to danger, disease, badness, and other negative concepts. The study revealed high levels
of bias. Additionally, the study showed bias occurring when testing words with neurodivergent
strengths, such as honesty, and finding negative associations between the words autism and
honesty. Introducing a sentence similarity ratio test, Brandsen et al. (2024) reveal “I have
autism” or “I have epilepsy” as having stronger negative associations than control sentences such
as “l am a bank robber.” Such biases are concerning in educational contexts where
neurodivergent students may already encounter barriers. If GenAl is used in grading, feedback,
or automated support, it could result in inaccurate evaluations of student performance and
worsen existing inequalities. Such scenarios raise ethical concerns, which may influence
educators’ willingness to adopt GenAl, particularly if institutions prioritize equity and inclusivity
(Brandsen et al., 2024; Lucy & Bamman, 2021).

Al systems often learn from data sources that reflect social biases, resulting in
discrimination. McAra-Hunter (2024) demonstrated that GenAl systems exhibit systematic bias
and discrimination towards lesbian, gay, bisexual, transgender, and queer (LGBTQ+)
populations, especially in instances where GenAl attempts to categorize or analyze human
characteristics. Rudolph et al. (2023) provocatively referred to ChatGPT as a “bullshit spewer”,
sparking debate regarding the model’s credibility. One concern is the tendency of LLMs to
provide inaccurate and false information, which can be an indicator of the use of LLMs in
content generation (Azaria & Mitchell, 2023; Perkins, 2023).

Frohling and Zubiaga (2021) developed a model that accurately detects GPT-2 and GPT-
3 generated text. However, they noted ethical challenges in deploying such detectors, which

could potentially discriminate against non-native English speakers (NNES). GenAl detection
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software can produce false positives, especially when analyzing NNES content (Liang et al.,
2023). It has been shown that students with lower English proficiency are more likely to run
afoul of academic honesty policies (Perkins et al., 2018). Fréhling and Zubiaga (2021) cite
ethical challenges in utilizing GenAl detectors, which may discriminate against students of
English as a foreign language by incorrectly marking content written by the students as GenAl
content. This creates an ethical concern among higher education institutions with high
concentrations of non-native English-speaking students, as the deployment of GenAl detection
software could undermine the academic integrity of their work. Educators and higher education
institutions must implement a balanced approach between utilizing GenAl detection software
and adapting assessment strategies amidst an evolving landscape that includes GenAl content
(Perkins et al., 2024).

Influence on assessment strategies and student engagement. BaHammam et al. (2023)
contended universities must adapt their assessment strategies to rapidly changing conditions and
new developments in GenAl. Educators should ensure proficiency in utilizing new technologies
to educate and advance Al literacy effectively. Educators must also be aware of GenAl
technology's limitations, drawbacks, and potential misuse while understanding the advantages of
incorporating GenAl and how to apply Al’s advancements to education ethically.

Bettayeb et al. (2024) noted GenAl has the potential to transform assessment procedures;
tools like ChatGPT have adaptive capabilities that enable a student-centric approach to pursue
personalized learning. Educators can tailor content and assessments to meet the needs of
individual students by analyzing progress and preferences. Sok & Heng (2023) investigated the
benefits and drawbacks of using ChatGPT in education and identified five key advantages of

ChatGPT, which include developing learning assessments, improving pedagogical practices,
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providing virtual one-on-one tutoring, facilitating idea formation, and outlining. Traditional
assessment and design methods may be supplemented or replaced by GenAl tools, which can
generate personalized content and assessments, reducing the manual workload of educators.
Improvement of practices and assessment through GenAl tools implies a move towards data-
driven and evidence-based approaches to instruction. Virtual tutoring modifies the student-
teacher dynamic by offering scalable personalized support where, before GenAl tools, time and
resource constraints may limit student and teacher interaction. Helping students with idea
formation and outlining GenAl can shift the emphasis of classroom instruction from basic skill
building to more advanced tasks that require critical analysis or application of knowledge.

The use of GenAl in education can potentially influence student engagement and learning
outcomes (Bettayeb et al., 2024). Zielinski et al. (2023) found ChatGPT’s availability and quick
response time to influence student engagement significantly. Unlike traditional methods where
students must search for information or rely on educator assistance, ChatGPT provides
immediate answers and guidance, saving time and keeping learners engaged in learning as
students can obtain information whenever needed. A consensus has not been reached; however,
Bulawan et al. (2024) found that students who use GenAl have been made lazier and reliant on
technology; as students come to use and rely on GenAl tools, they have become more attached
and addicted to them, bearing significant academic risk (Bulawan et al., 2023).

Accessibility and digital divide. Although there has been disruptive growth in GenAl,
students’ access to technology in learning environments remains inequitable across
socioeconomic divisions and geographic locations (Bahrini et al., 2023; Reimers et al., 2020).
The disparity in digital access and availability of GenAl tools continues the digital divide and

can lead to additional educational inequalities for educators and students (Cullen, 2001). The



65

financial burden of obtaining the latest LLMs will create disparities between educational
institutions that can budget for GenAl technologies and those that cannot (Selwyn, 2019).
Additionally, implementing GenAl detection can be cost-prohibitive for some educational
institutions, further exacerbating inequalities. Should detection tools become reliable, their ease
of implementation and scalability limitations may prevent educational institutions with fewer
resources from adopting GenAl detectors and tools (Perkins et al., 2024). Equity and access
issues remain central challenges in the digital divide. The findings of Diliberti et al. (2024) and
Kaufman et al. (2025) have found that affluent school districts are adopting Al at higher rates
than high-poverty districts, supporting claims made in earlier research (Cullen, 2001; Reimers et
al., 2020; Selwyn, 2019).

Recent studies have emphasized the importance of addressing ethical considerations in
the integration of GenAl technologies in education. They highlight core concerns, which include
bias mitigation, transparency, and inclusive practices (Brandsen et al., 2024; Hsu & Ching,
2023a; Rudolph et al., 2023). These ethical considerations influence how educators and
institutions perceive the responsible use of GenAl tools in educational settings.

GenAl and Educator Perceptions

Educators expressed mixed reactions to using GenAl tools in the classroom, with some
showing enthusiasm while others demonstrated skepticism. Several studies highlighted areas of
concern, including ethical implications, bias embedded within GenAl algorithms, and fears of
GenAl automating teaching roles (Zawacki-Richter et al., 2019). GenAl’s capability to generate
and restructure information carries risks. Among academics, existential conversations about the
future of higher education and assessment continued as teachers became familiar with the

emerging challenges of the post-Al era (Perkins, 2023; Perkins & Roe, 2024).
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Despite these concerns, educators also recognize the potential benefits of GenAl to
improve personalized learning, automate administrative tasks, and improve student engagement.
It is important to recognize that GenAl tools will form an important part of students’ professional
lives following graduation, that students must be prepared to use GenAl tools in an educational
context, and that they become familiar with the opportunities existing within AIEd (Foltynek et
al., 2023).

Adoption and integration of GenAl in educational settings. Mollick & Mollick
(2023a) proposed seven roles in which GenAl may be used in academic settings, outlining
potential benefits and challenges. Regarding benefits, GenAl as a mentor provides a means to
provide frequent feedback, which may improve learning outcomes even if the advice is not
taken. GenAl, as a tutor, provides a means of direct instruction personalized to individual
students. Lo (2023) reviewed 50 publications, finding variable performance levels in using
ChatGPT as a tutor ranging from unsatisfactory to superb, highlighting the need to effectively
offer instructor training and student instructions to use ChatGPT as a virtual tutor and instructor
assistant. GenAl, as a coach, provides a means for prompt metacognition, leading to
opportunities for reflection and improving learning outcomes. GenAl, as a teammate, can
provide alternative viewpoints, increase team performance, or help learning teams function
better. GenAl can be asked to play the role of a student to receive explanations; teaching others
is an effective learning technique. GenAl can be used as a simulator to deliberate practice,
practice, and apply knowledge aids transfer. GenAl can be used to accomplish tasks, helping
students achieve more within a given time frame.

Despite these benefits, Mollick & Mollick (2023a) acknowledged challenges related to

each role. As a mentor, GenAl may result in not critically examining feedback, which may
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contain errors. As a tutor, GenAl has concerns surrounding the uneven knowledge base of GenAl
datasets, risking confabulation. As a coach, GenAl may result in a tone or style of coaching that
fails to match the student, resulting in incorrect advice. As a student, GenAl can result in
confabulation and augmentation, which may work against the benefits of teaching. GenAl, as a
simulator, may result in an inappropriate fidelity. GenAl, as a tool, may result in outsourcing
thinking rather than students performing work. The undeclared use of GenAl tools in student
submission may constitute misrepresenting authorship and violating academic integrity policies
(Perkins et al., 2024).

Educator experiences and perspectives on GenAl. While the theoretical roles,
adoption scenarios, challenges, and benefits of GenAl are becoming better understood,
educators’ experiences and perceptions vary when applying these tools in practice (Lo, 2023;
Mollick & Mollick, 2023a; Perkins et al., 2024). Educators' views range from enthusiasm
presented by GenAl opportunities, such as personalized learning, to concern surrounding its
perceived influence on the traditional dynamic between students and teachers. Studies indicate
that while some educators welcome GenAl as an assistant in learning, others express anxiety.
The Center for Democracy and Technology (CDT) reported educators have expressed high
anxiety levels regarding students using GenAl tools and concerns about students losing critical
thinking skills; some educators go as far as to describe GenAl tools as an infection that will be
the death of education (Quay-de la Vallee & Dwyer, 2023).

Some educator concerns may be overstated. A significant finding from CDT polling
reveals teachers’ perception of widespread GenAl use for cheating may be unfounded. A
disconnect has emerged: 49% of teachers say their students have used GenAl to author and

submit work that is not their original work; however, only 19% of students who report using
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GenAl say that they have used it to write and submit papers (Quay-de la Vallee & Dwyer, 2023).
The CDT polling may be influenced by volunteer bias; the teachers and students who chose to
participate in the polling may have different experiences and attitudes than those who did not
participate. The polling also may be influenced by self-selection bias as the poll is reliant upon
students’ self-reporting GenAl use. Curtis et al. (2022) explored methods beyond self-reporting
to estimate the prevalence of commercial contract cheating and found that more than twice the
number of students admitted to contract cheating when truth-telling was incentivized, compared
to relying on self-reporting alone, suggesting that the CDT findings may be higher than 19%.
Krumpal (2013) highlighted several reasons why survey participants may fail to disclose
undesirable social behaviors, often resulting from social desirability bias, even in anonymous
surveys, which can lead to underreporting.

Influence on assessment strategies. Evidence of GenAl influencing assessment
strategies has emerged. GenAl tools can write essays and generate computer code across various
programming languages, raising questions about the sustainability of traditional assessment
methods. Smolansky et al. (2023) conducted a survey to compare educator attitudes in various
assessment scenarios, revealing educators’ preference for adapted assessments, assuming GenAl
will encourage critical thinking. The findings highlight the importance of engaging educators in
assessment reform efforts that prioritize the learning process over the outputs of an assessment,
promote higher-order thinking, and support authentic applications. The survey findings are
reenforced by Yang et al. (2024) who found that students who actively modified Al-generated
text during writing tasks demonstrated higher levels of engagement in higher-order cognitive
processes. Their study suggests using GenAl for idea generation and critically engaging with the

content can enhance deep learning. However, the authors also found that students who passively
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accept Al-generated text without modification tended to show lower engagement, decreasing the
quality of students’ written work. Yang et al. (2024) concluded that students’ GenAl-assisted
writing behaviors influence the quality of their written work. The conclusions of Yang et al.
(2024) support Smolansky et al. (2023) who emphasized the importance of the learning process
over the output of an assessment to support higher-order learning and authentic applications.

Studies have shown that educators perceive a gap in their knowledge and skills related to
GenAl adoption. Hinojo-Lucena et al. (2019) explored educators’ willingness to adopt GenAl
tools and found they are willing to embrace GenAl but lack confidence due to insufficient
training. Holmes et al. (2022) emphasized that educators often feel unprepared to integrate
GenAl tools into curriculum and instruction due to a lack of training and professional

Opportunities and challenges in using GenAl tools. GenAl tools present opportunities
and challenges for educators. Educators acknowledge the potential benefits of automated
grading, generated lesson plans, and the development of creative assignments using such tools.
However, they also expressed concerns about plagiarism and student misuse. Ogurlu and
Mossholder (2023) examined educators’ perceptions of ChatGPT and observed optimism about
the tool’s capabilities and apprehension about its effect on academic integrity.

A notable consequence of the growing popularity of GenAl tools and the prevalence of
GenAl content is that educators distrust student work more. A report by CDT research shows
that 52% of educators have declining trust in assessing whether student work has been self-
authored or machine-generated. This distrust has led to increased disciplinary action, which can
cause rifts between teachers and students (Dwyer & Laird, 2024). Such erosions of trust may
damage educational communities, where strong relationships between educators and their

students are critical to creating effective learning environments.
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Ethical concerns and responsible implementation. Educational communities are
beginning to implement GenAl for staff and students in ways that are leveraged to create better
student experiences (Barrett et al., 2019). Despite these ethical concerns surrounding the use of
GenAl tools requiring responsible implementation. Luckin and Holmes (2016) explored ethical
concerns raised by educators. Educators have expressed concerns about how GenAl tools may
worsen educational inequalities. Underfunded schools may lack access to Al-augmented tools
due to their costs. These concerns are echoed by Perkins et al. (2024) in a study evaluating
GenAl detection tools. Marginalized students and budget-constrained institutions may also lack
access to the latest GenAl models, which are locked behind subscription fees (Selwyn, 2019).
Such concerns highlight the need for critical assessment of using GenAl tools in the classroom.

The existing body of scholarship on LLMs is immature (Bowman, 2023). However, it is
critical to understand the implications of GenAl tools for academic integrity, a core concern of
AIEd (Perkins et al., 2024). CDT research polling revealed a lack of confidence in GenAl
content detection tools among educators. Eighty-two percent of educators perceive a lack of
confidence in GenAl content detection tools, expressing doubt in the accuracy of GenAl content
detectors despite claims made by such tools (Quay-de la Vallee & Dwyer, 2023). Despite this,
educators remain highly reliant upon GenAl content detection tools (Dwyer & Laird, 2024),
necessitating the responsible implementation of such tools.

Influence on learning and engagement. The effects of GenAl on student learning and
engagement are inconclusive. Bulawan et al. (2024) found GenAl can positively affect students’
academic engagement and improve the learning environment; however, it also makes students
lazier and more reliant on technology, bearing academic risks. Roll and Wylie (2016) provided

an overview of AIEd, discussing the promise of personalized, engaging instruction and noting
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challenges related to student engagement. Their work notes that some learners thrive with Al-
guided instruction; however, some may disengage due to reduced human interaction.

Zawacki-Richter et al. (2019) in a systematic review of AIEd examined Al applications
in higher education and concluded there is evidence to support that GenAl technologies can
enhance engagement via interactive and personalized learning. This was supported by findings
published by the IEEE (Chen et al., 2020). Zawacki-Richter et al. (2019) while finding
supporting evidence of a positive influence on student learning and engagement, it was also
noted that some studies concluded the opposite, leading to disengagement for specific student
populations when human interaction is substituted, Chen et al. (2020) reached similar
conclusions and found that some learners experienced decreases in engagement due to lack of
human interaction.

Potential misuse and academic dishonesty. Kébis and Mossink (2021) discussed the
challenges of correctly identifying GenAl text and found that GenAl poems were especially
difficult for experts to identify from human written work. Abd-Elaal et al. (2022) demonstrated
the difficulties educators face in identifying GenAl content and the benefits of training, which
can increase the rate at which educators correctly identify machine-generated writing. In light of
these challenges, educators do not assume that adopting a “‘detect-and-punish’ approach will
solve the misrepresentation of authorship and academic misconduct (Perkins et al., 2024).
Educators at some institutions, such as the University of Pittsburgh, do not endorse any GenAl
detection tools, citing a lack of reliability among detection tools based upon professional
judgment, highlighting a substantial risk of false positives when GenAl detection tools are

deployed. The risk of false positives can create consequential issues for both learners and
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educators, carrying the risk of learner trust, confidence, and motivation. Educational institutions
may also experience bad publicity and potential legal sanctions (Wells & Levine, 2023).
Instances of academic dishonesty are not always the result of students deliberately
seeking an unfair advantage but are nuanced, complex, and contextual and may be symptomatic
of personal-social stress or struggle (Roe, 2022). Tang and Chaw (2024) identified five related
main themes in addressing challenges that GenAl poses to student assessment: (a) reasons for
using GenAl for assessments, (b) challenges that GenAl may bring to student learning
performance evaluation, (c) mitigation strategies, (d) detection strategies, and (e) counter-

detection strategies. These five themes are depicted in Figure 4.
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Figure 4

Thematic Map of Misusing Chatbots for Assessments
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Note. Thematic map with bullet points denoting sub-themes for students who misuse chatbots for
assessments. From Student learning performance evaluation: Mitigating the challenges of
generative Al chatbot misuse in student assessments (p. 360), by Y. Tang and K. Chaw, 2024,
European Conference on e-Learning, 23(1), 357-364. https://doi.org/10.34190/ecel.23.1.2567
Copyright 2024 by Y. Tang and K. Chaw. Reprinted with permission.
Summary

This chapter outlined a range of literature on Al, GenAl, and AIEd, laying the
groundwork for understanding their evolving educational roles. Drawing upon a

phenomenological framework, the chapter discusses different forms of Al technologies and the
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historical development of these technologies to understand the context in which they are used.
The chapter highlights the duality of AIEd, the potential for personalized learning, the influence
on assessments, and the automation of administrative tasks (Bulawan et al., 2024). Conversely,
AIEd introduces challenges, which include ethical dilemmas, risks to academic integrity, and
issues surrounding access to the technology and bias. Most of the literature focuses on reducing
the teacher’s workload; learner-facing studies also incorporate teacher-facing functions, but few
studies emphasize the teacher’s perspective (Zawacki-Richter et al., 2019). This research then
provides the opportunity to address a gap in literature focusing on the educator’s perspective

through a phenomenological framework.
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Chapter I11: Method and Procedures

This chapter outlines the methods and procedures utilized to complete the study. This
study aimed to examine the utility of GenAl adoption on the perceptions of educators who have
adopted GenAl systems. The goal of this research was to explore how educators use, create, or
interact with GenAl systems experience and understand these tools. Through this exploration, the
study sought to reveal educators’ attitudes, feelings, expectations, challenges, and insights into
GenAl adoption, ultimately informing best practices for integrating GenAl in education. The
following research questions guided this phenomenological study:

1. How do educators perceive the utility of GenAl adoption on their assessment

strategies?
2. What ethical considerations surround GenAl use in education, and how can these
concerns be addressed to ensure responsible implementation?

3. To what extent do educators believe GenAl adoption influences student engagement?

Merriam and Grenier (2019) asserted qualitative research provides a thorough
understanding of a phenomenon by examining personal experiences and viewpoints. Qualitative
research is focused on interpreting interviews, observations, and other records to develop themes
and patterns, making it subjective and not intended to generalize the results (Yin, 2017).
However, through qualitative studies, it is possible for researchers to obtain in-depth knowledge
from participants. To align with the research questions of the study, a qualitative approach was
selected to provide an in-depth exploration of how educators experience, interpret, and respond
to the integration of GenAl in their teaching practices. The research was conducted through a
constructivist paradigm because it was impossible to achieve objectivity due to participants’

inability to separate from the context in which their experiences were described (Crotty, 1998). A
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qualitative research design was positioned for capturing the complexity of educator perceptions
and behaviors, especially when seeking to understand nuanced phenomena in a context where
quantitative measures alone could not fully explain the nature of participants’ experiences
(Creswell & Poth, 2017; Merriam & Tisdell, 2015). Qualitative research focuses on meaning-
making, participant perspectives, and lived realities in which perspectives develop (Denzin et al.,
2023). Using a qualitative design; the study explored beyond the surface of quantitative
outcomes to examine rich insights such as attitudes, values, and contextual influences (Merriam
& Tisdell, 2015). This level of detail is essential to capturing a holistic understanding of how
GenAl adoption affects assessment strategies, student engagement, and ethical considerations.

The qualitative design of this study positioned the researcher to engage directly with
participants’ perspectives through open-ended interviews and thematic interpretation (Creswell
& Poth, 2017). This approach acknowledged the value of personal and situational factors that
shape educators’ perceptions. The research questions pertained to educators' subjective
experiences and ethical concerns, requiring a flexible methodology that allowed new or
unexpected themes to emerge from the data (Denzin et al., 2023). The qualitative design ensured
that participant voices remained central in developing findings and recommendations for
effective GenAl implementation within educational environments.
Research Methodology

GenAl systems are adaptive and undergoing continuous improvements; enhancements to
the underlying language models and updated knowledge cutoff dates have brought iterative
improvements to GenAl systems. These advancements have disrupted the field of education
(Bahrini et al., 2023). GenAl has changed how educators interact with technology and offered

new use cases. Qualitative inquiry has self-reflective practices and is increasingly used in
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educational settings (Mills & Jordan, 2022). Qualitative research methods use data collection
approaches that are interactive, humanistic, and innovative. Data collection methods for
qualitative research are expanding beyond observations and interviews to include documents,
sounds, and other electronic mediums. Like GenAl, Qualitative research is also emergent,
frequently used in education, and adaptable (Creswell & Creswell, 2022; Rossman & Rallis,
2017).

This study utilized a phenomenological framework to explore educators' experiences with
GenAl systems in their classrooms. It focused on their perceived utility in assessment strategies,
student engagement, and ethical considerations surrounding GenAl use in education. Several
research designs could have provided insight into educators' perceptions of GenAl adoption; two
were narrative research and case studies. Narrative research focuses on the stories of individuals,
emphasizing thematic storytelling to understand how participants construct meaning while
offering rich insights into individual experiences. This design is not ideal where research must
analyze broader phenomena shared among multiple participants, such as in this study (Clandinin,
2022). Case studies are suited for in-depth exploration of a bounded system within an institution
or program; however, this study focuses on the meaning educators attach to their experiences
rather than the institutional context, making phenomenology a more appropriate research method
(Yin, 2017). Phenomenology was chosen because it prioritizes participants' lived experiences,
considers the surrounding context of the experience, and leverages language to cultivate a deeper
understanding of the underlying issues (Gill, 2014; Mertler, 2024; Richardson & St. Pierre,
2005). Semi-structured interviews of educators using GenAl systems in their classrooms were
performed to obtain insights into the perceived utility of GenAl adoption on their assessment

strategies and student engagement and to provide insight into ethical considerations surrounding
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AIEd. Phenomenological research allows educators to express and reflect upon their lived
experiences, which cannot be accomplished by relying solely on statistical data to comprehend
the essence of the experience. In a phenomenological research approach, the researcher interacts
with participants to arrive at a deep understanding and interpretation of lived experiences (Mills
& Jordan, 2022). The participants were interviewed to understand the phenomena of
incorporating GenAl systems into educational settings to improve educational outcomes,
focusing on critical thinking, problem-solving, communication finesse, attention to detail,
leadership capabilities, teamwork, and interpersonal skills (Strauss, 2016; Wilkie, 2019). By
employing a phenomenological approach, this study provided a deep, nuanced understanding of
the essence of GenAl adoption in postsecondary education from the perspective of educators,
informing both practice and policy in this rapidly evolving field. A visual representation of the

process employed is found in Figure 5.
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Process Overview Qualitative Exploratory Research within a Phenomenological Framework
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Positionality Statement

As a researcher who explored the influence of Al adoption on educator perceptions, |
must acknowledge my positionality in the spirit of self-reflexivity and the lens through which |
interpreted the participants' lived experiences. My role in this study was that of an objective
observer and an active participant in deriving meaning from participants’ experiences. |
acknowledge that my dual careers as an information technology professional and an educator
informed my understanding of the intersection between technology and education. These
experiences shaped the context in which | engaged with this study. My experience as an IT

educator has shaped my engagement with Al technologies and influenced how I perceive their
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impact on teaching and learning. The views held by the researcher may not be shared by
participants who may have experienced Al differently.

This study is rooted in phenomenology, a philosophical and methodological approach
that emphasizes the lived experiences of individuals and the meanings derived from such
experiences. Phenomenology’s origins are derived from Husserl's work (1982) and further
refined by philosophers Heidegger (1962) and Merleau-Ponty (1945/2013). Husserl (1982) will
guide the study’s concept of “intentionality,” an idea that consciousness is directed towards an
object or experience. Heidegger (1962) further expanded this concept by introducing the concept
of “dasein” or “being in the world,” emphasizing that human existence is interconnected within
the context in which it occurs. The concept of “dasein” will support understanding how
educators interpret their experiences with Al. Merleau-Ponty's (1945/2013) emphasis on the
embodied nature of perception will be considered in how educators’ physical interactions with
GenAl systems shape their understanding and attitudes. Phenomenology seeks to describe and
interpret phenomena of consciousness, free of preconceived notions or beliefs. A
phenomenological approach is complementary to the study’s goal to explore the utility of
artificial intelligence adoption on educator perceptions by focusing on the experiences of
educators following the disruption in education following advancements made to GenAl systems
(Bahrini et al., 2023).

To mitigate the potential for bias, | adopted Husserl's (1982) concept of bracketing or
epoché. Throughout the study the researcher strived to set aside preconceived notions held about
Al’s role in education. Heidegger's (1962) hermeneutic phenomenology will underpin the
interpretive process, acknowledging the researcher’s role in co-constructing meaning from

narratives of the participant's narratives. Heidegger also argues that complete neutrality is
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impossible, and instead, understanding is derived through dialogue, interpretation, and
engagement with participants’ experiences, which are different from mine. The role of the
researcher is to interpret the essence of the participants’ lived experiences, recognizing that their
realities are shaped by institutional constraints, technological competencies, and individual
philosophies. The study also drew upon the hermeneutic-phenomenological approach described
by van Manen (1984), which provides practical guidelines for conducting phenomenological
research and stresses the importance of reflection in understanding the structures of lived
experience. By addressing my positionality, | aim to ensure methodological rigor and
transparency, acknowledging my professional background both informs and challenges the
interpretive process. The study does not attempt to promote or dissuade Al adoption but explores
how educators make sense of Al within their contexts. In adopting a phenomenological approach
to the study, the researcher strived to uncover the essence of the utility of GenAl adoption as
experienced by educators, providing insights that contribute to a deeper understanding of the
phenomenon.
Subject Selection and Description

This study included instructors at a public two-year postsecondary institution within the
Wisconsin Technical College System (WTCS). The rationale for selecting this technical college
rested on knowledge of GenAl initiatives within the institution, time and resource constraints,
and subject accessibility to the researcher. Per policies at the participant college, the researcher
was provided a list of educators from the Institutional Review Board (IRB). The researcher
invited faculty to participate in semi-structured interviews as part of the study using their
employer's email address. A formal invitation letter was included as an attachment to the

invitation email. A copy of the participant solicitation email is included in Appendix A. The
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formal attachment letter is included in Appendix B. This process is subjective to self-selection
bias; participants might have possessed higher interest, motivation, or availability that
differentiates them from non-participants. The motivation of participants to respond
affirmatively may be considered a form of self-selection bias; however, to confirm that
hypothesis, separate research on the participants is necessary (Booth et al., 2024)

All faculty members included on the list provided by the participant college IRB were
invited to participate in an interview. van Manen (1997) emphasized depth over breadth to
uncover essential themes of an experience, suggesting small samples can be desirable.
Moustakas (1994) provided recommendations encouraging a modest number of participants
ranging from 5 to 25. Other researchers put less importance on participant sample size and
emphasized quality and depth or reaching data saturation (Creswell & Poth, 2017; Patton, 2014).
Guest et al. (2006) found data saturation to occur within the first dozen interviews. The study
strived to complete 10 interviews with faculty members who have volunteered to participate.
Among those who responded, participants were selected with consideration to equal
representation across different departments to ensure a broad and diverse representation of
faculty. The study allowed uneven representation of participants by department by two
individuals but prevented any department from having three more representatives than the
department with the least participants.

By inviting participants to complete an interview, availability and accessibility are
achieved. The individuals demonstrated a willingness and ability to participate in the study
(Creswell & Poth, 2017). The participants from the technical college represented multiple
departments that have been involved in GenAl initiatives or have adopted GenAl tools in the

classroom to ensure a diverse representation. This represents a purposeful sampling strategy
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aligning with Moustakas' (1994) recommendations to select participants who have relevance to
and experience with the phenomena under investigation. The selection process accounted for
ethical considerations such as minimizing power asymmetries between the interviewer and
interviewee and ensuring that participants were not placed in vulnerable positions or dependent
on the study (Brinkmann & Kvale, 2014). Wiersma and Jurs (2009) note the empirical nature of
educational research: educational research is based upon observed and measured phenomena
deriving knowledge from experience rather than theory or belief.
Instrumentation

The interview protocol, outlined in Appendix C, was developed to provide a structured
yet flexible framework for conducting semi-structured phenomenological interviews. All
interviews were conducted in English. The interviews began with small discussions of the
research to build rapport between the participant and the researcher. Participants were informed
of their rights and the ability to withdraw from the interview at any time. The interviews closed
with the opportunity for the participant to ask questions or add additional information. Each
participant received the same questions during the interview; however, some variation during
follow-up and probing questions occurred as deemed necessary by the researcher during the
interview. The semi-structured approach was selected to balance structure and flexibility
(Lichtman, 2023). Each question included optional follow-up prompts to ensure clarity if
participants required clarification or were encouraged to provide deeper reflections. The
approach was structured to maintain the participant’s freedom to shape the conversation based on
their lived experiences while aligning with the study’s research questions (Leech, 2002).

Individual interviews are a method where the researcher engages in dialog or

conversation with the participant. Individual interviews allow the researcher to direct the
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conversation since it has a purpose, allowing for highly structured or unstructured formats.
Several structures may be used for individual interviews: (a) structured, (b) semi-structured, and
(c) casual. Semi-structured interviews are suitable within a phenomenological framework
because they seek to explore participants’ lived experiences, perceptions, and meanings. They
usually contain predetermined questions, but the interviewer can ask for clarification or
elaboration (Lichtman, 2023). This study used semi-structured interviews to discuss GenAl
adoption and its influence on educators’ perceptions. The credibility and trustworthiness of semi-
structured interviews in phenomenology depend on how well the interview captures the
participant’s experiences. The interviewer must guide the conversation while allowing
participants to express their experiences. Consistency in the interview process involves asking
open-ended questions, which allow for deep reflection of lived experiences (van Manen, 1997).
The study used open-ended questions to allow for deeper exploration of the participants’
experiences while providing the flexibility to adapt the interview based on the information
shared by the participants (Creswell & Creswell, 2022).

Establishing content validity ensures the data collected is credible and relevant in
addressing the study's research questions (Patten & Newhart, 2017). The interview aimed to
develop questions that would draw detailed narratives regarding educators’ experiences with
GenAl adoption and the meanings attached to those experiences. The research questions were the
foundation on which the interview questions were built. Each interview question was mapped to
the study’s research questions, ensuring the interview directly focused on the phenomena
explored (Creswell & Creswell, 2022). Content validity, or trustworthiness, of the interview
protocol, including interview questions, was established through a review of literature on AIEd,

phenomenological methods, and interview best practices. The research drew upon recent studies



85

on case studies, methods of inquiry, instrumentation, and AIEd to inform the research design.
The literature review noted gaps where nuanced and personal insights may be needed. While
existing studies provide information on workload reduction and teacher-facing GenAl systems, a
gap exists in how educators convey meaning and attach lived experiences to Al, which became
the central focus of the study (Bettayeb et al., 2024; Foltynek et al., 2023; N. Wang et al., 2024;
Zawacki-Richter et al., 2019).

The interview questions were developed through an iterative process grounded in a
review of the literature, the study’s theoretical framework, and the research purpose.
Foundational texts on phenomenological approaches (Giorgi, 1997; Lanigan, 2013; van Manen,
1984, 1997) were reviewed to ensure the questions aligned to draw broad, open-ended questions
consistent with phenomenological research to draw upon descriptive accounts of lived
experiences from participants (Moustakas, 1994; van Manen, 1997). Peer review from peers and
faculty members with expertise in methodology and phenomenological research was used to
refine the interview questions and prompts further to ensure no leading questions were asked.
External validity was not assumed as technical colleges and their educator populations consist of
notable variations in demographics, institutional policies, and regional contexts.

Data Collection Procedures

The validity of data obtained from semi-structured interviews in phenomenology depends
on the depth and authenticity of the participant's descriptions. To enhance the validity of the
interviews, this study strived to create a comfortable environment by conducting the interview
virtually and encouraging participants to share rich, nuanced accounts of their experiences (van
Manen, 1997). To maximize participants’ comfort and openness, the interviews were scheduled

at a convenient time, allowing participants to select a quiet and private setting to minimize
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distractions and maintain confidentiality (Creswell & Creswell, 2022). The goals of the interview
protocol were to ensure all explored topics related to the educator’s experiences with GenAl
were consistent among participants and to allow for the emergence of new themes utilizing open-
ended discussion.

All portions of the research, including initial contact, an invitation to participate, consent,
and interview protocol, were submitted to and approved by the University of Wisconsin-Stout
IRB and a two-year Wisconsin Technical College’s IRB before any activities involving human
subjects occurred. The University of Wisconsin-Stout IRB application was made on January 20,
2025, and a notice of exemption was received on January 23, 2025. The notice of exemption is
included in Appendix D. The two-year Wisconsin Technical College’s IRB application was
submitted on January 27, 2025, and a notice of exemption was received on January 27, 2025.
The notice of exemption is included in Appendix E. No revisions were requested from either IRB
indicating the protocol met all ethical standards for research that involves human subjects.

The data was collected from a single technical college, offering insights into educators’
perceptions of GenAl adoption at a Wisconsin technical college that has implemented GenAl
initiatives and may not directly transfer to other technical colleges within the system or
institutions beyond the WTCS (Patten & Newhart, 2017). While the study does not attempt to
establish generalizability as it is not the goal of phenomenological research; the research
intended to provide an in-depth examination of one specific context rather than to propose
broadly generalizable results.

The researcher conducted approximately 60-minute interviews with each participant
utilizing a semi-structured interview guide between February 28, 2025, and March 25, 2025. The

shortest interview lasted 50 minutes, and the longest lasted 91 minutes. The interviews were



87

conducted synchronously via Zoom Workplace. Other software solutions, such as Microsoft
Teams, were considered; however, privacy concerns existed, such as having participants use
institutional accounts for communication during the interview. Zoom Workplace is one of the
most popular video conferencing software tools. The software was selected for its seamless
communication capabilities and integration with scheduling tools such as zCal, which allow
participants to select an interview time that is convenient to them. The University of Wisconsin—
Stout also provides professional licensing to educational accounts using university email
addresses at no cost, allowing for meetings that are longer than 40 minutes and the ability to
record securely. All interviews were recorded to ensure quality and accuracy; the recordings
were kept confidential and only accessed by the researcher. Each interview was recorded using
Zoom Workplace, version 6.3.10 (49367), and the researcher maintained notes during all
interviews to capture visual nuances of the experience, including expressions and gestures, and
maintained a backup should the recording process have failed. Brinkmann and Kvale (2014)
describe the process of transcribing interviews as a time-consuming process often delegated;
however, researchers may prefer to transcribe the interview themselves, which builds personal
involvement and attunes the researcher to the interview's content. After the interview, Zoom
Workplace processed the recording to generate a transcript. The generated transcripts were then
reviewed for accuracy and annotated with the written notes produced by the researcher during
the interview.

Confidentiality was maintained throughout the study by anonymizing self-identifying
information and applying unique participant codes to replace participant names. Digital data has
been secured using multiple layers of protection. The transcribed files were stored on the

researcher’s personal computer, protected with a password, whole disk encryption, and a secured
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network. Copies of the interview recordings and transcription files were stored on an external
hard drive encrypted with Microsoft BitLocker whole disk encryption and stored in a locked
safe. Additional copies were encrypted using public key cryptography and stored using
Microsoft’s OneDrive Service. All electronic data handling procedures complied with the
University of Wisconsin—Stout IRB and the IRB of the participant’s institution. Additionally,
participants were informed of these measures. An email was sent to all participants on April 12,
2025, thanking them for participating. A copy of this letter is included in Appendix F.

Data Analysis

The information obtained throughout the interviews was personal and described the
participants' experiences; the information received is best described as capta rather than data.
Drucker (2011) separates capta from data as the active process of obtaining information
compared with more passive recording methods and observational qualities found in data. Capta,
therefore, indicates personal engagement with participants and the subject material, better
reflecting the process through which meaning is captured. Capta aligns with Merleau-Ponty’s
First Reflection, the immediate perception of information as it is presented, enabling the
researcher to share the voice of the participants through their own experiences, insights, and
narratives (Drucker, 2011; Lanigan, 1991).

Brinkmann and Kvale (2014) describe the process of transcribing interviews as the initial
step in data analysis; integrating analysis throughout the interview process can help ground the
interpretation of the capta during the final analysis. The interview transcripts were generated by
Zoom Workplace and carefully examined by the researcher to ensure accuracy. The finalized
transcripts were read at least twice to ensure familiarity with the responses and experience. The

researcher then interpreted the experiences in a way true to the participant's meanings. The
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researcher employed bracketing, setting aside preconceived notions to focus on the essence of
the phenomena as experienced by participants (Moustakas, 1994).

The data within each interview transcript was coded into specific concepts, which were
then categorized into broader enduring themes consistent with Giorgi's (1997) bracketing, eidetic
reduction, and (van Manen, 1984, 1997) hermeneutic analysis methodologies. The thematic
analysis process used by the researcher is outlined in Table 1. The process allowed the researcher
to remove wording that was not essential to the communication of the theme from the participant
(Giorgi, 1997). To ensure intra-rater reliability, the researcher performed the process twice on
different days and in different order (Patten & Newhart, 2017). The enduring themes were then
reconstructed to allow the researcher to provide the essence of the participants' lived experiences
(Gill, 2014; van Manen, 1997). The resulting report was structured to follow van Manen's (2007)

goal of directing the reader’s gaze to the source of meaning.
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Thematic Analysis Procedure Employed by the Researcher as Informed by Giorgi (1997), van

Manen (1984, 1997), and Lanigan (2013)

Raw capta

Codes: Reduction of
raw capta

Categories: Themes
based on codes

Concepts: Declaring
the themes

Raw text as presented
via the transcription
process including
semiotic notes of the
researcher. Nothing is
removed.

Purpose: To
maintain the integrity
of the participant’s
meaning by assisting
the researcher to
reference the original
transcript.

Next: Maintained
through to the end
serving as the source
for direct quotes to
support the enduring
themes.

Elimination of
extraneous words to
clarify the
participant’s
meaning.

Purpose: Reduce
transition words and
noise that does not
contribute to
meaning. To allow
the researcher to see
meaning units.

Next: Sorted by
Meaning Units in
their entirety which
includes transitional
text. Presented in a
structure like a
paragraph.
Maintained to the end
to validate the
participant’s
communicated
experience and
meaning.

Captured from the
meaning units which
present ideas and
concepts.

Purpose: Present the
participants
communicated
experience and
meaning in a
collection of ideas
which maintain their
meaning when
viewed in or out of
context.

Next: Sorted by like
concepts and
maintained to the end
to validate the
participant’s
communicated
experience and
meaning.

Declaration of
enduring themes
emerging from the
categorization of
concepts. Final check
to validate the
participants
communicated
experience and
meaning.

Purpose: Present
enduring themes as
statements from the
researcher yet in
alignment and with
consideration and
respect to the
participant’s
communicated
experience.

Next: Interpreted by
others based upon
personal connection
and individual
meaning as guided by
the researcher.

Although Creswell and Miller (2000) advocate for member checking, participants were

not asked to review and validate the interpretations of the thematic analysis due to three primary

criticisms: (a) participants may have limited understanding of the analysis process, (b)

participants may affirm findings out of politeness rather than genuine critical evaluation, and (c)
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the views of the participant may evolve between the time of the interview and the member
checking process (Birt et al., 2016).
Methodological Limitations

The researcher acknowledged that there were methodological limitations to this study.
The following limitations applied:

e The study was limited to a public, two-year postsecondary institution within the
WTCS. Its findings are based on a small sample of educators from within the WTCS
and may not be generalizable to other educational systems or technical colleges.

e Al systems and related technologies are rapidly advancing. The educators'
perceptions in this study reflect one point in time and may evolve as new GenAl
technologies advance.

e Social desirability or concerns about negative repercussions, especially regarding
ethical considerations and GenAl use, may have influenced the participants'
responses.

e Data collection occurred during the Spring 2025 academic semester, which may have
influenced participants' availability and engagement in the study. The timing could
also affect the quantity and quality of the data collected.

e Heidegger (1962) introduced the concept of “dasein,” emphasizing that human
existence is interconnected within the context in which it occurs. Utilizing Husserl's
(1982) concept of bracketing or epoché, this study strived to set aside predetermined
assumptions during the investigation of the phenomenon; however, the researcher
cannot be completely free of bias that could shape the interpretation of the

phenomenon (van Manen, 1997).



92

¢ Volunteer bias may have influenced the study results. Participants who volunteered
for the study may differ significantly from those who did not, potentially affecting the
sample's representativeness. This could result in findings more reflective of the views
of a particular subset of educators than those of the broader population.

e This study sought WTCS educators to volunteer for interviews, and the study results
may be influenced by self-selection. Self-selection bias is the tendency for those who
participate in studies to differ from those who do not due to differing levels of
education, socio-economic status, and motivation, which may affect the
generalizability of the results (Rosenthal & Rosnow, 1975). The participants in this
study may exhibit characteristics such as higher interest, motivation, or availability
that differentiate them from non-participants. The motivation for participants to
respond affirmatively may be considered a form of self-selection bias; however, to
confirm that hypothesis, separate research on the participants is necessary (Booth et
al., 2024)

Summary

This chapter outlined the methodology and procedures of the study to explore the utility
of GenAl adoption on educator perceptions. The study utilized semi-structured interviews to
gather perceptions and experiences from educators within the WTCS. The researcher compiled
and analyzed capta using thematic analysis methods, aware that certain limitations applied to the
study. Enduring themes were developed that provide valuable insight into the perceived utility of
GenAl on educator perceptions surrounding teaching practices, student engagement, and ethical
considerations. Because subjective experiences may vary widely among participants, the process

in which interviews are conducted, data is analyzed, and meanings are interpreted must be



93

systemic and transparent (Moustakas, 1994) to achieve credibility and trustworthiness. This

study maintained a consistent interview protocol across participants, conducted the interviews in
similar settings, and maintained detailed records of the interview process and data analysis. The
analyzed capta is presented and discussed in Chapter Four, highlighting key themes and patterns

of the phenomenon.
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Chapter 1V: Presentation of Findings

The purpose of this qualitative research is to examine educators’ experiences with using
GenAl to create content and interact with the technology. Through this exploration the study
strives to reveal educators’ perspectives on the benefits and risks of GenAl in education. To
fulfill this purpose, the following research questions are raised:

1. How do educators perceive the utility of GenAl adoption on their assessment

strategies?
2. What ethical considerations surround GenAl use in education, and how can these
concerns be addressed to ensure responsible implementation?

3. To what extent do educators believe GenAl adoption influences student engagement?
This chapter presents the findings of the thematic analysis produced by the interviews of 10
WTCS faculty.
Participant Descriptions

A total of 10 WTCS faculty participated in interviews with the researcher. Every
prospective respondent agreed to be interviewed for this study, with no individual declining. One
faculty member rescheduled their initial interviews due to scheduling conflicts. A second faculty
member initially responded to the participant solicitation email and scheduled an interview using
zCal; however, they did not join the Zoom conference during the interview. Two subsequent
attempts to reschedule the interview were made on two days; however, no response was
received.

A single technical college represented the faculty members who participated. Participant
1 and Participant 4 teach courses related to Business disciplines within an academic program.

Participants 2, 6, and 8 teach courses related to English studies disciplines. Participant 3 teaches
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courses related to social science disciplines. Participant 5 and Participant 10 teach courses related
to information technology disciplines. Participant 7 and Participant 9 teach courses primarily to
business and industry groups as part of the college’s contract training initiatives. To preserve
confidentiality, the college’s name has not been revealed. Five participants identify as male, and
5 participants identify as female. As reported, the roles, courses taught, and descriptions are
generalized to protect the anonymity of the individual, and any information collected during the
interview process that may affect the anonymity of the individual is not presented.

Participant 1 is an online faculty member teaching remotely at a WTCS technical college,
with a career evenly divided between private industry and education. Participant 1 teaches
business and leadership courses, serving students across the United States. This individual has
authored educational resources with the assistance of GenAl. They described the use of GenAl
tools, such as Copilot, as “incredible.” Despite this, they also noted the addictive elements of
GenAl, describing themselves as becoming an “Al zombie.” The faculty member is concerned
about academic integrity when students use GenAl tools and expresses the belief that students
may become “dumber” through over-reliance, highlighting the need for critical thinking and skill
application.

Participant 2 is a faculty member who teaches in-person courses within the English
Language Learning courses serving learners learning English as a second language. Participant 2
has enthusiastically embraced Al for tasks such as creating study guides and plans to incorporate
GenAl into the production of assessment materials. They are actively rethinking their assessment
strategies, considering Al capabilities, and emphasizing preparing students for a world where Al
is a standard workplace tool. They stress the importance of original and critical thinking despite

the ease of Al use.
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Participant 3 teaches social science courses primarily online or in the evenings and
describes themselves as excited by the potential opportunities Al presents for teachers. Although
this participant initially found GenAl to be “amazing and scary,” today, they believe it will
fundamentally change education and society. They allow learners to use GenAl for drafting;
however, they require disclosure of GenAl use and information regarding the prompts used to
generate content. The participant recognizes significant efficiency gains and the potential for
students to be unmarketable if they fail to learn to use GenAl responsibly and ethically.
Participant 3 emphasizes higher-order thinking skills in their assessments and notes concerns
surrounding data privacy and Al hallucinations.

Participant 4 is a faculty member who teaches business courses to online learners and has
not used GenAl in their teaching practice; however, they have stated that they are aware of Al
and have exposure from students who use the technologies in their courses. Participant 4 utilizes
GenAl-detection tools, which are classified as a form of Al technology, to identify when students
use GenAl. They mandate citations when Al is used and align it with their syllabus and college
plagiarism policies. This participant finds themselves in the undesirable position of policing Al
in their courses. Despite this, the participant acknowledges the potential for GenAl to assist with
genuine grammar struggles but also expresses concern about GenAl’s use as a replacement for
thinking and skill development. Participant 4 advocates for the cautious adoption of GenAl with
clear guidelines.

Participant 5 teaches courses in information technology disciplines and describes GenAl
as exciting, allowing students to find answers more efficiently than ever before. They teach in-
person technical and non-technical courses within the information technology discipline. They

encourage students to engage with Al in their courses and use ChatGPT to generate assignments.
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Participant 5 emphasizes the inevitability of change, the necessity of pedagogical shifts, and the
importance of teaching the responsible use of GenAl technologies.

Participant 6 teaches courses in the English studies disciplines and views GenAl as a
“lifesaver” from an efficiency standpoint. They have used GenAl to refine communication,
maintain a professional tone, and modernize assignments. Participant 6 emphasizes teaching the
ethical and responsible use of GenAl and believes colleges must inform K-12 education about
Al’s role in higher education.

Participant 7 primarily teaches courses within the business disciplines to business and
industry groups as part of the college’s contract training initiatives. As an educator, Participant 7
describes themselves as “low-tech,” works with hands-on learners, and values interactive
discussion-based teaching. They are cautious about high-tech approaches that may intimidate
their students. Participant 7 notes instances of GenAl misuse in their students” work and drew
from their child’s experiences while working as a university professor who also has encountered
issues with GenAl technologies.

Participant 8 teaches courses in the English studies disciplines and sees GenAl as a
potential tool for streamlining work for instructors and students, which they have found
invaluable. Participant 8 has integrated Al into their assignments for brainstorming activities and
building larger papers piece by piece, adopting an iterative approach. They acknowledge ethical
considerations and differing opinions surrounding using GenAl technologies among their
colleagues at the college.

Participant 9 teaches courses in business disciplines to business and industry groups as
part of the college’s contract training initiatives and to learners taking courses in business-related

disciplines within the college’s academic programs. Participant 9 has been actively exploring
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using GenAl tools in professional and personal contexts, demonstrating their capabilities to
students and colleagues. Participant 9 sees GenAl as a tool for fostering improved and improved
teaching.

Participant 10 teaches courses to online and in-person students within the information
technology disciplines. They have benefitted from using ChatGPT, Claude, and other GenAl
tools for tasks that they find challenging, such as writing letters of recommendation and
developing scripts, improving their efficiency. Participant 10 believes the focus should be on
students achieving the correct output using whatever tools are available to learners, including
GenAl technologies.

Emergent Themes

During the interview portion of the study, the participants discussed the influence of
GenAl adoption on educator perceptions. The insights into GenAl adoption and its influence on
educator perceptions provided by the participants were viewed through andragogy and the
SAMR model. The participants span a diverse range, from enthusiastic adopters of GenAl to
cautious observers.

Participants 5, 8, 9, and 10 have integrated GenAl deeply into their teaching practices,
highlighting benefits such as increased efficiency and new pedagogical opportunities.
Participants 4 and 7 remain cautious or have limited use primarily due to concerns about ethics,
concern for student development, or lack of comfort and experience with GenAl technologies.
Participants 1, 2, 3, and 6 have adopted GenAl and are intrigued by the opportunities presented.
However, they also expressed concerns that require careful consideration and fall in the middle
of the range. The diversity of disciplines, professional contexts, and viewpoints provides insights

into the emerging themes surrounding the influence of GenAl adoption on educator perceptions.
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Four themes emerged from an analysis of the participants’ recurring ideas, issues, and
sentiments: utility, change, ethics, and challenges. An example of the thematic reduction analysis
is included in Appendix G. Each theme contains subthemes that further explore specific aspects
of the underlying theme. Participant attitudes were a defining element of the experience and an
overarching finding underpinning the themes of utility, change, ethics, and challenges. The
identified themes are interrelated; an educator’s perception of the utility of GenAl often
influences their attitude toward using it, and concerns about ethics can present challenges to
adoption. When viewed holistically, the emergent themes expand beyond the scope of this
research. The emergent themes and subthemes have been summarized in Figure 6.

Figure 6
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Utility

Participants offered their opinions and experiences on the perceived utility of GenAl
technologies. Aligning with Davis’s (1989) Technology Acceptance Model the theme of utility
refers to the perceived usefulness and the practical benefits of GenAl tools in the participant’s
professional practice, especially regarding improvements to teaching, assessment, or efficiency.
Each participant, including those more cautious, recognized the potential utility of GenAl tools,
although the extent of the perceived benefit varied among participants. Participant 4
acknowledged GenAl as a “powerful tool with a great deal of promise.” These opinions and
experiences have been divided into two subthemes related to GenAl’s utility efficiency and
productivity gains and instructional enhancement; other minor themes and topics include new
ways to design assignments and learning activities.

Efficiency and Productivity Gains. Several participants emphasized that GenAl has
increased their efficiency in teaching-related tasks. Participant 10 evaluated multiple tools to
determine which offers the best benefit and frequently uses GenAl, stating: | use tools all the
time... | pick the tool which is going to give me the best benefit... Honestly, when ChatGPT
writes something for you... it’s a tool that’s helping me be stronger in an area I’m not as strong
at.

They also recall a specific writing challenge he faced, resulting in the GenAl assistance
productivity gains, stating: If I had an Achilles heel—it’s writing—that was the first time I used
it to help me write a letter of recommendation—it gave me the ability to take key details about
the student and have it write something.”

A primary benefit identified is efficiency and speed gains. Participant 10 credits using

ChatGPT to save work hours, “I started using ChatGPT... | have a prompt... | give it the
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keyword... then it’ll create the script for me... that used to take me an hour... now it’s like
boom... the script is created within minutes.”

Multiple participants described benefits in efficiency. Participant 6 described GenAl as “a
lifesaver for me... | would have saved so much time, energy, and frustration in my response...”
when recalling conversations with challenging students, which required careful consideration of
word choice and emotional intelligence. Participant 6°s recollection demonstrated clear
perceptions of time and energy savings that create a need to understand how to use GenAl
technologies. Participant 9 concurs, proclaiming, “I can move faster with things. | can innovate
faster. | can teach others better.” These comments are echoed by Participant 8, who describes
GenAl as “a blessing... invaluable tool” that “streamlined so much of what we can do... both for
instructors and students”. Participant 3 also noticed significant efficiency gains for students who
opted to use GenAl compared to those who did not in their course, commenting student effort
“went from 24-t0-26 hours to 3-to-4 hours.” Students could complete work significantly faster
than those who opted not to use GenAl in the classroom without compromising the quality of
work.

Multiple participants recognized productivity improvements. Participant 1 described
using Microsoft Copilot to augment his abilities by taking the work and knowledge they had
previously developed and packaging the information as a textbook. Participant 1 credits GenAl
with assisting him in authoring a textbook, saying: working with ||| | | | . and that
I oot ... | thought | could write a nice textbook... we can’t get good textbooks ...
what I did is I threw it into Copilot... Then | said give me an outline. Then | said now give me

the body.”
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Participant 9 agrees with GenAl's ability to augment existing skill sets, saying, “It’s made
me a better educator for sure.” Participant 9 primarily uses GenAl for brainstorming: "It
augments what | can do. It gives me other ideas. It’s like having your own whiteboard or idea
session with somebody.” An example of this is Participant 9 working alongside another
individual, demonstrating the image generation capabilities of DALL-E. Using an iterative
design process, they created a fictional animal hybrid between a hummingbird and a duck, an
animal Participant 9 playfully referred to as a “humming duck,” as shown in Appendix H.

Instructional Enhancement. The participants also perceived GenAl's utility in
enhancing instructional design and assessment. This subtheme ties directly to Research Question
1: How do educators perceive the utility of GenAl adoption on their assessment strategies?
Several participants described how GenAl tools have provided new capabilities for creating or
modifying their assessments. Participant 2 has used GenAl to create practice assignments and is
exploring utilizing the technology to generate exam questions and study guides tailored to
learners in their classes. They recount the ease of creating a new curriculum relying on simple
prompts: I’m asking ChatGPT. I load in my PowerPoint. And | say, could you please make me a
fill-in-the-blank study guide for my students? It’s one second, and it's done. | move on. I’'m
already into the next... thing I can spend my time on... which is kind of amazing.

Participant 5 agreed, sharing, “You can come up with curriculum very easily,” suggesting the
ability to create entirely new assignments based on information entered into a prompt. Participant
6 is relying not just on efficiency but also on productivity gains through the use of GenAl,
stating: | was thinking back to like assignments | did in college, which was over 25 years ago, so

| came up with ideas based on [old assignments]... and then | had Al help me improve them to
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be more contemporary... it’s made me feel better about how I’m choosing to assess my
students... doing things that are more relatable.

These participant examples suggest GenAl can serve as an effective creative aid by
creating additional assessments or by providing multiple variations of questions. The usage
pattern described by Participant 6 aligns with the substitution level of the SAMR model, where
more contemporary examples replace outdated terms and references. The usage patterns
described by Participant 2 fall within the augmentation level of the SAMR model, where
technology provides functional improvement to existing tasks. By automating parts of test and
assignment creation, Participant 2 focused on higher-impact tasks, such as aligning assessments
with learning objectives, rather than spending large amounts of time creating written content.
GenAll, as described by Participant 2, could rise to the redefinition level once individual
assessments are tailored to individual learners. The example shared by Participant 5 fits within
substitution, having GenAl take over a task that a teacher would traditionally perform, such as
developing assessments; however, depending on the scope and difficulty of the curriculum, it
could move towards augmentation.

Change

Moving beyond utility, the change theme occurs across participants’ perceptions of how
GenAl has required change in teaching practice, assessment design, and the broader field of
higher education. Many participants in the study believe the advent of GenAl acts as a significant
catalyst for change, requiring educators to rethink traditional methods and approaches.
Participant 3 surmised, “I have heard other people liken it to the calculator, and then I heard one
person liken it to electricity that it’s that big of a disruptor in what we’re doing.” This theme

comprised subthemes of pedagogical shifts, adaptation and innovation, and the inevitability of
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Al. Both themes of change and utility are closely tied; once an educator recognizes GenAl’s
utility or adversely the disruption it causes, they conclude that it is necessary for a change in
approach. When Participant 3 first discovered GenAl, “I was like, whoa, this is amazing and
scary, and it is going to change education as we know it... changing society as we know.” The
theme of change is also linked to Research Question 1, as evolving assessment strategies are a
key element of how educators respond to the influence of GenAl.

Pedagogical Shifts. The more Al-forward participants holding progressive views shared
a sense of urgency that education must evolve because of GenAl. Participant 5 expressed that
“we have to change on the instructional side,” arguing that educators must change their teaching
practices to respond to Al and GenAl. This participant, having observed how easily ChatGPT
could complete specific assignments, directly informed their belief in the necessity of
pedagogical shifts and a sense of urgency shifts so that instruction remains relevant and
challenging. Stressing the necessity of pedagogical shifts, Participant 5 argued that educators
“have to figure out how to teach to the tool.”

The Participant 5 presented a case in which rather than ignoring GenAl, policing it, or
attempting to ban the technology, teachers should incorporate it into their pedagogy. The
participant suggested it is necessary to teach students how to use the tool appropriately and
design learning experiences that account for the presence of this technology. In essence,
Participant 5 presented an argument for proactive adoption involving altering assessment types,
questions, and learning activities to leverage either GenAl or ensure higher-order thinking skills
are utilized beyond what GenAl can do.

Participant 10 agreed, recalling a recent conference he had attended with his peers, “[at a

conference] | realized the majority of [educators] had no clue what’s coming... there was a
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couple that I could tell knew... the questions they were asking... do we need to start teaching
I oifferently?” The participant shared that at the conference, educators emphasized
the need for understanding the basics in the age of Al. Some educators at the conference
suggested the importance of fundamentals, which allow for building more advanced concepts.
Participant 10 disagreed with their peers and commented, “I don’t know if | believe that today,”
instead advocating for adaptation and innovation in education, rethinking what is important and
what the end goal is.

Adaptation and Innovation. Innovation and adaptation have been seen as a requirement
from the perspective of Participant 5: “You either have to figure out how to adapt, or you’re
gonna be left behind.” Like Participant 5, Participant 2 also advocated rethinking assessment
strategies to prepare students for a world “where Al is a common workplace tool.” Participant 8
also noted recent adaptations in their teaching by integrating GenAl into their curriculum during
the Spring 2025 semester: “I haven’t had assignments based on [Al] until this semester. So that
has changed a little bit... I’ve absolutely loved having [Al] as part of my assignments.” Having
adapted their pedagogy by integrating GenAl into the writing process, Participant 8 has modified
the learning process for writing assignments to include Al as a collaborator. These educators
have indicated a shift toward future-oriented teaching, where it will become necessary to learn to
work alongside GenAl; in this sense, GenAl itself has become a learning objective.

Participant 5 highlighted the need for adaptation and innovation after evaluating the
abilities of ChatGPT: “We gave the instructions for the assignment to ChatGPT... It came up
with literally all the code... you could almost have gotten through all of || GGG
just by pasting the assignment instructions in... and popping the code out.” Participant 5

elaborates, “It changes how we teach... It changes how we evaluate our students, what is a
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worthwhile assignment.” The sentiment is shared by Participant 8, who also adopts a pragmatic
stance as they reevaluate the definition of a meaningful or purposeful assessment by reflecting:
“How are you going to apply this when you go into the workforce... am I here to teach them
where the comma goes... is that the core of my teaching? Is that really what | want people to
walk away with?”

One suggestion offered by Participant 5 included using “Al tools against your existing
coursework... If I were a student... how would I attack this assignment?” Adaptation to the ease
with which students can use GenAl to complete coursework has required innovation among the
participants. Participant 3 adapted their assessment strategies to no longer rely on traditional
quizzes: “If I was to be doing true/false or multiple-choice tests... |1 would quit using them
because that could just be so easily responded to [by Al].” Instead, they recommend switching to
assessments that require higher levels of critical thinking: “I tend to use more of a type of
assessment where you really do have to do some thinking and analysis.” Upon reflection,
Participant 3 sees their assessments reaching higher levels of Bloom’s taxonomy: “I think I’ve
gotten away from some real basic stuff that Al can do for us and gotten into more analysis and
critique... If my students... learn to think critically, I’m still going to consider myself a success.”

Like Participant 3, Participant 1 valued critical thinking and adapted their assessment
strategies for a world where GenAl is prevalent. Assignments today are no longer papers, “98%
are presentations... if they use Al... I’m okay with that... I’m not okay with... just copy and
paste... they have to have digested the information enough to speak about it eloquently.”
Participant 1 suggests, “[Teachers] need to find a way to integrate it in such a way that the
student still has to think critically... | have one solution with presentations... forcing them to

teach to learn.” Participant 8 agreed with her peers, saying:



107

| want them to learn critical thinking... It is one thing to sit down and ask Al to do
something for you. But what parts are you going to do, what makes you a part of this process?
Thinking about my class in the way of what | am trying to teach them... it’s no longer just here’s
the assignment; follow the rubric. Now, it’s more like what’s behind it.

Participant 10 also acknowledges change but approaches the topic differently, taking a
pragmatic stance, hypothesizing, It doesn’t matter... if the student uses Al and they don’t
understand what a ||| B is. but they click the button, and it gets the right output... If
they’re... able to communicate to the tool effectively and get the correct output, [that’s what
matters]. Despite these altering views, there is a consensus that Al is here to stay and has
changed education.

Inevitability of Al. Participant 5 concluded, “Change is going to happen regardless,”
emphasizing the inevitability of GenAl’s influence on education. The participants' perceptions
aligned with the notion that technological educational disruptions mandate a re-examination of
established models. Zhao and Watterston (2021) describe GenAl as “the next great disruption”
after COVID-19 in education and argue that traditional educational models are no longer
sufficient and that new approaches must be engaging, relevant, and authentic. Participants 5 and
8 echoed this sentiment on the front lines in their classroom by pushing for new instructional
designs and authenticity in assessment by requiring learners to demonstrate competencies in
ways beyond repeating information that GenAl tools could create. Participant 8 called for the
acceptance and normalization of GenAl stating, “If these tools exist, why not use these tools?
There’s nothing wrong with them.” They also shared their belief students are being authentic in
their writing despite the availability of GenAl. “I can tell that they are really being authentic.”

Participant 2 echoed the sentiment of Participant 5 that what is assessed must change by sharing:



108

| really do rethink every assessment I'm giving and thinking, what am | grading here...
I'm not sure if they knew that on their own. Does it matter? And would | give a grade for
something that doesn't matter? ... I'm grading [factual knowledge] less. I might still be doing
them for exposure. But ... I'm not grading them like I used to.

Ethics

The participants collectively stated a significant and evolving landscape of Al in
education, which has prompted changes in pedagogical approaches, adaptation, and innovation in
course design. These changes, however, also brought about ethical considerations. The theme of
ethics spans the broad range of ethical considerations and concerns educators associate with
GenAl use in education. The theme is aligned closely with Research Question 2: What ethical
considerations surround GenAl use in education, and how can these concerns be addressed to
ensure responsible implementation? All participants raised ethical issues, although to varying
degrees of emphasis. The subthemes derived from the participants consisted of academic
integrity and plagiarism, equity and access, bias and accuracy of Al outputs, and guidelines for
responsible use.

Academic Integrity and Plagiarism. Academic integrity was the most frequently
mentioned ethical consideration among the participants. Many educators worry that students
might use GenAl to generate content that is not their own, undermining the learning process
(Kooli, 2023). The participants are no exception to these concerns. Participant 1 expressed fear
that over-reliance on GenAl may prompt students to bypass developing their own skills, bluntly
warning GenAl “is going to make our students dumber... that scares the hell out of me.”
Participant 4, agreeing with the warning, expands on the topic by elaborating: If you shortcut the

learning process... in your language and presentation skills... that’s going to show up [later] and



109

be very harmful... when a tool like Al comes along, it’s an adjunct... not a replacement for your
own skill development.

Participant 4 expressed deep concern about plagiarism fueled by GenAl; they have taken
the stance to prohibit GenAl tools in class and use GPTZero to catch Al-generated text. They
adopt a traditional approach: "I have not inserted any Al tools into my classes other than to use
GPTZero as a detection tool.” Participant 4 believes “anytime somebody uses something they
didn’t create themselves, they have a duty to cite their source... that also applies to the use of
Al.” They tell students, “You need to cite [use of Al]. You need to make it clear that you're
doing it. And failure to do that fits the definition of plagiarism.”.

Participant 4 saw a high incidence of students using GenAl tools in their discussion board
assignments, recalling, “I’ve encountered the use of Al by students has been in the discussion
boards... | started noticing it in Fall, and I’ve seen a sharp uptick in the current semester.” The
increase in GenAl utilization among learners has put Participant 4 “...in the undesirable position
of having to be a more active umpire... | am having to contact the students about that rather than
about what they’re learning.” The role of traffic cop and umpire is not a position actively sought.
“l don’t like having to do that... any time you take away from actual teaching... to being the
traffic cop or the umpire... you have to weigh the benefits and costs.”

Despite these concerns, Participant 4 acknowledged: Some students... genuinely need
help with grammar skills... those... are... understandable uses of any tool that can help them do
better with grammar and writing... other students... are basically using it as a replacement for
their own thinking... effectively using it as a plagiarism vehicle.

Participant 4 held deep convictions that it is their responsibility to ensure students are

learning and prepared for employment. Participant 4 worries about students who use GenAl to
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sidestep the learning process expressing concern: If | turned a blind eye. My concern is that
students develop a habit that takes them down a path where they’re avoiding developing the
skills that they should be developing... while they’re in college before they get into the
workforce.

Relying on Al detectors to identify machine-generated text is a method of upholding
academic integrity and rigor. Despite this, Participant 4 “cannot assure that GPTZero is 100%
accurate in its detection of Al use... We have to be... mindful of that.” Other participants shared
similar concerns. Participant 8 asked, “Where and how do you draw that line between assistance
and doing it for you? So that’s the tricky part.” Participant 9 agreed, asking, “Where is that...
line drawn? It’s no different than before Al... but now you have a powerful tool that can blur
that line [easily].”

Other participants had more forward-looking views for addressing academic integrity
concerns rather than banning GenAl technologies outright. Multiple participants encouraged the
honest use of GenAl. Participant 3 allowed GenAl but with disclosure requirements presenting
students with a choice: | gave them the option... If you want to use Al to help you draft your
pieces... that’s fine, but I’d like you to let me know that you did use it and let me know how you
prompted the tool to get the information.

The strategy aims to integrate Al into learning ethically, teaching students to be
transparent about GenAl use. Participant 3 noted, “I do request that they don’t use [GenAl] for
discussions... in general, they’re honoring that request. There are times | don’t think this was
written by a human being. It’s just too perfect and, truthfully, sometimes devoid of feeling.”

Participants 5 and 6 also strived for the ethical use of GenAl by teaching about

responsible use. Participant 5 highlighted responsible use: “You have to figure out how to teach



111

to the tool and actually make them understand. This is a tool for your thoughts, not just to
generate paperwork.” Participant 6 attempted to accomplish this by building responsible use into
the coursework, “...we created a bunch of different assignments and prompt engineering
documents... and provided them to our students... basically every student in a communication
skills class has become familiar with how to ethically and responsibly use Al.” By doing so, the
participants hope to instill a sense of integrity in their students.

Even among participants with Al-forward perceptions, academic integrity was a top
concern. Participant 9 expressed concern, “I am concerned... how do | know that student has
created that document... if people begin to lean on GenAl to create stories or written content for
themselves, how do you know it’s them?” Participant 8 echoed nearly identical concerns, stating:
You’re getting a paper that could have been written by somebody writing their dissertation...
That made me feel very uncomfortable. Of course, | mean, | had to have a really serious
conversation with the student and say, | know this is not your writing.”

Participant 5 advocated teaching the tool yet is sympathetic, saying, “I can understand
it... if I’m in || | ] and 1 know that the papers coming in were not written by the student,
you know, that’s a huge ethical problem.” Rather than exclusively blame the tool, Participant 8
reflects this is not a new problem, concluding, “You can’t completely blame Al. This stuff was
happening well before the Al even existed... it’s not like that it is the first time somebody tried
to turn in work that was not theirs.”

Bias and Accuracy of Al Outputs. Academic integrity is the most prominent ethical
consideration; however, it is not the only one. A related ethical issue is the accuracy and
trustworthiness of GenAl outputs, which includes concerns about biases, misinformation, and

confident but incorrect answers known as “hallucinations.” If students or teachers rely on GenAl
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to create content, there is a risk of false information spreading if the content’s factual information
is independently verified. Participant 2 shared an anecdote with her students to stress the
limitations of GenAl output and the potential for inaccuracies, saying, “Every time it generated
an image, the person had no hands... humans have hands... | thought that it would be really kind
of eye-opening...” Participant 2’s anecdote highlights the need for critical thinking. They
expressed concern in trusting GenAl blindly sharing: “I think [Al’s limitations] is something to
always be aware of... Al is good. But it’s not perfect... Al has limitations... you can only trust it
so far.”

Few participants expressed concerns with the biases and accuracy of Al outputs, with
Participant 3 being a notable exception. Participant 3 was an early adopter of GenAl
technologies and tools; they recount, “At that time there was a lot of hallucinating... so | said,
you’re going to need to take what it gives you and verify that it’s correct.” Participant 3 also
recalled specific examples of representation biases: “At the beginning... we would say, show us
a picture of a nurse, and it would be a white woman... a company executive, a white man... a
criminal, a Black man. We were noticing [bias] big time...” Despite these concerns, they note, “I
think a lot of that has been improved... but a lot of that information was biased [to start].”

Although the participants expressed limited ethical considerations surrounding biases and
accuracy, the literature establishes this as a key ethical consideration. Hsu and Ching (2023a)
highlight the potential for an instructor to inadvertently introduce biased and unbalanced
perspectives in course materials generated by Al applications. Biases present in the training data
could potentially lead to generating output that is skewed, unfair, or contains stereotypes
(Farrokhnia et al., 2023). Educators must consider whether using such tools could introduce bias

into teaching materials or give some groups of students advantages.
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Equity and Access. The participants have identified equity and access as themes,
although sometimes indirectly. Equity concerns include whether all students have equal access to
GenAl tools and whether all educators have equal support in using them. Participant 6 shared a
story of a coworker’s daughter who was accused of academic dishonesty in high school
recounting: ...the high school teacher gave her a zero and said that it was plagiarized by Al...
I’m a little further ahead in this than you are... the teacher kept trying to say that she used an Al
detection tool... You know, we’re past that. We know those don’t work. They’re not effective...
All colleges are going to have to inform K-12 this is going to be part of the college education...
if you are preparing students to come to college. It might also have to be part of K-12 education.
Some students may come to higher education with prior exposure to Al tools, while others may
not, which creates a preparedness gap. The American School District Panel (ASDP), a research
partnership between the RAND Corporation and the Center on Reinventing Public Education
(CRPE), has published reports indicating that more affluent school districts are ahead in adopting
Al compared to high-poverty districts, which may provide additional benefits to already
advantaged students (Diliberti et al., 2024; Kaufman et al., 2025). In college settings where
GenAl may be integrated into the curriculum, learners’ performance gaps could be exacerbated.

Several participants also raised ethical considerations regarding Al’s access to the data
entered into the GenAl chatbot's prompt. Participant 3 noted, “You can’t use any [confidential
data]... you can’t put it in Al because once it’s out there, it’s out there forever.” Participant 9
echoed these concerns, saying, “If | put my work into an Al generator, then it's gonna be
available to other people.” Participant 5 expanded on this by questioning the legality of GenAl’s

training data and how it was obtained, rhetorically asking, “Was all that content [the Al] was
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trained on... obtained legally... What are the ethics behind that? Does the end justify the
means?”

Guidelines for Responsible Use. Another key subtheme from ethics is the call for clear
policies and guidelines to support responsible use of GenAl at the institutional or educational
system level. The second research question addresses the responsible implementation of GenAl.
This likely would involve developing college-level guidelines regarding acceptable use within
the institution’s academic integrity policy or through a code of conduct for Al usage.

The participants expressed a need for guidance on GenAl use. Participant 4 aligned their
approach to GenAl technologies with college plagiarism policies but also implied existing
policies are being used flexibly to cover GenAl since they must interpret self-created vs Al-
created content. This implies that institutions are in the process of developing policies, and
educators see themselves as part of the discussion. Some educators, like Participant 4, created
classroom-level policies without formal top-down guidance. Participant 2 said, “That's on us as
educators” to implement Al fair use policies, and “I’m working on a statement to put in my
syllabus that says these are the things you can do with Al. These are the things that I ask you not
to do with Al...” Participant 8 contended the choice and rules of GenAl in the classroom should
be left to the instructor, saying, “If your opinion as a professor or teacher is that absolutely no Al
is used in my class, that's what your policy is. | have no problem with that.” Participant 6
updated policies for their courses, confirming, “We updated our Al usage policy for our
syllabus.”

A potential issue with classroom-level policy is that it can create doubt among faculty
who may be unsure if they are following best practices. It also can create confusion for students

when each class has different rules related to GenAl. Participant 4 asked, “Why aren’t we
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requiring instructors to go through some basic training [on Al] and having some guardrails... so
we’re all operating in the same context and expectations?” These questions mirror criticism from
Participant 5, who suggested the college is “concentrated on the business side of things, the
business of the college rather than the core mission of the academic side.” Participant 7 agreed,
stating, “We need to figure out those guidelines.” Some institutions, such as the University of
Pittsburgh, have developed institution-level guidance on the use of Al and GenAl tools,
suggesting similar institution-level guidance could provide the clarity sought by the participants
(Wells & Levine, 2023).

After discussing the ethical considerations, the next theme is Challenges. This theme
looks at the practical and systemic obstacles that participants identified in implementing GenAl,
which often intersect with ethical concerns.

Challenges

The theme of challenges is composed of the difficulties, barriers, and concerns that
hinder or complicate the adoption of GenAl from the participants' perspectives. While the prior
themes investigated why and how educators utilize GenAl or not, this theme focuses on what
makes that process difficult. These challenges include both practical obstacles and systemic
issues. This theme frequently emerged when the participants discussed their reasons for their
cautious approach or frustrations encountered in attempting to implement GenAl technologies.
Several participants also linked these challenges to concerns about maintaining student
engagement. They noted that the integration of GenAl has sometimes made it difficult for
educators to ensure that assessments remain meaningful and engaging for students. Although
student engagement did not emerge as a standalone theme, its relevance appeared within the

Challenges theme.
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Learning Curve and Rapid Evolution. GenAl is associated with a learning curve and
uncertainty due to the rapidly evolving nature of the technology. Some educators may find
GenAl tools complex or intimidating to learn. Participant 7°s describes preferring a low-
technology approach, saying “I tend to be low-tech when | teach... the people I work with have
been made to feel stupid in classes... if I go too high tech it’s intimidating to them.” For
educators not already comfortable with GenAl, adoption requires substantial learning. Even
information technology instructors who have a firm grasp on technology find the rate of change
notable, with Participant 10 recounting using GenAl for one of their first times, saying, “Then it
started writing code... and... everything changed... There was a little bit of fear in there because
this is really fucking good... but it’s a six-month-old product... the scale and rate that this is
changing is unbelievable.” As adult learners, educators will engage with this learning only if they
feel it is necessary and manageable. If the perceived learning curve difficulty is high, it can deter
adoption (Knowles, 1988).

Unclear Institutional Policies. Another challenge has been identified as the lack of clear
institutional policies and support. Several participants have taken it upon themselves to create
rules or navigate GenAl use. Participant 4 asks, “Why aren’t we requiring instructors to go
through some basic training [on Al] and having some guardrails... so we’re all operating in the
same context and expectations?” suggesting, “We need to figure out those guidelines.” The
sentiment is shared by Participant 5, who suggests the organizational focus is “concentrated on
the business side of things, the business of the college rather than the core mission of the
academic side...” The absence of established institutional guidelines likely burdens individual

educators and can lead to inconsistent approaches.
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This kind of ambiguity can make educators uneasy, causing worry if they are too lenient
or strict compared to others. Or uncertainty about whether their actions will be backed by
management. Without formal guidance, educators like Participant 3 and Participant 5, who have
taken innovative approaches, may be unsure if academic leadership approves of, for example,
using GenAl content without citation. Participant 4 believes, “Anytime somebody uses
something they didn’t create themselves; they have a duty to cite their source... that also applies
to the use of Al...” They state, “You need to cite [use of Al]. You need to make it clear that
you're doing it. And failure to do that fits the definition of plagiarism.” Other educators adopt a
pragmatic approach, such as Participant 10 believing, “It doesn’t matter... if the student uses
Al... if they’re... able to communicate to the tool effectively and get the correct output, [that’s
what matters].” Participant 10 elaborates further: “People think that when ChatGPT writes
something for you that you’re cheating... honestly, it’s a tool... to help us.”

Academic Integrity. The challenges of maintaining academic integrity have already
been discussed as a key ethical consideration, but from a practical standpoint, it is also a burden
on educators. Participant 4 and Participant 7 may feel the need to be extra vigilant, which adds to
their workload and stress. Participant 7 shares, “I had a gentleman that used Al probably to
complete his papers... and it was easy to flunk him.” Using Al detectors such as GPTZero is not
foolproof. Participant 4 acknowledges, “I cannot assure that GPTZero is 100% accurate in its
detection of Al use... We have to be... mindful of that.” Current research indicates Al detectors
have limited accuracy (Krishna et al., 2023; Sadasivan et al., 2024) and can be circumvented
(Perkins et al., 2024; Weber-Wulff et al., 2023). Relying on Al detectors could lead to false

accusations and undetected instances of academic dishonesty.
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Participant 4 is effectively in a game of cat and mouse: as GenAl gets better, detection
becomes more challenging. This technical challenge can be frustrating, leading some educators
to ban GenAl usage. While this could simplify integrity enforcement, it may also deprive
students of the beneficial uses of the tool. Prohibiting GenAl use also does not address the
problems associated with false positive detections. Participant 5 expressed skepticism in reliance
on such Al detection tools light-heartedly, saying, “...the first response was, well, we got to have
some Al detector attached to this. Well, good luck with that.” Balancing integrity with
innovation is a challenge. Still, it is made more difficult due to the rapid rate of change
surrounding GenAl tools and unclear institutional guidelines on its use.

Student Skill Development. Several participants identified challenges in ensuring
students are prepared for the workforce and develop their skills. Participant 3 worried that
students who do not learn to use Al will become unmarketable in the workforce, while those who
do may misuse it. This highlights uneven student readiness: some students may jump to use
GenAl without the maturity to do so responsibly, echoing concerns of Participant 4: “Students...
are basically using it as a replacement for their own thinking... effectively using it as a
plagiarism vehicle.” While others might avoid using GenAl and miss out on developing what
some educators see as essential skills.

The participants face the challenge of guiding a diverse study population; some may be
more tech-savvy than the instructors, and some far less. Participant 6 remarked, “All colleges are
going to have to inform K-12 this is going to be part of the college education... if you are
preparing students to come to college. It might also have to be part of K-12 education.” These
comments expressed concern about incoming students; if younger learners are not taught about

GenAll, it will become necessary for college instructors to address a steep learning curve for
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students or deal with problematic usage patterns. At the same time, if students are using GenAl
widely, as reported by Quay-de la Vallee and Dwyer (2023), educators face the challenge of
keeping assignments and learning experiences meaningful.

Participant 8 reflected on this challenge and the definition of worthwhile assessment,
asking themselves, “How are you going to apply this... am | here to teach them where the
comma goes... is that the core of my teaching, is that really what | want people to walk away
with?” Educators may need to design assignments that are resilient to GenAl, which can be more
labor-intensive to grade or plan, again increasing teacher workload. Participant 1 attempted to
solve this by suggesting, “[Teachers] need to find a way to integrate it in such a way that the
student still has to think critically... | have one solution with presentations... forcing them to
teach to learn.” Participant 3 agreed with this sentiment and strives shifting assessment to higher
levels of Bloom’s taxonomy: “I tend to use more of a type of assessment where you really do
have to do some thinking and analysis.” Participant 2’s experiences reflected this, stating:

Even Google kind of ruined that, you know, years ago... now ChatGPT takes that up a level and
starts making these deeper connections... | really do rethink every assessment I'm giving and
thinking, what am | grading here... I'm not sure if they knew that on their own. Does it matter?
And would | give a grade for something that doesn't matter? ... I'm grading those things less
[factual knowledge]. I might still be doing them for exposure. But ... I'm not grading them like I
used to.”

The challenge of redesigning curriculum and assessment to fit the GenAl era will require
thought and effort. Participant 5 succinctly said, “It changes how we teach. It changes how we
evaluate our students, what is a worthwhile assignment.” Doing so required creativity, trial and

error, and potentially more labor from educators to develop assignments that can integrate with
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Al or circumvent its problematic use. This is reflected in comments from Participant 8, who says,
“I think | do a lot more of personal feedback or personal experience... tailored to the students.”

Educators faced various challenges in adopting GenAl, including steep learning curves,
the rapid evolution of GenAl technologies, unclear institutional policies, concerns about
academic integrity, and the development of student skills. Without formal support frameworks,
participants relied on personal initiative and ad-hoc measures, leading some to thrive, others to
struggle, and still others to avoid the technology. Participants’ underlying attitudes shaped how
they encountered and overcame these obstacles, guiding both their motivation to engage with
GenAl and the strategies employed. An examination of educator attitudes towards GenAl
provided a critical lens for interpreting the varied adoption experiences of the participants.
Participant Attitudes Towards GenAl

Participants discussed their personal attitudes which ranged from enthusiasm and
optimism on one side to skepticism and concern on the other. Some participants expressed mixed
feelings or indifference. These attitudes appeared to influence how the participants experienced
GenAl in their teaching practice. While attitudes are not a theme, they were present across all
four themes of utility, change, ethics, and challenges. These attitudinal expressions provided
important context for understanding how participants made sense of GenAl and shaped their
willingness to engage with it. Participants’ attitudes influenced not only their willingness to
engage with GenAl but also their perception of the technology’s utility, their openness to change,
their sensitivity to ethical considerations, and the degree to which they experienced challenges
during adoption.

Several participants exhibited enthusiastic attitudes, seeing GenAl as an exciting

educational development. Participants 5, 8, 9, and 10, aligned with this group, used words like
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“exciting,” “invaluable,” and “blessing.” These participants described actively enjoying the
process of using GenAl tools and technologies. This enthusiasm often comes with a sense of
curiosity and openness to experiment. For instance, Participant 9’s active exploration and
demonstration of GenAl to others indicated a positive attitude toward and enthusiasm for
technology. They believed that GenAl tools can benefit their teaching and showed a personal
enjoyment in learning to use GenAl tools. Enthusiastic educators such as Participant 8 and 9
described themselves as early adopters, indicating that their interest motivated them to overcome
initial challenges.

On the opposite side, a few participants exhibited skeptical or cautious attitudes.
Participant 7 is a clear example who expressed comfort with low-technology teaching methods
and a distrust of high-technology solutions in their teaching practices. Participant 7°s attitude was
derived from concern for their students, worrying technology could intimidate them. They
described themselves as low-technology and implied they were not confident using GenAl would
not have utility or value for their learners. Participant 4 was cautious as well but also showed
guarded optimism. This participant acknowledged GenAl’s promise but did not feel comfortable
teaching with the technology yet; they expressed concern it could harm critical thinking and skill
development. Both Participant 4 and Participant 7 demonstrated resistance; they could use the
tool but adopted a defensive wait-and-see approach. This attitude can be tied to an educator’s
belief system and perception of the risks.

The variation in participant attitudes reflected stages observed in Rogers' (2003)
Diffusion of Innovations theory, with Participants like 5 and 9 behaving as early adopters, while
others like Participants 4 and 7 expressed more skepticism and caution typical of later-stage

adopters. Innovators and early adopters have more positive attitudes toward change, whereas
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those who adopt technology later often have reservations or require more evidence of benefit.
Participant 5, Participant 8, Participant 9, and Participant 10 appeared to be early adopters with
positive attitudes. In contrast, Participant 4 and Participant 7 could be categorized as later-stage
adopters, characterized by skepticism, requiring risk reduction and evidence of benefits before
changing their practices.

Some participants adopted a middle ground in attitudes, experiencing excitement and
worry. Participant 3 demonstrated this mixed attitude well, stating concurrently GenAl is
“amazing and scary.” This duality is common when disruptive technology arrives. It holds great
promise but also brings fear of both known and unknown drawbacks. Participant 3 was excited
enough to experiment with allowing learners to use GenAl for drafts of work but did so carefully
because of the “scary” implications surrounding change and ethics. Participant 1 also had a
nuanced view of GenAl technologies, finding it “incredible,” and even referred to themselves as
an “Al zombie,” showing a fascination and reliance on the tool. These comments reflect an
admiration for the tool and an awareness of how easy it is to over-rely on such tools, which led
Participant 1 to warn and guide students. Participant 1 voiced strong concerns about the negative
impacts on learning, stating, “This is going to make our students dumber,” implying that GenAl
will result in training “a bunch of damn lab rats... [Using GenAl] are not critical thinking skills.”

Participant 1’s and Participant 3’s attitudes appeared to be aligned with cautious
optimism and critical engagement. They neither rejected GenAl technology nor embraced it
without criticism. Instead, these participants approached GenAl open-mindedly with
consideration of both its benefits and potential downsides. This engagement reflects the interplay
between enthusiasm for technological utility, caution about ethical risks, and the challenge of

managing educational change.
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Examination of educators’ attitudes appeared to influence their engagement with self-
directed learning with GenAl. Those with positive attitudes, such as Participant 9, took the
initiative to learn and use GenAl independently without waiting for formal training. Meanwhile,
participants with negative or indifferent attitudes did not invest in learning to use GenAl tools
beyond essential awareness, potentially reinforcing their slower adoption. Building on these
findings, the study applied established theoretical frameworks to deepen the analysis.
Integration of Theoretical Frameworks with Study Findings

The key findings explored how and why educators adopt GenAl, revealing a spectrum
that ranged from cautious acceptance to enthusiastic integration. This examination provided
insights into adult learning principles and technology integration through the lens of andragogy
and the SAMR model.

The conceptual frameworks used in this study, andragogy and SAMR, helped identify
areas needing support. Andragogy reminds us that educators will learn new technologies if they
see the need, are motivated, and the learning process is attainable. Therefore, professional
development must show GenAl’s relevance or need to know, allow hands-on experience in the
educator’s professional context, and build intrinsic motivation. SAMR provides a method to
visualize levels of technology integration. Educators may start with substitution, having GenAl
complete tasks previously performed without it, and gradually move to redefinition, innovating
new tasks. A challenge is that many educators may become stuck at lower levels without
guidance. Peer collaboration and sharing of practices could help overcome this by illustrating
what modification or redefinition could look like in different academic disciplines.

These challenges hindered the educators' well-intentioned efforts. Addressing the

challenges required conscious efforts at multiple levels, including individual educators,
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departmental units, and the institution. Many participants developed personal strategies to
address these challenges, which included self-study, developing instructor-specific syllabus
rules, and focusing on critical thinking skills to mitigate academic dishonesty. However, a
recurring theme among the participants stressed that systemic solutions designed to benefit the
broader community of educators at the institutional level were needed.

Through examination of educators’ perspectives with an andragogical focus and the
SAMR model, the complex interplay between motivation, professional context, and levels of
technology integration is revealed. These insights open the way for a broader discussion of how
GenAl adoption influences educator perceptions and practices.

Summary

This chapter presented the findings from interviews with ten participants regarding the
influence of GenAl adoption on their perceptions and practices. Participants' descriptions were
provided to contextualize their background, subject matter expertise, and initial stance toward
GenAl. The thematic analysis identified four emergent themes: (a) Utility, (b) Change, (c)
Ethics, (d) Challenges. Participant attitudes was identified as an overarching finding
underpinning each of the emergent themes. The themes captured how the participants as
educators experienced and perceived GenAl in their professional practice and contexts.

The findings suggested a dynamic interplay: Educators saw utility in GenAl, which
brought about change, but the participants balanced those with ethical considerations while
facing challenges. The theoretical framework, andragogy, helped interpret why some educators
were eager adopters of GenAl and why some delayed or resisted adoption, some participants
embraced GenAl as self-directed learners identifying the tool’s relevance while others hesitated

due to uncertainty or lack of perceived value. The SAMR model provided additional context to
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the depth of integration observed; most participants’ usage fell within substitution or
augmentation of existing practices, while a few examples of modification and hints at
redefinition were observed.

These themes begin to answer the research questions of the study by revealing how
GenAl shaped educators’ perceptions and practices through opportunities and challenges
presented by the technology. These themes provide the foundation for the next chapter, which
will discuss the findings in relation to the research questions, findings beyond them, and broader
literature. The final chapter also will provide recommendations for future research to continue

evaluating the role of AIEd.
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Chapter V: Discussion, Conclusion, and Recommendations

This chapter examines the study’s findings in the context of the research questions,
theoretical framework, and relevant literature. This chapter is organized into several key
sections. First, a discussion addresses each of the three research questions, interpreting how the
findings respond to these questions and how they align or diverge from prior research. The
discussion considers the emergent themes of utility, change, ethics, and challenges, which are
closely related to the first two research questions, as well as the topic of student engagement,
which is central to the third research question. These findings are interpreted through the lenses
of andragogy and the SAMR model. Participant attitudes toward GenAl adoption emerged as a
crucial contextual factor influencing educators’ experiences. As described in the prior chapter,
educators’ attitudes ranged from enthusiasm to skepticism and shaped the participants’
perceptions of GenAl’s utility, ethical risks, and influence on student engagement. Recognizing
the role of attitude provides additional nuance to the study’s findings and reinforces the idea that
GenAl adoption is filtered through individual educator perspectives as they navigate utility,
change, ethics, and challenges. The next section presents the conclusions of the study and its
implications. The chapter then presents recommendations for research and concludes with a final
summary.
Discussion

This section discusses the research findings through careful analysis in relation to the
research questions presented in Chapter One. Where relevant, the findings discussed in Chapter
Four are analyzed alongside the literature reviewed in Chapter Two. The discussion contributes
to the existing knowledge base by confirming, extending, or challenging perceptions regarding

AIEd and GenAl technologies. Specifically, it provides insights into educators’ views on
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GenAl’s utility in assessment strategies, ethical considerations, and perceived influences on
student engagement. Attitudes held by the participants underpinned the identified themes of
utility, change, ethics, and challenges, shaping educators’ willingness to engage with and
integrate GenAl technologies. Throughout this discussion, the theoretical lenses of andragogy
and the SAMR framework continue to guide this analysis.

Research Question 1

Research questions 1 asked, “How do educators perceive the utility of GenAl adoption on
their assessment strategies?”” The first research question explores educators’ perceptions of
GenAl’s utility in assessment strategies. This question is answered by the utility theme and its
two subthemes: efficiency and productivity gains and instructional enhancement. The study’s
findings indicate educators perceive GenAl as having significant utility in enhancing and, in
some cases, transforming their assessment strategies, although with careful consideration. The
theme of utility in Chapter Four captured many of these perceptions. The participants identified
multiple ways in which GenAl adds value: (a) by generating assessments, (b) by providing
feedback or guidance that helps students complete assessments more efficiently, and (c) by
enabling new forms of assessment that were previously impractical.

One clear perception among educators is that GenAl enables the creation of streamlined
assessment content. The participants' accounts suggest that for many, GenAl satisfies the
promise often cited in the literature: GenAl improves educators’ productivity, allowing them to
complete routine tasks more quickly (Holmes et al., 2019). Prior research notes that a key goal of
GenAl in educational settings is often to enhance efficiency and improve productivity, which
frees up the instructor’s time for more meaningful, high-impact activities (Bryant et al., 2020;

Holmes et al., 2019). The participants' experiences and perceptions align with the research as
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they reported offloading certain tasks to GenAl, such as creating letters of recommendation,
refining written content, and allocating additional time toward instruction. Participant 2 provided
examples of using GenAl to create study guides and considered utilizing the technology to
develop testing materials, stating, “I think it would be very proficient at taking facts and
generating some pretty on-point assessment questions.” They found GenAl helpful for expanding
the variety of assessment items and differentiating materials to suit learner needs.

Such examples typically fall within the SAMR model's augmentation level. The task of
writing quiz questions is fundamentally the same, but GenAl offers functional improvements by
generating multiple questions of varying difficulties or personalized contexts quickly. The
literature supports this, Mollick and Mollick (2023a) found that GenAl can facilitate real-time
assessments by generating immediate questions and feedback loops, allowing instructors to focus
on higher-order evaluation tasks. Participant 2’s experience aligns with this; they saw GenAl
handle some of the labor-intensive work of assessment creation, allowing them to focus on
alignment and analysis of the assessment.

Knowles (1988) theorized that adult learners must know why they must learn something
before engaging to learn it. It was argued that adults do not passively learn content just because it
has been presented; individuals must understand its relevance and how it connects through real-
world applications. Merriam and Bierema (2013) expanded upon this principle by emphasizing
context and intentionality. In professional contexts, educators are more likely to explore and
adopt GenAl tools if they clearly benefit their teaching or simplify tasks. Without a perceived
need, GenAl may be ignored.

A second perception is that educators view GenAl as a valuable tool for providing

feedback and support during the assessment process, which indirectly influences educators’



129

assessment strategies. Participant 3 expressed shock and awe in observing the students in their
course who opted to use GenAl obtain feedback and support with early drafts of their
coursework, “I gave them the option... If you want to use Al to help you draft your pieces... that
is fine, but I would like you to let me know that you did use it and let me know how you
prompted the tool to get the information...” recalling “Woabh, this is amazing and scary, and it is
going to change education as we know it.” Their students completed work at approximately six
times the speed of students who opted not to use GenAl. Participant 3 reflected: At the end of the
semester... the students who used it went from 24 to 26 [hours] to 3 to 4 [hours]... | quickly
realized... if we choose not to teach our students how to use it... they are not going to be
marketable. The efficiency gains of learners who utilized GenAl likely informed Participant 3’s
“need to know” how to adapt their teaching to prepare students for a future where Al is
prevalent.

In this example, GenAl acts as an available tutor or aide to assist students, clarify
requirements, and suggest improvements to their work. The gains in efficiency may lead
educators to change how assignments are structured. Educators increasingly acknowledge that
GenAl can accomplish lower-order tasks such as grammar correction, assistance with sentence
structure, or answering common questions. Due to GenAl’s capabilities, educators may design
more rigorous assignments that emphasize application and analysis, progressing toward higher
levels of Bloom’s taxonomy. In these assignments, learners are expected to utilize GenAl for
initial drafts, while focusing their own efforts on deeper cognitive processes. GenAl, used in this
way, approaches the modification stage of SAMR; assessments are redesigned to incorporate
GenAl usage, requiring students to submit their prompts and the output produced by the GenAl

model alongside their own analysis of the feedback. Participant 3, in their example, introduced
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the new requirement of including prompt disclosure, demonstrating a perceived utility in making
assessment a process that provides for Al as a learning tool. Xia et al. (2024) noted GenAl has
begun to transform assessment in education by enabling formative feedback and rapid iterations
nearly instantly. The participants align with this trend, leveraging GenAl to allow more drafts or
to insist on reflecting on GenAl usage, which can deepen learning.

However, educators’ perceptions of GenAl’s utility in assessment are nuanced by
concerns. Many participants balanced the sense of usefulness with caution about preserving
academic rigor and integrity. Participant 5 used ChatGPT to generate assignments but
emphasized, “That to me means we have to change on the instructional side.” This indicates that
teaching must adapt to ensure learners can still think. There is a decreased emphasis on rote
memorization, and educators must reach for higher levels and more critical thinking. The
comments made by Participant 5 show that while they see Al as beneficial, there is an awareness
that assessments can be undermined if GenAl generates the answers to assessments.

Educators perceive GenAl’s utility in assessment as something to take advantage of;
however, GenAl is also not viewed as a replacement for careful assessment design. It is instead
seen as a tool that can improve the efficiency and quality of assessments if used responsibly;
however, if improperly used, it can undermine the learning process. The duality of this
perception is well established in literature. Cotton et al. (2023) acknowledges that GenAl
challenges traditional assessment methods, Zhao and Watterston (2021) stresses that
conventional education models are insufficient and calls for reevaluating what is measured when
GenAl can generate answers. Many researchers call for authentic assessments in response,
including project-based work, oral defenses, and personalized tasks that leverage Al for support

but require human understanding. Mollick and Mollick (2023a), Trust et al. (2023), and
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Tapalova and Zhiyenbayeva (2022) emphasize Al-based simulations and personalized learning
as potential solutions. The participants of the study spoke to these concepts. Participant 3
emphasized critical thinking and requiring personal input, while Participant 4 insisted on
citations and individual accountability. The participants see GenAl’s utility not in making
assessments easier but in making assessments smarter, automating what can be automated, and
elevating human effort to more complex skills.

When viewed from the lens of andragogy, the participants showed “the need to know”
and “problem orientation” principles, which influenced how they used GenAl in assessments,
perceiving a strong need to understand GenAl’s implications for assessment once they realized it
could complete assignments. Participant 5’s experiment of providing assignment instructions to
ChatGPT is a form of self-education to discover the capabilities of a new tool, leading to the
conclusion that “we have to change on the instructional side.” This conclusion was driven by
recognizing the need to know during a disruptive time in education. The result compelled the
participants to adjust their strategies as described by andragogy when a learning need emerged.

The participants approached GenAl in a problem-centered way: the problem is how to
maintain effective assessment in the age of GenAl. The perceived utility of GenAl was framed in
solving a problem. This pragmatic mindset aligns with the characteristics of adult learners who
seek immediate application of what they learn. The utility of GenAl in assessment, as perceived
by educators, is linked with pragmatic improvements offered in solving assessment-related
challenges. Many examples given by the participants fall within the augmentation or
modification phase of the SAMR model, enhancing or redesigning assessments rather than
altogether redefining them. The participants have not reached the redefinition phase; the lack of

examples could illustrate that while the utility is recognized, the application of the technology is
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still cautious and evolving. This is expected given that GenAl is still contemporary and gaining
recognition following the release of ChatGPT in November 2022. Over time, as educator
comfort grows, more transformative uses of the technology may become common; however, at
this time, utility is perceived in terms of improving or modifying current assessment practices,
not replacing or transforming them.

Research Question 2

Research question 2 asked, “What ethical considerations surround GenAl use in
education, and how can these concerns be addressed to ensure responsible implementation?”
This question is addressed through the theme of ethics, with related insights drawn from the
theme of challenges. The findings reveal that ethical considerations are at the forefront of the
participants’ minds regarding GenAl use in education. The primary ethical issues identified by
the participants include (a) academic integrity, (b) plagiarism and cheating, (c) authenticity of
student work, (d) data privacy, and (e) bias and equity. Each of these concerns raises challenges
that must be addressed so that GenAl can be implemented responsibly in educational
environments. The participants articulated these concerns and suggested or enacted strategies to
mitigate these concerns, providing insights into how responsible implementation can be achieved
in practice.

The primary ethical concern raised was academic integrity. The participants are
concerned that students may utilize GenAl to produce work that will, in turn, be represented as
the learner’s own self-work, which ultimately bypasses the learning process and is referred to as
cheating by some participants. These concerns are aligned with the surge of commentary and
research following the release of ChatGPT. This highlights the fears of the educational

community, Weissman (2023) called ChatGPT “a plague upon education,” while Rudolph et al.
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(2023) referred to ChatGPT as a “bullshit spewer,” igniting concerns of the end of traditional
assessment. The participants’ responses mirror these anxieties, with some participants discussing
using Al detection tools, changing course policies, adding syllabus statements, and requiring
transparency as methods to uphold academic integrity. Participant 3 and Participant 4’s
approaches provide clear expectations and rules for GenAl use in their courses. For example,
these participants require learners to cite Al-generated content or include a statement disclosing
if GenAl was used in an assignment to maintain honesty and transparency. If students know
GenAl must be declared, it is more likely to be used to support learning instead of completing
work. The method used by the participants treats GenAl use similarly to any source, requiring
citations for books, websites, or GenAl. This method is recommended by academic integrity
experts rather than attempting to ban the technology outright. Perkins et al. (2024) contended
such bans may prove to be unfeasible to enforce, suggesting students will ultimately find ways to
defeat tools designed to detect the presence of GenAl content, which is supported by Malinka et
al. (2023), Rudolph et al. (2023), Uzun (2023) who identified limitations in Al detection.
Additionally, Sadasivan et al. (2024) noted that the accuracy of Al detector tools falls further
when deliberate measures are employed to evade detection. Instead Perkins et al. (2024)
advocated for creating guidelines for acceptable GenAl use requiring attribution to address this
concern, deeming it more effective than relying on Al detectors.

Another strategy discussed by the participants involved redesigning assignments to
reduce cheating opportunities. Several participants shifted their pedagogical approach to include
assessments that were less likely to be completed by GenAl. Participant 1 advocated for oral
presentations, personalized projects, and teach-to-learn. Participant 5’s recommendation to

“teach to the tool” suggests they are considering how to design assignments where using GenAl
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tools still requires skill; this could be implemented by allowing GenAl but also requiring a
reflection of how the learner verified or edited the machine-generated output. In this suggestion,
even if GenAl is used to generate part of a written assessment, the student’s learning is evaluated
through reflection and critical engagement, preserving academic honesty. This aligns with the
suggestions found in the literature for Al-inclusive assessment design, where assignments are
structured so that using GenAl is part of the learning outcomes or where GenAl content alone
would not suffice to earn a high grade (Mollick & Mollick, 2023a; Tapalova & Zhiyenbayeva,
2022; Trust et al., 2023). Tang and Chaw (2024) presented a thematic map in Figure 4 of how
chatbots can be misused in assessment, suggesting educators must innovate assessment formats
to counter the potential for misuse. Therefore, responsible implementation of GenAl
technologies involves proactive pedagogical changes such as asking for new competencies such
as prompt engineering or critical analysis of GenAl output.

The participants also raised concerns about data privacy and biases as additional ethical
considerations. Participant 3’s mention of data privacy, “You cannot use any [confidential data]
... you cannot put it in Al, because once it is out there, it is out there forever,” highlights
concerns that when students or faculty use cloud-based GenAl services, the input might be stored
or used to train the GenAl model further. This presents privacy risks if sensitive information is
entered. Faculty must also remain compliant with FERPA, adding a layer to privacy risks by
ensuring student information is not disclosed (USDE, n.d.). Responsible implementation
involves educating students and educators about these risks and never entering personally
identifiable information or confidential text into these tools. Participant 3 also emphasized that
GenAl can produce biased content that perpetuates stereotypes or lacks cultural sensitivity, “we

would say, show us a picture of a nurse, and it would be a white woman... a company executive,
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a white man... a criminal, a Black man.” Participant 3 also states, “I think a lot of that has been
improved...” The literature reflects the need to be wary of bias in GenAl output, which impacts
the LGBTQ+ community, neurodivergent populations, and others through gender and
representation bias (Brandsen et al., 2024; Lucy & Bamman, 2021; McAra-Hunter, 2024).
Educators must know these risks to ensure GenAl does not inadvertently introduce biases into
course materials. Responsible use involves critically evaluating GenAl outputs and teaching
students to do the same rather than unquestioningly accepting GenAl content as truth.

Equity was another key area touched upon by the participants. Participant 3 discussed
GenAl could be a “field leveler” to improve the clarity of writing for students where English is
not their first language, stating: They can pick their own [Al tool]... I almost feel like Al could
be more of a field leveler... If English is not your first language... your writing may not be as
clear... so | feel like it kind of can level the playing field. Participant 4 also acknowledges the
potential benefits of GenAl as a “field leveler,” saying, “Some students... genuinely need help
with grammar skills... those... are... understandable uses of any tool that can help them do
better with grammar and writing.”

However, Participant 3 also pointed out that lack of computer access could present a
significant problem: “I do know if you happen to not have access to a computer, that is going to
be a big problem... that is a problem.” Participant 5 also touches on issues related to the digital
divide, recalling the difficulty encountered during GenAl training, where the trainer could not
demonstrate GenAl tools due to a poor and unstable internet connection. The literature supports
the equity considerations raised by the participants. Student access to technology in learning
environments remains inequitable across socioeconomic and geographic divisions (Reimers et

al., 2020). Disparities in digital access perpetuate the digital divide, leading to educational
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inequalities (Cullen, 2001). The cost of obtaining access to the latest Al and GenAl models can
create disparities between individuals and institutions that can budget for such technologies and
those that cannot (Perkins et al., 2024). While the participants did not directly address strategies
to address issues related to equity, access to technology, and the digital divide, institutional
policies such as subsidized technology access and hardware loan programs may mitigate these
concerns.

From an andragogical perspective, addressing ethical considerations is a learning process
for educators. The participants participated in self-directed learning to develop ethical stances
through (a) reading, (b) talking to colleagues, and (c) experimentation. For responsible
implementation at scale, institutions should support this learning by hosting workshops on Al
ethics, sharing case studies, and holding forums to collectively discuss educators' successes and
challenges to refine best practices. The participants' approach is commendable, but for
systematic, responsible use, it becomes necessary to adopt a communal approach. The
willingness of Participant 8 to engage with colleagues about differing opinions is an example of
this. Participant 8 noted, “There is definitely stigma out there, and people have conflicting ideas
of what is appropriate, what is not appropriate... Some people think it is awful... you are a
I i<2cher. How can you possibly want to use the Al tools?” These conversations
should be scaled to open dialog on utilizing GenAl while mitigating risk ethically.

Research Question 3

Research question 3 asked, “To what extent do educators believe GenAl adoption
influences student engagement?” This question explores the topic of student engagement, which
was not an explicit emergent theme but arose as a key consideration in participants’ experiences

with GenAl integration. The findings to this question were varied and subtle compared to the
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clear themes of utility and ethics. Participants had mixed observations; some saw the potential
for increased engagement through GenAl’s unique capabilities, while others did not perceive a
noticeable change or were concerned about the potential for disengagement resulting from an
over-reliance on GenAl. Overall, the extent of GenAl’s influence often depended on the
participants’ individual context and how they used the technology.

Several participants suggested GenAl could enhance student engagement by making
learning more immediate, personalized, and interactive. Participant 9 viewed GenAl as a tool to
foster improved teaching, stating GenAl helps them “move faster with things, | can innovate
faster, | can teach others better,” which could implicitly engage students better. A teacher who
innovates with GenAl might create more interesting learning activities. Participant 6 provides an
example of this, stating: | was thinking back to like assignments I did in college, which was over
25 years ago so | came up with ideas based on [old assignments] ... and then | had Al help me
improve them to be more contemporary... it’s made me feel better about how I’m choosing to
assess my students... doing things that are more relatable.

This can engage students by aligning the curriculum with modern references and topics
more likely to interest learners. This example connects with andragogy and Knowles (1988)
assumption that adult learners are most engaged when learning experiences are relevant and
closely tied to their life experiences and interests. By aligning the curriculum with contemporary
and relatable subjects, Participant 8 can cater to their students' intrinsic motivation and readiness
to learn.

The ability of GenAl to personalize learning could foster student engagement.
Personalized learning can occur by utilizing GenAl to answer individual questions or adapting

responses to a student’s input. By enabling GenAl use, a few participants are indirectly providing
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students with methods to tailor their educational experience. Participant 3’s policy of allowing
GenAl assistance in developing writing drafts with disclosure promotes a new way of engaging
with the material. By interacting with GenAl and then engaging in a metacognitive reflection
about that interaction, there is potential to deepen overall engagement, especially for students
who enjoy using new tools. The literature suggests that personalized learning through GenAl can
increase student interest and motivation. In a study by Bulawan et al. (2023) noted technology
integration can motivate learners; in a later study Bulawan et al. (2024) found evidence
indicating Al-driven personalized feedback loops were effective in keeping students more
engaged in learning tasks. Participant 10 argued that the focus should be on obtaining the correct
output using any tool, “It doesn’t matter... if the student uses Al and they don’t understand what
I s, but they click the button, and it gets the right output... If they’re... able to
communicate to the tool effectively... [that’s what matters]”. This implicitly implies an openness
to students using GenAll to learn at their own pace; such approaches could engage students who
might otherwise be left behind. A student too shy to ask questions in class may engage with a
GenAl tutor to clarify doubts, allowing them to remain engaged with the course.

Other educators believed GenAl may not result in increased engagement or even
predicted negative effects if not approached correctly. Participant 2’s perspective is that a
difference in engagement was not observed. They said, “I don’t see a difference [in engagement]
...” However, they acknowledge, “I’m not really looking for it.” Participant 2 has noted a degree
of excitement among her students when learning the novelty of a new tool. Still, this excitement
is not perceived to extend to engagement in the course, saying, “When | show them a new tool...
they get excited about the use of new tools, but | don’t see [students]... more engaged or not in

my class.”
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Participant 7, who prefers to teach using hands-on and discussion-based approaches,
believes that GenAl does not add value to engagement within their context. Instead, she noted, “I
tend to be low-tech when I teach; I find it more interactive. | do a lot of chalk talk... it’s a lot of
group discussion... so low-tech. I have found that that’s much more interactive.” Instead, they
fear high technology approaches could alienate or intimidate their learners, reducing overall
engagement, clarifying, “The people that | work with are great hands-on people, but they’ve
been made to feel stupid in classes. My job is to make them feel comfortable... if I go too high-
tech, it’s intimidating to them.”

This is a crucial counterargument; engagement is not only about excitement but about
inclusivity and comfort. If a tool makes students uncomfortable or is misaligned with their
learning preferences, it could cause a drop in engagement. Participant 7 works with adult learners
who already work in industry, and these learners have varied technical proficiency; introducing
GenAl could cause anxiety or worry for some and disengage some from the course material. This
highlights the influence of GenAl on engagement, which is likely context-dependent. From an
andragogical lens, Participant 7’°s established pedagogical approach, where they believe a low-
technology approach best fits their learner population, suggests they do not perceive a pressing
need for GenAl in their teaching practices, which reduces their overall “need to know.”

Another potential negative impact on engagement that educators are concerned about is
the ability of GenAl to quickly answer almost any type of question, which could result in surface
learning disengaging students from deeper thinking. Participant 1’s comments reflect these
concerns, “This is going to make our students dumber... that scares the hell out of me...” They
also state, “We’ve trained a bunch of damn lab rats.” Participant 1 is implying if students allow

GenAl to perform all the work, they may disengage from actual learning. There is a risk that
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students may shortcut intellectual effort, leading to passive learning. Educators arguing for
responsible use promote analysis or justification if GenAl is used; however, lack of engagement
is still a concern. It is unknown if students will engage deeply with content if GenAl can provide
quick answers. Participant 3 and Participant 5 believe it is possible to steer engagement toward
higher-order skills and critical thinking by integration of GenAl, which may include focusing on
prompt quality and interpretation of GenAl output, but this remains an area of experimentation
with further research needed. Early research by Yang et al. (2024), available as a preprint, found
that students who actively modified Al-generated text during writing tasks demonstrated higher
levels of engagement in higher-order cognitive processes. This suggests that using GenAl for
idea generation and critically engaging with the content can enhance deep learning. However, the
authors also found that students who passively accept Al-generated text without modification
tended to show lower engagement, decreasing the quality of students’ written work. Based on the
findings, the authors argue that students’ GenAl-assisted writing behaviors can influence the
quality of their written work. The final product reflects their writing abilities and how GenAl is
used. Therefore, educators are recommended to focus on the written product in GenAl-assisted
writing and students’ engagement with GenAl. The findings reinforce the importance of
encouraging learners to engage critically with GenAl tools like the strategies used by Participant
3 and Participant 5.

Several participants did not explicitly comment on engagement, which may be due to
limited evidence of changes in engagement. Some participants only began incorporating GenAl
into their curriculum as early as the current semester, or they hadn’t focused on that aspect yet.
This reveals that the impact on engagement is not immediately evident or may be overshadowed

by more urgent concerns such as cheating. Some beliefs can be inferred from a combination of
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actions and concerns from the participants. Participants 1, 2, 3, 5, 6, 8, 9, and 10 who actively
integrated GenAl likely believed it would maintain or improve engagement; otherwise, they
wouldn’t risk introducing it. Participant 8 integrated GenAl into brainstorming activities and
likely saw students more engaged due to new interactive methods available to learners.
Participant 8’s positive attitude throughout the interview suggests they perceived anecdotal
evidence of student interest or improved participation.

Considering the theoretical context, the SAMR model implies technology’s impact on
learning and engagement grows as technology integration moves to the transformation stages
from the enhancement stages. If GenAl is used only for substitution or augmentation, student
engagement may not be drastically influenced; students may see GenAl as a method to
accomplish what they could already do, like spellcheck suggestions. At the modification or
redefinition levels, tasks become more novel and creative, which may increase engagement
because students are doing something new and potentially more authentic. The participants
hinted at moving towards modification in offering new assignment structures. Still, the
redefinition level was not reached, implying the participants may not have reached the full
potential of GenAl at the time of the interviews.

From an andragogical perspective, educators as adult learners need to see evidence of
student engagement to be convinced to use GenAl, aligning with the “need to know” principle. If
a teacher incorporates GenAl and sees students participate more, educators will be more inclined
to continue using GenAl technologies. If no change is seen or adverse effects are witnessed,
educators will likely disregard the technology. The participants did not explicitly state that
students are more engaged when they use GenAl, suggesting that the choice to adopt GenAl has

been driven more by utility and ethics up to this point and that more time is needed to evaluate
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the impact on engagement. The findings suggest GenAl has the potential to increase
engagement, but realizing that potential requires thoughtful integration and monitoring, aligning
with the conclusions reached by Yang et al. (2024).
Conclusions

This study set out to explore the influence of Al adoption on educator perceptions,
focusing on GenAl tools in the context of teaching and assessment. To these ends, this research
has presented a novel analysis of participants’ lived experiences adapting their curriculum due to
the influence of GenAl. Through qualitative interviews and thematic analysis, several
conclusions can be drawn.

Educators recognize both the opportunities and challenges of GenAl adoption, leading to
a balanced but cautiously optimistic outlook. The participants generally saw the duality of
GenAl. It offers tangible benefits, which may include increased efficiency in planning and
grading, richer instructional resources, and new ways to engage students. However, serious
concerns were raised about academic integrity, equitable use, and the necessity to shift
pedagogy. This has resulted in a guarded adoption at the participant’s institution, where GenAl
has been adopted by some educators but with clear caveats and controls. This suggests absolute
narratives such as “Al will revolutionize education effortlessly” or “Al is a threat to education”
are oversimplified. Instead, educators are navigating the adoption in a manner that seeks to
exploit GenAl’s benefits while mitigating its risks actively.

Educators' core values of promoting critical thinking, maintaining academic honesty, and
ensuring student learning remain crucial in guiding how GenAl is integrated. One important
conclusion is that GenAl adoption is being shaped to fit educational values rather than having

those values shaped to fit GenAl. To prevent GenAl from circumventing learning, educators
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imposed new requirements such as reflections, critical analysis, and citations to maintain rigor,
indicating they are not abandoning their pedagogical principles. As technology evolves, the role
of the teacher as a facilitator of quality learning experiences and the importance of human
connection remains crucial.

The theoretical frameworks of andragogy and SAMR proved helpful in understanding the
variation in educator responses to GenAl. Educators who found clear, relevant benefits in GenAl
were more motivated to learn and use it, reflecting the principles of adult learning. Those who
did not see a “need to know” or found it misaligned with their experience were slower or more
resistant to adopting the technology. The extent of GenAl integration varied among the
participants; many uses were at the substitution or augmentation levels, with fewer examples of
transformation tasks. This suggests the impact of GenAl on teaching practice currently is
evolutionary, not revolutionary; it is improving existing processes more than it creates
fundamentally new ones. In time, as tasks are shifted to higher levels of SAMR, more
pronounced influences may be observed.

Effective adoption of GenAl in education will require support structures. A pattern in the
findings was that participants mainly navigated GenAl adoption independently or in small
departmental cohorts. Formal institutional policies, guidelines, and professional development
were not prominently mentioned, with several participants expressing a desire for more guidance
at the institutional level. This leads to the conclusion that institutions should offer proactive
measures such as updating academic integrity policies to include Al and GenAl, providing
training sessions on Al tools within the classroom context and their pedagogical use, and
establishing forums for educators to exchange best practices. Without these institutional

supports, adoption will be varied across educators, and anxiety will remain high. The participants
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in this study have shown a remarkable ability to adapt. Still, to improve efficiency at scale, a
broader institutional strategy will be beneficial to clarify stances on GenAl in learning to offer
consistency and fairness across multiple contexts.

The integration of GenAl in education is an enduring development rather than a passing
trend; educators are preparing for a long-term adjustment. The participants spoke to the
inevitability of change and preparing students for a future where GenAl is common, implying
they see GenAl as a permanent part of the educational landscape, not a passing fad. Therefore,
the steps taken by the participants, such as altering assignments to incorporate and teach GenAl
usage, are setting the stage for a new norm in education. The participants’ experiences and
perspectives suggest we are witnessing the early stages of a significant pedagogical shift. The
experiences shared by the participants align with the disruption noted by Bahrini et al. (2023),
Cotton et al. (2023), Dehouche (2021), Ford (2009, 2016, 2021), and Zhao and Watterston
(2021). The insights from the participant’s lived experiences provide a snapshot of this transition
period characterized concurrently by messiness, creativity, concern, and hope. Educators are
collectively navigating “a new normal” with respect to GenAl.

GenAl adoption is influencing educator perceptions in multifaceted ways. It has
introduced new efficiencies and possibilities that excite teachers while simultaneously bringing
to the surface fundamental questions about how to uphold the integrity and quality of education.
Educators are neither blindly accepting GenAl nor rejecting the technology; instead, they adopt a
balanced approach in which the technology is thoughtfully integrated in alignment with
pedagogical goals. This suggests education can evolve to incorporate advanced technologies
without losing its mission to foster learning and critical thinking. The findings of this study

highlight the importance of supporting educators through this evolution, as their perceptions and
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decisions will ultimately determine the degree of success to which GenAl is integrated into
classrooms and curricula.
Recommendations for Research and Future Action

GenAl in education is a recent phenomenon, and this exploratory study has begun to
explore its multifaceted impact on educators’ perceptions and practices. Several
recommendations for future research are proposed to build on this research and address its
limitations.

Future longitudinal studies on Al integration and pedagogical change over multiple
semesters or years as GenAl is integrated into teaching are recommended. This proposal would
help capture how educator perceptions and strategies evolve with experience and as GenAl tools
advance. Some participants in this study had only begun integrating GenAl tools into their
courses this semester. A longitudinal study could document an instructor’s shift from initial trial-
and-error with GenAl tools to more refined, possibly transformative uses in the classroom. The
data collected from a longitudinal study would reveal whether early concerns, such as academic
integrity issues, diminish as solutions are found or whether new challenges arise. Such a study
would also track if student engagement and learning outcomes improve, decline, or fluctuate
over time with sustained GenAl use. A longitudinal study can provide evidence of long-term
trends and inform whether the cautious optimism observed in this study grows into confidence or
shifts in unexpected ways.

This study focused on educator perceptions; however, the student experience is also
valuable. Research is needed on how students engage with GenAl, their perspectives, and its
influence on learning outcomes. It is important to investigate whether students feel more engaged

when permitted to use GenAl in assignments, or whether it leads to disengagement and
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overreliance on the tool. The influence of GenAl on learning outcomes and competency mastery
warrants further examination. A potential approach could be a mixed-methods study to collect
guantitative data on performance, allowing the comparison of classes with and without GenAl
and qualitative data from student interviews about their experiences. Interviewing learners also
presents an opportunity to evaluate students’ ethical reasoning, which could help educators
identify if gaps exist and where. Future research should examine the student experience to
validate whether the responsible implementation strategies of educators are effectively fostering
learning or if adjustments are needed.

What is GenAl's impact on educator identity and professional role? A future study
exploring how the integration of GenAl influences teachers’ professional identity, job
satisfaction, and workload is recommended. This study touched on anxiety and empowerment;
however, a deeper psychological or sociological study could investigate this further to determine
whether educators felt threatened or liberated by GenAl automating some tasks. Understanding
this influence is crucial for workforce development during teacher shortages. If GenAl correlates
with teacher burnout due to the need to monitor for academic integrity constantly, that is a
challenge to address; if GenAl instead correlates to increased creativity and job satisfaction
because teachers can focus on meaningful work, that is an outcome to promote. This research
could inform how GenAl tools are designed for education as well, adopting a teacher-centric
approach aiming to make educators’ jobs more fulfilling and effective. The feedback from
educators could be used by educational technology developers and policymakers.

These exploratory recommendations clearly show that the educational community is only
beginning to understand GenAl’s full implications. As GenAl continues to advance and embed

itself in educational contexts, robust research providing longitudinal, student-centered, and
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policy-oriented studies will be vital. Moving beyond early impressions and ad-hoc solutions to
an evidence-based and nuanced understanding of how GenAl can best serve teaching and
learning. Future studies should also aim to include a broader range of institutions and educator
demographics to improve the generalizability of the findings. Such research will inform theory,
guide policy, and refine practice in the coming years, ultimately helping educators harness
GenAl in ways that uphold educational values and maximize benefits for learners.

While future research is crucial further to explore GenAl’s emerging use and role in
education, the findings of this study indicate a clear opportunity for the practical application of
the following recommendations. Educator attitudes drive measured and thoughtful
implementation, enhancing effective adoption of GenAl into educational practices. Encouraging
balanced and reflective educator attitudes towards GenAl is recommended.

Based on the insights gathered from the participants, it is advised that educational
institutions adopt an interdisciplinary committee tasked with developing clear guidelines and
ethical standards for integrating GenAl into teaching practices. This recommendation aims to
address the challenges and concerns articulated by the study participants and lower anxiety about
the ethical implications and academic integrity concerns. This practical recommendation allows
institutional dialogue and policy development, allowing educational institutions to establish clear
expectations, helping faculty confidently and responsibly integrate GenAl, and improving
learning experiences. Additionally, educational institutions should provide professional
development programs to encourage self-directed exploration among educators, recognizing that
motivated attitudes towards GenAl significantly influence ongoing learning and adaptation,

mitigating the risk of knowledge gaps as these technologies evolve (Knowles, 1988).
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Final Summary

This dissertation explored “The Influence of Artificial Intelligence Adoption on Educator
Perceptions,” focusing on how college educators at a Wisconsin Technical College perceive and
respond to the introduction of GenAl tools in their teaching practice. Through qualitative
interviews with ten instructors and a thematic analysis framed around the theoretical concepts of
andragogy and the SAMR model, the study provided rich insights into the opportunities and
challenges presented by GenAl in education.

The study presented a balanced narrative: educators are neither technophobic nor
uncritical zealots regarding GenAl. Instead, they are thoughtfully navigating the introduction of
GenAl in line with enduring educational values, seeking to enhance teaching and learning while
upholding academic integrity and equity. They view GenAl as a powerful tool that, if used
deliberately and ethically, can augment their effectiveness and better prepare students for a future
where GenAl is ubiquitous. At the same time, they are mindful of pitfalls ranging from
plagiarism to the erosion of fundamental skill development. They are actively adapting their
roles and methods to mitigate these risks. The andragogical readiness of educators to learn and
adapt, as well as the combined incremental progress along the SAMR Model, suggests that the
integration of AIEd will be an evolutionary process characterized by continual adjustment and
learning.

This study has provided an in-depth examination revealing educators are adaptive,
principled, and innovative in the face of technological disruption. The participants demonstrated
that the essence of effective teaching, the facilitation of learning, mentorship, and integrity, can
survive and thrive in the age of GenAl. Educators are shifting their pedagogy to “teach to the

tool,” according to Participant 5. Educators ensure that human connection, intellect, and
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creativity remain at the center of education even as routine tasks become automated. This
dissertation contributes to the early literature on GenAl in education by documenting these
firsthand accounts, experiences, and strategies of educators. This study set out to contribute to
the literature after identifying a gap in qualitative research compared to quantitative research.
The results of this qualitative study often aligned with the existing literature on the subject,
enhancing the validity of the overall research on AIEd. As the field of education continues to
navigate the fast-moving Al revolution, the insights from this study can inform educators,
administrators, and policymakers in making informed, balanced decisions. The hope is that with
thoughtful integration, GenAl will be useful in enhancing education, making it more efficient,

engaging, and personalized.
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Appendix A
Participant Solicitation Email
Dear prospective participant,

Hello! My name is Tyler Baeten, and | am a doctoral student at the University of Wisconsin-
Stout. I am also a full-time instructor at Fox Valley Technical College, teaching in the
Information Technology programs. With a background in information technology, | am
fascinated by artificial intelligence and have seen firsthand the opportunities and challenges
associated with adopting artificial intelligence in higher education. This experience has led me to
focus my research on the utility of artificial intelligence adoption on educator perceptions of
education and student achievement. We are still at the forefront of the early days of generative
artificial intelligence and its related technologies; ChatGPT was released only in November
2022. Your experiences are of interest because your institution has been involved in Al
initiatives, and many instructors have incorporated Al into their courses and curricula to varying
degrees. | hope you will discuss your experiences with me around this issue.

This communication serves as my formal invitation to participate in my dissertation research.
The research will be conducted as a semi-structured interview lasting approximately 45 to 60
minutes. |1 will ensure that your identity and all the information you share are kept confidential.
You will be able to ask questions about the study and sign an informed consent form before
answering any questions.

If you are willing to participate in an interview, use the following zCal link,

, to schedule a 1-hour Zoom interview at a time that is convenient
to you. Thank you for your consideration and assistance in exploring the issues facing higher
education, educators, and students.

Sincerely,
Tyler Baeten
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Appendix B

Consent to Participate in Approved UW-Stout Research

%Ecjlgy The Influence of Artificial Intelligence Adoption on Educator Perceptions

Researcher Names Department Contact Information

Tyler Baeten Student N

Faculty Advisor Department Contact Information
Teaching, Learning, and

Michael Selover Leadership

Overview of the Research Study

Participation invitation:

You are invited to participate in the research study described
below. Your participation is entirely voluntary, and you may
stop your participation or withdraw from the study at any time
and for any reason. If you choose to not participate or to stop
your participation, there will be no negative consequences to
you. Your decision to participate or not in this study will not
change your relationship with the researchers or the University
of Wisconsin-Stout.

Who can participate in this
study:

Participants must be educators teaching in programs at
technical colleges in Wisconsin.

Study description:

This study aims to understand how educators perceive the use
of artificial intelligence tools in the classroom and its influence
on student outcomes.

What you will be asked to
do:

You will be invited to participate in an interview where you
will share your experiences and perceptions regarding the use
of artificial intelligence tools in your teaching. With your
permission, the interview will be recorded to ensure accuracy
in capturing your responses.

Time commitment:

The interview will be conducted at a mutually agreed time and
location, lasting approximately 60 minutes.

Participation risks:

The researcher does not believe this study will cause you any
discomfort or other risk beyond what you would normally
experience in your daily life.

What will be done to
minimize your
participation risks:

All responses will be collected anonymously, and data will be
stored securely using encryption.
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Participation benefits:

Participants may find value in reflecting on their teaching
practices and contributing to research that could improve Al
integration in education. Participants contributions may further
inform practical guidance for educators, policy and
institutional development, advancing research in Al and
education, and fostering ethical Al adoption. Participants will
benefit from a deeper understanding of best practices for Al
adoption in their classrooms.

Confidentiality and Data Protection

Who will have access to
your data:

Only the researcher and faculty advisor will have access to the
data.

Data protection and future
use:

The interview recordings and transcripts will be stored
securely on a password-protected device and will only be
accessible to the researcher and faculty advisor. Any
identifiable information will be removed during transcription
to ensure confidentiality. The data will be used solely for this
research study and will not be shared with others or used for
purposes beyond this study. Recordings will be deleted after
transcription and verification, and all other data will be
securely archived in compliance with UW-Stout policy.

Protection of Human Research Subjects

If you have questions about
this study, please contact:

Tyler Baeten, or Michael
Selover,

If you have concerns about
this study or your rights as
a participant, please
contact:

Institutional Review Board Chair
University of Wisconsin-Stout

Robert S. Swanson Learning Center #207
715-232-4042

irb@uwstout.edu

Your right to withdraw:

Your participation in this study is entirely voluntary. You may
choose not to participate or to stop the interview at any time
without any adverse consequences to you. However, should
you choose to participate and later wish to withdraw from the
study, there may be no way to identify your data after it has
been submitted.

UW-Stout IRB approval
statement:

This study has been reviewed and approved by the University
of Wisconsin-Stout's Institutional Review Board (IRB). The
IRB has determined that this study meets the ethical
obligations for human subjects research as required by federal
law and UW-Stout policies.

Consent Statement


mailto:irb@uwstout.edu
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Statement of Consent: By completing this interview, you agree to participate in the study titled
The Influence of Artificial Intelligence Adoption on Educator Perceptions. Your consent is
recorded electronically at the beginning of the interview.

Consent recorded electronically at the opening of the interview
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Appendix C
Interview Protocol

Project: The Influence of Artificial Intelligence Adoption on Educator Perceptions, Tyler
Baeten, Investigator

Date of Interview: Time of Interview:
Interviewee: Role:
Institution: Interview Method:

Interview Procedure: You are invited to participate in a research study investigating the utility
of artificial intelligence adoption on educator perceptions within your WTCS institution. During
this interview, you will respond to open-ended questions and may choose not to answer any of
them. With your permission, this interview will be recorded, allowing Zoom Workplace to
generate a transcript that the interviewer will verify for accuracy. The discussion will focus on
three main topics: your perceptions regarding the utility of Al adoption on assessment strategies
and student engagement, the ethical considerations surrounding the use of artificial intelligence
in education and how to address these concerns for responsible implementation, and the extent to
which educators believe that Al adoption enhances student achievement in specific academic
areas. Rest assured that your responses will remain confidential, and no identifying information
will be included in the reported results. You also have the right to withdraw from this interview
and/or your participation in this research at any time.

Informed Consent: Have you reviewed the Informed Consent page that was emailed to you
when we scheduled this interview? If so, do you have any questions regarding today's procedure
or any of the information included on that page? If not, let’s discuss that information before we
begin. (Reads through the Informed Consent page.) Do you have any questions about today's
procedure or any details covered there? (Interviewer will respond to questions here.) Do you
agree to participate in the interview portion of this research? Do | have your permission to record
this interview?

Background: As you may know, education has been affected by the emergence and
development of generative artificial intelligence technologies. ChatGPT was launched on
November 30' 2022, and quickly gained popularity among students, educators, and
administrators. | believe that generative artificial intelligence offers both opportunities and
challenges for education; however, its use varies across educational institutions and among
educators, and there is limited research on how this technology has influenced educator
perceptions. Today, I’ll ask questions regarding your views on Al’s utility in assessment
strategies, ethical considerations related to Al use, and the influence of Al on student
engagement. Do you have any questions for me before we start?

To better help me conduct my research when answering the interview questions, take a moment
if you need to reflect deeply on your personal and professional experiences, thoughts, and
feelings regarding Al in the classroom. My goal is to arrive at a deeper meaning and understand
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the “why” and “how.” Describe and narrate specific situations or give anecdotes rather than
short, simple answers when possible.

Interview Questions:

1. Please tell me about your current teaching role at your college.
a. Probe: Can you tell me about the courses and subjects you teach within your
program?

2. Please describe your experience with educational technologies before generative Al tools
became widely available.
a. Probe: Could you please share the first time you encountered Al through a student
or on your own?
i. Follow-up: How did this experience make you feel at the time?

3. RQ1: Please tell me in what ways, if any, Al has changed how you plan and deliver
assessment strategies and instruction.
a. Probe: Please describe any specific assessment and teaching strategies that
emerged or evolved from different Al tools.
b. Probe: Are there assessment strategies that you have begun since GenAl became
prevalent? Can you think of any assessment strategies that you no longer use as a
result of GenAl? Why?

4. Could you share how Al has influenced how you view your role and identity as an
educator?
a. Probe: Can you share your beliefs on how you believe Al will influence your role,
your college, or your students in the future?
i. Follow-up: How does this future scenario make you feel?

5. RQ2: When you think about using Al in your teaching, do you have any ethical concerns
arising from the use of Al?
a. Probe: Can you share any specific instances of ethical concerns from your courses
and how they affected you at the time?
I. Follow-up: What made this experience unique or memorable to you?

6. RQ2: Can you please share your thoughts on how data privacy and bias are handled (or
not) when using Al tools?
a. Probe: Have you or your college taken steps to address data privacy and bias?
b. Probe: Do you feel students are equipped to think critically regarding how data
privacy and bias are handled?

7. RQ2: Please share any steps, measures, or guidelines you take to ensure Al is used
responsibly in your classroom.



189

a. Probe: Has this experience influenced how you perform your duties or serve your
students?

8. RQ3: Can you share any differences you’ve observed in student engagement since
introducing Al in the classroom?
a. Probe: Do you believe there are specific subjects or activities where you think Al
proves to be more effective than others?
b. Probe: How do you believe GenAl influences student engagement in areas of
participation, interaction, and motivation in your classroom, with your course, or
in your interactions with students?

9. What advice do you have for other instructors who are considering adopting Al?

10. To wrap up, is there anything else about your experiences within education that you feel
is important to share that we have not yet covered or any questions you would like to
ask?

Closing Statement: | appreciate your time, and thank you again for sharing your thoughts
and experiences. Please remember that everything you say here will remain confidential. If

you have any questions, please feel free to email me at || G o
message me on Zoom Workplace at ||| | | | G
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Appendix D

UW-Stout IRB Approval

University of
Wisconsin-Stout

Wisconsin's Polytechnic University

W

INSTITUTIONAL REVIEW BOARD

Office of Research and Sponsored Programs
Robert S. Swanson Learning Center #201
715-232-4042

irb@uwstout.edu

Date: January 23, 2025

Pl: Tyler Baeten

Department: TEACHING LEARNING & LEADERSHIP, GRADUATE STUDENT
Re: Initial - IRB-FY2025-120

The Influence of Artificial Intelligence Adoption on Educator Perceptions
Dear Tyler Baeten,

In accordance with Federal regulations, your project, The Influence of Artificial Intelligence
Adoption on Educator Perceptions, was reviewed by a member of the University of
Wisconsin - Stout Institutional Review Board and was determined to be Exempt from full
review under the below Categories in accordance with Federal Policy for the Protection of
Human Subjects (45 CFR 46).

Category: Category 2.(i). Research that only includes interactions involving educational
tests (cognitive, diagnostic, aptitude, achievement), survey procedures, interview
procedures, or observation of public behavior (including visual or auditory recording) if at
least one of the following criteria is met:

The information obtained is recorded by the investigator in such a manner that the identity
of the human subjects cannot readily be ascertained, directly or through identifiers linked
to the subjects;

You projectis hereby approved and deemed exempt from further IRB review for 5 years


mailto:irb@uwstout.edu
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from January 23, 2025. If a renewal of this approvalis needed, itis to be submitted at least
10 working days prior to the expiration date.

Responsibilities for Principal Investigators of UW-Stout IRB-approved research:

1.

No subjects may be involved in any study procedure prior to the IRB approval date
or after the expiration date.

All unanticipated or serious adverse events must be reported to the IRB.

All protocol modifications must be approved prior to implementation unless they
are intended to reduce risk.

All protocol deviations must be reported to the IRB.

Allrecruitment materials and methods must be approved by the IRB prior to being
used.

Research which involves financial compensation to participants must follow
appropriate UW-Stout payment procedures.

Consent forms must adhere to UW-Stout IRB standards and indicate that the
research has been approved by the UW-Stout IRB as required by federal regulations
(see UW-Stout IRB consent form templates for more details).

Researchers conducting human subjects’ research under an approved exempt
category are still ethically bound to follow the basic ethical principles of the
Belmont Report, as reflected in the practice of obtaining informed consent from
participants and adherence to IRB approved methods.

Any modifications to the approved study must be submitted for review through
Cayuse IRB. All approval letters and study documents are located within the Study
Details in Cayuse IRB.

Thank you for your cooperation with the IRB and best wishes with your project. If you have

questions, please contact the IRB office at_ or by phone 715-232-

4042, and your question will be directed to the appropriate person.

Sincerely,

W W
Michael Mensink, Ph.D.; IRB Chair
University of Wisconsin-Stout Institutional Review Board
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Appendix E

I (RB Approval

January 27, 2025

Dear Tyler,

This letter is to serve as formal notification that ||| | | NS s 1nstitutional Review Board
(IRB) has approved your project on The Impact of Artificial Intelligence Adoption on Education
Perceptions.

This exempt research is subject to the || | | | | |}l 'RB regulations including the provision
that a continuing review of the project be conducted at the one-year anniversary date of the project
approval, which occurred on January 27, 2025. You will be contacted to submit information to
the IRB Board meeting that occurs prior to the anniversary date.

If the research project concludes prior to the project approval anniversary date, please submit the

research abstract with the findings of the research to me so that | may properly close the project
from the IRB open projects roster.

Feel free to contact || GGG it any data and/or research needs.

Please contact me if you have any questions.

Sincerely,

Institutional Review Board Chair



193

Appendix F
Thank You Email to Participants

Good morning [name],

Thank you once again for participating in my research. | genuinely appreciate your time and am
grateful that you chose to share it with me.

Discussing your opinions and experiences has deepened my understanding of the subject. | hope
that by engaging, you gained some insight into the policies that shape the realities faced by your
students and institution. Several themes emerge when you compare your input with that of other
instructors.

I look forward to sharing these themes with you after my dissertation defense. They can inform
guidelines for Al usage by educators and students or shape future Al policy directions. If you
believe it would benefit your institution, | will happily discuss my findings at your convenience
or with your staff.

Since our conversation, if any details have come to mind that you would like to share, do not
hesitate to reach out. | am happy to discuss your additional thoughts and add them to the research
as appropriate at any time before my defense. Please be aware that my findings will be presented
in a fully anonymized and generalized format, and no links to you will be possible. Should you
change your mind about participating, | can remove your information from the overall work at
any time up to submission to my committee.

Again, thank you for your time and consideration. | look forward to the opportunity to work with
you and your institution in the future.

With gratitude,
Tyler Baeten
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Capta Thematic Reduction Example
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Raw Capta Codes: Reduction of | Categories: Themes | Concepts: Declaring
Raw Capta based on Codes the Themes
“And-se | think I've [ think I've gotten away | Influence on Utility
gotten away from from some real basic | Teaching
some real basic stuff stuff that Al can do for
that Al can do for us “msoiziﬁglt;:ls‘:;g
and go_tten mto_r_nore critique... If my
analys_ls and_ Critiqué | seydents... learn to
and-thingstikethat: | think critically, I'm still
Andyouknew,tve | going to consider
satdHhonesthy-have | myself a success.
satd-this-the-wheole
time I've been
teaching—If my
students den‘t-learn
Buti-they learn to
think critically. I'm
still going to consider
myself a success”
. > . It changes, how we
i _II orm-that side-of teach. It changes how
things: It changes, we evaluate our
how we teach and students, what is a
hew-we-youknow,; worthwhile
operate-in-the assignment.
classroem--It changes
how we evaluate our
students what is a
worthwhile
assignment.”
I gave them the I gave them the Pedagogical
option beecause+ option... If you want to | Integration
didn't-know-eneugh use Al to help you draft
to-teach-them-how-to | your pieces...that’s
use-tools efficiently fine, but I'd like you to
let me know that you
yetrso-l-gave-them did use it and let me
the-eptien: If you know how you

want to use Al to
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help you draft your
pieces, because-each
week-they-write-a
piece-of the-grant
them-feedback-they
wantto-use-it; that's
fine, but I'd like you
to let me know that
you did use it and let
me know how you
prompted the tool to
get the information...

I can't assure that
GPTZero is 100%
accurate in its
detection of Al use.
So-you-know;,-we
have to be alittle-bit
mindful of that.

This is going to make
our students dumber.
H-we-den'tgetahead
ofit-And-that scares
the hell out of me
because-tm-already
seethg-

prompted the tool to
get the information...

I cannot assure that
GPTZero is 100%
accurate in its
detection of Al use...
We have to be...
mindful of that.

This is going to make
our students dumber...
that scares the hell out
of me...

Academic Integrity

Skepticism of Al
detection

Influence on Students

As of right. Now. |
still know that
teachers are the heart
of the classroom;-and

from—and using
generative Al for
their homework is
one thing. but they
still want to meet

As of right. Now. [ still
know that teachers are
the heart of the
classroom... using
generative Al for their
homework is one thing.
but they still want to
meet with the human...
[ still think education is
more about the human
context.

Future Implications

Human Connection

Change
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with the human. And
so | still think
education is more
about the human
context.

If I'm strictly an
online educator. And
Have-stricthy-online
learners: Yeah; | can
see that role going
away. But if you
value one on one
personal or human
interaction which-1

find fruitful_that

with each other, talk
with each other. | do
not believe Al is
gonna replace that. H#
trouble. Then then we
have mechanical
humans. And | don't
think-that's-genna
happen—Ne | don't
think they can be as
empathetic as a
human can be.

+Hhad a student
yesterday-asked me-a
realhy-goed-question-
And-he-actualy-wasa
prospectivestudent-
He was-like-is
I oonna

change? And is it the

If 'm strictly an online
educator and I have
online learners... I can
see that role going
away... if you value
one-on-one personal or
human interaction... I
do not believe Al is
going to replace that... I
don’t think they can be
as empathetic as a
human can be

A student asked ‘is
I :oing to
change and is it the
right field?’... It's going
to change...I don’t
know... This is going to
be huge... if it was my
kid, would I tell my kid

Anxiety about future
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right field-fer 'm
Hkeyes; it's gonna
change. .

| don't know, because
this is gonna be huge

tke; if it was m
kid, would I tell my
kid to become a

today? I
don't think I would

the-prompt,but-so

, - are we
going to get that lax
as a society that we

to become a
today? |
don’t think I would.

Are we going to get
that lax as a society
that we can’t even
think for ourselves?...
We're going to have a
society of people that
just use it as pushing a
button




198

can't even think for
ourselves. | don't
know. That's the only
thing that concerns
me. Is it going to in
10, 20 years We're
going to have a
society of people that
just use it as a
pushing a button

[ do know if you [ do know if you Equity Ethics
happen to not have happen to not have

access to a computer access to a computer Digital Divide

that's going to be a big | that’s going to be a big

problem. And-and problem... that's a

that's a problem, no problem no matter

matter what, whether what, whether there’s

there's Al or not net Al or not.

having the Internet's

going to-beaproblem:

And-thenatthatthme | Atthattime there was | Limitations of Al Challenges
it's L knowit's a lot of hallucinating...

) so [ said, You're goin

Hmproved—But at that to need to take v%hat%t Accuracy

time there was a lot
of hallucinating geing
o~—And so | said,
You're going to need
to take what it gives
you and verify that
it's correct and-doal

extra-checking-and
everything

gives you and verify
that it's correct.




Appendix H

DALL-E Hummingduck Iterative Image Demonstration

Prompt: Please create an image of a cross
between a hummingbird and a madarin duck.

We will all it a humming duck

ChatGPT 4o: Here's your "Humming
Duck"—a unique blend of a hummingbird
and a mandarin duck! Let me know if you'd

like any modifications.

Prompt: That is great! Now take this
humming duck image and change the beak to

a hummingbird beak.

ChatGPT 4o: I'll modify the image to give the
Humming Duck a more distinct hummingbird
beak. Let me process that for you now.

I'll now refine the image by adjusting the beak
to resemble a hummingbird's long, slender
shape. Let me generate the updated version

for you.
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Here's the updated "Humming Duck™ with a
distinct hummingbird beak. Let me know if

you'd like any further refinements!

Prompt: This is awesome! Now, one mor
revision. Please change the feet on this image

to have duck feet.

ChatGPT 4o:
Here's your final revision of the "Humming
Duck," now with webbed duck feet! Let me

know if you'd like any further adjustments.

Prompt: For the last image you created, please

change the feet to web-footed duck feet

ChaptGPT 4o: Here's your final revision of
the "Humming Duck" with fully web-footed
duck feet! Let me know if you'd like any

more modifications.
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Prompt: For this last revision of the
hummingduck, would you please make it look
more realistic? More like an actual picture of

this hummngduck if it were a real species.

ChatGPT 40: Here's your hyper-realistic
Humming Duck, looking as if it were a real

species captured in the wild! Let me know if

you'd like any further refinements.
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