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Prompting Change: 

Exploring Undergraduate Perceptions 
after AI Literacy Training 

 
 

Abstract 
As generative artificial intelligence (GenAI) tools 
become increasingly integrated into daily life, 
society has been steadily adapting to changes in 
both work and education, often where guidelines 
and social contracts have yet to be established. 
Questions surrounding ethical usage are still 
being debated, and increased literacy in GenAI is 
necessary to enable voices, especially from 
younger generations, in these discussions. This 
paper presents an exploratory pilot case study on 
the effects of advancing AI literacy among a small 
group of university undergraduate students (𝑁 =
6) through a personalised training intervention. 
Drawing on pre- and post-test survey data and 
transcripts from training on Adobe Firefly, Google 
NotebookLM, and Google Gemini, the study 
examines changes in students’ knowledge and 
ethical considerations. While participants initially 
expressed cautious or critical views (e.g., fearing 
an overreliance on GenAI or academic 
dishonesty), quantitative results after training 
indicate greater familiarity in using GenAI as a 
learning tool rather than a shortcut, with one 
student in the post-training survey stating how 
they now believe their learning ‘will be enhanced 
far beyond what [they] were doing before.’ 
Additionally, qualitative analysis reveals a 
persistent discrepancy between the perceived 
and actual understanding of GenAI and academic 
policies, further supporting the need for these 
discussions. Therefore, this work positions AI 
literacy as a critical component of higher 
education onboarding. 
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Interdisciplinary Implications  
This article reports on a mixed-methods pilot intervention examining how 
undergraduate students’ perceptions of generative AI shift after structured AI literacy 
training, with implications for curriculum design, the ethical integration of emerging 
technologies into academic practice, and faculty professional development. It draws 
on and contributes to higher education pedagogy, educational psychology 
(specifically constructivism and expectancy-value theory), computer and information 
science (GenAI and retrieval-augmented generation tools), and academic ethics. 
 

Keywords 
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1. Introduction 

The increased availability of generative artificial intelligence (GenAI) tools since late 
2022 has presented educators with a complex challenge. On the one hand, these 
GenAI tools, such as ChatGPT (https://chatgpt.com/), offer new ways to support 
student learning and promote equity. However, they also raise concerns about 
academic integrity and the possible reduction of critical thinking skills. Educators 
initially responded to this disruption in a variety of ways, ranging from banning GenAI 
to adopting it. However, as time went by, a consensus began to emerge that simply 
policing GenAI use is insufficient (Leslie and Perini, 2024). Instead, there is a growing 
recognition that students need to be AI-literate in order to use these technologies 
effectively and ethically (Yang et al., 2025). 
 AI literacy has been defined by prior research as a ‘set of competencies that 
enables individuals to critically evaluate AI technologies; communicate and 
collaborate effectively with AI; and use AI as a tool online, at home, and in the 
workplace’ (Long and Magerko, 2020, p. 2). In higher education (HE), these 
competencies include understanding how GenAI systems such as large language 
models (LLMs) work, knowing how to verify AI-generated outputs, and being aware 
of the ethical considerations and limitations of GenAI. In educational settings, AI 
literacy entails students learning not only how to use tools like chatbots or image 
generators, but also when and why to use them to enhance their learning journey. 
Recent studies show that prompt crafting and iterative dialogue with GenAI are 
valuable skills (also termed ‘prompt engineering’) because many GenAI systems 
respond differently depending on how tasks, roles, constraints, and examples are 
specified (Federiakin et al., 2024; Qian, 2025). For example, Knoth et al. (2024) found 
that higher AI literacy in students is associated with more effective prompting 
strategies and higher-quality outputs from GenAI, leading them to recommend 
integrating AI literacy into curricula. 
 Although the ecosystem in HE has changed considerably due to GenAI, new 
tools and features are continually released, which have created an additional 
challenge for those trying to stay up to date. Therefore, there are impactful GenAI 
tools and updates for education that may go unnoticed due to the influx of information. 
For example, students can benefit from utilising Google’s NotebookLM 
(https://notebooklm.google/), which allows users to upload their own materials or 
notes and interact with a personalised AI assistant that can summarise readings, 
answer questions about the uploaded sources, and even generate podcast-style 
audio explanations of the content (Rebelo, 2025). Further, GenAI is not limited to text 
and audio. For example, tools like Adobe Firefly (https://firefly.adobe.com/), 
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introduced in 2023, enable users to create images (and other media, including video) 
from text prompts. Adobe has integrated Firefly into its products with built-in ethical 
guardrails, such as restrictions on access to copyright training data, so that students 
can more safely use AI-generated images in projects (Adobe, 2024). Recently, 
Google’s Gemini team has taken a step further with their Veo 3 model, which can 
create videos with native audio (Google, n.d.). These are just two companies from 
many that are pushing the boundaries of GenAI technology. 
 Unfortunately, GenAI also exacerbates the spread of misinformation and ‘AI 
slop,’ a term used to describe low-quality, superficial, or factually incorrect AI-
generated outputs. Since these tools are trained on extensive datasets scraped from 
the internet, they inherently propagate inaccuracies and biases found in their training 
data. Additionally, users have been abusing these tools to create realistic but fake 
media. Students who are unfamiliar with evaluating information critically may 
inadvertently trust these GenAI outputs. A related concern is the ‘liar’s dividend,’ a 
phenomenon where the mere existence of realistic AI-generated content creates 
doubt about the authenticity of genuine information (Schiff, Schiff and Bueno, 2025). 
Therefore, developing AI literacy among students becomes essential not only for 
identifying misinformation but also for strengthening their ability to navigate a media 
landscape where scepticism can be weaponised to challenge legitimate sources of 
information. 
 Employer expectations are also driving the need for AI literacy among 
graduates. Surveys of industry indicate that AI-related skills are now highly valued in 
the job market. A 2024 international study by Microsoft and LinkedIn (called the Work 
Trend Index) reports that over two-thirds of business leaders would not hire a 
candidate who lacks AI literacy, and nearly three-quarters said they would prefer a 
less-experienced applicant with AI literacy over a more-experienced one without it 
(Microsoft and LinkedIn, 2024). This trend is reflected in the rapid growth of job ads 
seeking AI-literate candidates, as well as wage premiums for those skills. 
 HE institutions are therefore increasingly expected to integrate AI literacy into 
their teaching. Within this context, this study addresses the key questions:  

1. What are students’ perspectives on and knowledge of GenAI prior to AI literacy 
training? 

2. How does a targeted educational intervention change students’ AI literacy and 
their attitudes toward using GenAI in learning? 

3. Which design features of the training do students identify as most helpful and 
through what mechanisms? 

 
The case study involved a workshop-style, one-on-one training session for students. 
By analysing qualitative data (participant transcripts) before, during, and after the 
training, as well as quantitative data (pre- and post-tests), this paper contributes a 
further understanding of the transformation potential that AI literacy has on HE. The 
aim is to help students learn more effectively and address institutional priorities related 
to academic integrity and graduate preparedness for the workplace in an AI-
ubiquitous society. 
 

2. Literature Review 

The interaction between GenAI and HE has been explored from multiple angles in 
recent research, reflecting the fast-moving developments since 2022. Three 
interrelated topics are found in the literature: First, concerns around academic integrity 
and critical thinking in the age of GenAI; second, the potential benefits of GenAI for 
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enhancing learning; and third, the imperative of AI literacy education as a response 
to the first two topics. This review synthesises these topics to provide context for the 
study. 
 
2.1 Academic Integrity and Critical Thinking Concerns 
Easily accessible GenAI tools have triggered debates over academic honesty and the 
nature of student work. Early commentary warned of ‘AI-giarism,’ wherein students 
could present AI-generated essays as their own, thus cheating plagiarism detectors 
(Chan, 2023; Cotton, Cotton and Shipway, 2023). Educators evaluating AI-generated 
essays have noted that GenAI writing is generally technically correct in terms of 
language use, often featuring advanced vocabulary and complex sentences, but 
tends to exhibit inadequate depth of analysis, incomplete development of ideas, and 
a lack of personal voice or authentic insight (Alexander, Savvidou and Alexander, 
2023), raising flags about a new form of minimal-effort academics. Students are also 
aware of this issue. For example, a survey of 277 US HE students reports that a 
majority students believed using GenAI to complete assignments unquestionably 
constitutes academic misconduct (Lund et al., 2025). However, many students viewed 
smaller AI-assisted tasks such as using GenAI for ideas or proofreading, as falling 
into a grey area. 
 In terms of minimal-effort thinking (also known as cognitive offloading) versus 
critical thinking, students understand that an overreliance on GenAI tools without 
exercising independent thought could impact their ability to learn. A survey of 737 
students found concerns about the devaluation of university education (Blahopoulou 
and Ortiz-Bonnin, 2025). This is why many scholars argue that, rather than prohibition, 
the solution lies in teaching students how to use GenAI appropriately (Apata et al., 
2025). 
 
2.2 GenAI’s Potential Benefits for Learning 
Alongside the concerns, research also documents significant advantages of GenAI 
when used constructively. A survey of 23,218 students from over 100 countries 
reports that they used GenAI to support their learning through summarisation, aiding 
in ideation, and research (Ravšelj et al., 2025). These tools can also adapt to the 
user’s queries, providing iterative explanations until the student grasps a concept, 
functioning as an on-demand tutor (Yarlagadda, 2025). 
 GenAI can help bridge accessibility and equity gaps by providing automatic 
captioning and translation, text simplification, and multimodal content generation 
(Gabriel, 2024). However, maximising these benefits requires that students know how 
to prompt and cross-check GenAI outputs properly. Without guidance, these highly 
impactful benefits can turn into pitfalls, e.g., if a student unquestioningly trusts a 
flawed AI-generated explanation (Abuzar, Mahmudulhassan and Muthoifin, 2025). 
Therefore, researchers emphasise using GenAI tools from a ‘productive use’ 
perspective, which means using GenAI during the process of finding the answer rather 
than as a final answer generator (Bai and Wang, 2025). In this way, GenAI has the 
potential to complement human learning. 
 
2.3 The Imperative of AI Literacy Education 
AI literacy in HE should extend beyond technical skills. Rapanta et al. (2025) posit 
that both students and educators should understand GenAI’s limitations (e.g., 
potential biases, the concept of hallucination in LLMs), ethical considerations (privacy, 
consent, intellectual honesty), and effective strategies for using GenAI tools (how to 
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craft prompts or refine GenAI outputs). Furthermore, they also comment on the 
challenge of creating a universal framework, as numerous factors need to be 
accounted for, and promote the idea of ‘situated literacies’ (meaning context-specific 
applications of skills). 
 Since AI literacy should be updated and reinforced periodically, as GenAI tools 
themselves evolve their capabilities, time should be invested in workshops, curriculum 
integration, and resource development. Ithaka S+R’s multi-institution study found that 
many instructors have started embedding basic GenAI skills into student activities, 
but also that faculty desires more top-down support for formalising AI literacy (Baytas 
and Ruediger, 2025). Notably, instructors in the report advocate for clear policies and 
teaching modules on acceptable GenAI use so that students across courses receive 
consistent messaging. 
 A survey by Blahopoulou and Ortiz-Bonnin has found that there is a ‘need for 
universities to actively involve students in shaping policies on artificial intelligence 
while offering targeted training to promote its responsible and ethical use’ 
(Blahopoulou and Ortiz-Bonnin, 2025, p. 19741). Furthermore, this active involvement 
allows students to have agency in shaping guidelines, which could translate into a 
responsibility for upholding them. Accordingly, this study is situated at the intersection 
of these discussions, aiming to demonstrate how an educational intervention can help 
to realise GenAI’s benefits (as a supportive learning tool) while mitigating its risks 
(misuse and overreliance). This research adds to a small but growing body of 
empirical evidence on how AI literacy programmes can shift student attitudes and 
behaviours. 
 
2.4 Conceptual Framework 
This study is guided by a constructivist view of learning, in which students actively 
build understanding through interaction, reflection, and contextualised engagement 
rather than passively receiving information. In the context of GenAI, this perspective 
is especially relevant because a meaningful use of these tools depends not only on 
technical access but also on how students interpret outputs and question limitations, 
while connecting new information to their existing knowledge and academic practices. 
In this sense, AI literacy is not treated here as a purely technical competency, but as 
a situated literacy shaped by context, purpose, and ethical judgement. This aligns with 
recent arguments that AI literacy in HE should extend beyond knowing what GenAI 
tools are, toward understanding when, why, and under what conditions they should 
be used responsibly. 
 This framing informed the design of the personalised one-on-one training 
sessions used in the study. Rather than delivering a standardised lecture about AI 
tools, the intervention emphasised dialogue, demonstration, guided experimentation, 
and critical reflection. Participants were encouraged to test tools for authentic 
academic purposes, reflect on the quality and trustworthiness of outputs, and discuss 
the ethical boundaries of use in relation to their own courses and disciplinary needs. 
The intention was not simply to increase tool familiarity, but to support students in 
constructing a more nuanced understanding of GenAI as both useful and limited. This 
also reflects the paper’s broader concern by helping students to move from regarding 
GenAI as either a shortcut or a threat toward understanding it as a tool whose value 
depends on informed and reflective use. 
 In addition to this pedagogical framing, the organisation of the questionnaire 
was informed by an expectancy-value perspective (EVT) (Wigfield and Eccles, 2000). 
The survey categories of familiarity and usage, expectancy and academic usefulness, 
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value and interest, concerns and ethical considerations, and future intentions were 
selected to capture how students perceived the relevance, utility, and risks of GenAI 
before and after the intervention. These dimensions are useful because students are 
more likely to engage productively with a tool when they regard it as valuable, feel 
capable of using it, and understand its limitations. Accordingly, the study interprets 
shifts in participants’ responses not simply as attitude change, but as indications of 
evolving meaning-making around GenAI in academic contexts. Together, 
constructivism and an expectancy-value lens provide the conceptual basis for both 
the intervention design and the interpretation of findings in this pilot study. 
 

3. Methodology 

This section details the experiment design, including the participants and data 
collection methods before, during, and after the AI literacy training.  
 
3.1 Participants 
Six undergraduate students were recruited to participate in an AI literacy training 
session through a process of selective convenience sampling (𝑁 = 6). These 
participants were approached through an existing university network and invited to 
voluntarily participate in a one-on-one AI literacy training session. 10 invitations were 
sent out, and six responded. No incentives were offered or given for participation in 
the study. Selection criteria required that participants be 1) currently enrolled 
undergraduate students at the university; 2) in their second or third year of study; and 
3) willing to be recorded and to share survey data for research purposes. Selective 
sampling allowed participants to be drawn from various disciplines (two from 
business, one from English literature, one from criminal justice, one from psychology, 
and one exploratory) in order to capture a range of perspectives. It also allowed the 
study to include an equal mix of genders (three male and three female students). This 
was intended to capture a broader range of perspectives in this exploratory pilot study, 
not to achieve statistical representativeness. Notably, their prior exposure to GenAI 
varied. Initially, two of the participants have disclosed never using tools like ChatGPT 
before, while three have used GenAI tools minimally for ideation and experimented 
with them for school or personal use. Only one participant stated using GenAI tools 
to a moderate degree. This variety was intentional, as the aim was to record how the 
training would affect both novice and experienced users. 
 To encourage an honest discussion, participants were assured that the study 
was not an evaluation of their abilities, but rather an exploration of learning with 
GenAI, and how they foresee the effects of its use. To comply with ethical standards, 
ethical clearance was obtained for working with human participants. Each student was 
informed about the entire experiment prior to signing consent, which included 
recording their session and sharing survey responses for research purposes, with the 
understanding that any identifying details would be removed. The context around the 
impetus for the study was explained as a push to better understand how to incorporate 
GenAI into teaching and learning. Thus, this pilot training served both research and 
practical development purposes, potentially informing broader institutional initiatives. 
 
3.2 Experiment and Data Collection 
Each participant engaged in a one-on-one training session conducted via an online 
meeting platform and followed a consistent three-part structure: 1) A pre-test survey; 
2) an AI literacy training session; and 3) a post-test survey and reflection. This format 
was chosen to allow personalised interaction and candid discussion, and students 
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could keep their cameras off to increase the sense of anonymity. The questionnaire 
used in this study was developed based on insights and constructs from prior research 
(Chan and Hu, 2023; Chan and Zhou, 2023; Baidoo-Anu et al., 2024; Gasaymeh, 
Beirat and Abu Qbeita, 2024; cf. Table 1). These studies informed both the theoretical 
framework and practical question formulation, ensuring a rigorous exploration of 
students’ perceptions, familiarity, concerns, and intended use of GenAI. The sessions 
lasted approximately 60 to 75 minutes. 
 
Step 1: Pre-Test Survey 
Before the personalised training began, each participant completed a short online 
questionnaire to gauge their baseline attitudes, knowledge, and usage of GenAI 
(taking around 10 minutes). This survey included Likert-scale items that were divided 
into categories (cf. Table 1) and an optional open-ended question, which asked, ‘In 
one or two sentences, how do you currently feel about using GenAI tools like 
ChatGPT for learning or studying?’ 
 
Step 2: AI Literacy Training Session 
A semi-structured AI literacy training session, which lasted around 40-50 minutes 
included conversation-starting topics and hands-on activities (10-15 minutes), 
allowing for flexibility to follow participants’ questions or areas of interest. The initial 
guiding questions included: 

• What is your current understanding of GenAI, and how have you used it 
before? 

• How do you think this technology will affect critical thinking? 
• What are your concerns, especially related to how it will affect your education 

and future job? 
• Do you know the policy around unacceptable usage at the university? 

 
Table 1 
Questionnaire categories and questions 

Topic Possible Answer 
Familiarity and 
Usage  
(F) 

F1: I am familiar with the concept of GenAI tools (e.g., ChatGPT, Claude, 
and Gemini). 

F2: I have used GenAI tools before this training. 
F3: I understand how these tools generate responses. 
F4: I feel confident navigating a GenAI interface. 

Expectancy and 
Academic 
Usefulness  
(E) 

E1: I believe GenAI can support my learning. 
E2: GenAI tools can help me complete academic tasks more efficiently. 
E3: I believe using GenAI could improve my academic performance. 
E4: I feel GenAI can be a helpful study partner. 

Value and Interest 
(V) 

V1: I am curious to explore how GenAI can assist with my studies. 
V2: I am interested in learning more about how GenAI works. 
V3: I think it is important to learn how to use GenAI tools ethically. 

Concerns and 
Ethical 
Considerations 
(C) 

C1: I am concerned that using GenAI might reduce my original thinking. 
C2: I am unsure about whether using GenAI is considered academic 

dishonesty. 
C3: I worry that an overreliance on GenAI tools may hurt my learning in the 

long run. 

Future Intentions 
(I) 

I1: I would like to use GenAI tools more in my academic work. 
I2: I would recommend these tools to my peers. 
I3: I believe that GenAI will play a major role in the future of education. 
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Using these topics, explanations were pitched to each participant’s level, from basic 
analogies for how GenAI generates outputs through to the mechanics of how these 
models are trained. This included discussing concepts such as bias in GenAI (e.g., 
how training data can skew outputs) and hallucination (GenAI producing false 
information). The origin of some models’ training data was also discussed (for 
example, the mention that early models were trained on internet forums, which 
introduced certain biases). Although the intervention was personalised, it followed a 
common instructional backbone across all six sessions. Each session included the 
same broad sequence: 1) Completion of the pre-test survey; 2) discussion of 
participants’ prior understanding and use of GenAI; 3) explanation of core concepts 
such as statistical generation, bias, hallucination, and data privacy; 4) demonstration 
of institutionally available tools, especially Google Gemini and NotebookLM; 5) guided 
hands-on experimentation with at least one tool, including iterative prompt refinement; 
and 6) a discussion of academic integrity and acceptable use before the completion 
of the post-test survey. Personalisation occurred primarily in the depth, pacing, 
examples, and specific tools emphasised, which were adapted to every participant’s 
prior experience, disciplinary context, and questions. This design was intended to 
make the training responsive and pedagogically relevant, but it also means that some 
facilitator effects and session-level variability were inherent to the intervention. 
 After going through foundational knowledge, at least two of the tools that the 
participants had access to via their institution (which uses enterprise licences for data 
protection) were demonstrated (15-20 minutes). The list at the time of this research 
was Microsoft Copilot, Google Gemini, Google NotebookLM, and Adobe Firefly. One 
of the main learning objectives of the demonstration was to explain how to create a 
prompt and how it can be refined iteratively, therefore progressing from a vague query 
to a more specific one using a structured approach. For text output, a simple 
prompting framework called CORE (Context, Output, Role, Example) was used to 
illustrate how providing context and role to the GenAI can yield better results. This 
was related back to the foundational knowledge of the models using statistics, where 
narrowing the scope increases accuracy by adding weight to the correct selection of 
words that need to be output (Park and Choo, 2025). For instance, rather than 
prompting ‘give me a campaign e-mail template,’ the participants were told that they 
could adjust the prompt with more information, for example: 

 
[ROLE] 

Act as an expert e-mail marketing strategist who specialises in crafting 
compelling copy for mobile app launches. Your tone should be enthusiastic, 
persuasive, and user-focused. 

 

[CONTEXT] 
I am the marketing manager for a new language-learning mobile app called 
LinguaLeap. We are about to launch next week. We have a list of 5,000 
potential users who have pre-registered because they are interested in the 
app. The app’s key feature is its use of AI-powered conversational practice 
with virtual tutors. The goal of this e-mail is to announce the official launch 
date and persuade these pre-registered users to be among the first to 
download and use the app. 
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[OUTPUT] 
Generate an e-mail with the following components: 
Subject Line: A short, catchy subject line (under 10 words) that builds 
excitement and includes the app’s name. 
E-mail Body: A concise e-mail (around 150 words) that thanks them for pre-
registering, announces the launch date, highlights the main benefit (AI 
conversation practice), and includes a clear call-to-action to download the 
app. The tone should be celebratory and encouraging. 
Call-to-Action Button Text: Suggest text for the main download button. 
 

[EXAMPLE] 
Here is an example of the style and tone I am looking for. Please do not 
copy this directly, but use it as a guide for the voice. 
Subject: Your Language Journey Begins! 
Hi [User Name], 
The moment we’ve all been waiting for is almost here! Get ready to start 
talking your way to fluency.... 

 
This was demonstrated live, showing how the response improved as the prompt 
became more detailed (cf. Figure 1 below). 
 For the NotebookLM demonstration, a sample set of notes and a PDF article 
were uploaded in advance. The participants were then shown how the tool could 
generate a succinct summary and even create a conversational audio podcast 
discussing the material. One participant was surprised when the GenAI produced a 
natural-sounding 20-minute dialogue explaining a complex text, noting, ‘It’s weird, but 
it’s cool’ to hear the AI-generated voices break down the content. This demonstration 
also aimed to expand students’ awareness of GenAI capabilities beyond just text 
generation, highlighting summarisation, retrieval augmented generation (RAG), and 
multi-modal outputs. The concept of RAG was highly intriguing to the participants, as 
they could also see its value in reducing hallucinations, since the tool utilised the 
sources provided by the user rather than relying on the billions of data points in the 
training model and on the internet. 
 
Figure 1 
Sample interaction with Google Gemini during training 

 
(Source: Author’s screenshot of Google Gemini output) 
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Finally, for other media generations, emphasis was placed on understanding how to 
set the scene and the use of adjectives. However, for this study, none of the 
participants was interested in creating images or videos, where NotebookLM’s RAG 
and podcast features generated the most attention. 
 Each student was then invited to experiment with a GenAI tool themselves 
(around 15 minutes). These activities were guided and adjusted to their field of study 
or interest. During this time, they were also coached on refining prompts. GenAI 
responses were discussed and critically evaluated, including fact-checking and 
identifying any gaps or biases that may have existed. Participants were encouraged 
to ask follow-up questions to the GenAI tool or request revisions (reinforcing the idea 
that GenAI output is an iterative dialogue). 
 Variability was primarily driven by student interest rather than facilitator 
deviation. In practice, the same core topics were addressed in all sessions, but 
participants differed in their prior AI exposure, concerns, and interests, which 
influenced the examples discussed, the amount of scaffolding required, and the tools 
that received the greatest attention. For example, some sessions focused more 
heavily on NotebookLM as a study aid, whereas others spent more time on prompting 
strategies, ethical concerns, or discipline-specific use cases. This variation reflects 
the exploratory and personalised nature of the intervention, but it also reduces strict 
replicability and should be taken into account when interpreting the findings. 
 In the latter part of the session, academic integrity and acceptable use were 
discussed. Participants were asked about current university policies, especially 
regarding what happens if a student is caught using GenAI tools in an unacceptable 
manner. At the time of this study, if a faculty member prohibits the use of GenAI tools 
and a student violates this prohibition, it is treated as cheating, with consequences 
such as redoing or failing the assignment. However, the punishment is not as severe 
as plagiarism, since plagiarism is defined as stealing someone else’s work, whereas 
unacceptable GenAI usage is considered unauthorised assistance. This distinction 
was actually new information to some participants. One participant admitted, ‘I thought 
it’s plagiarism [similar to] taking stuff off the internet, but it’s a little better that it’s not 
[considered plagiarism], it’s just cheating.’ This open dialogue helped to clarify the 
parameters of acceptable use and encouraged students to articulate their 
experiences with GenAI tools more openly (even if they said they never used it at the 
start of the experiment). 
 Scenarios were used to elicit follow-up discussions, such as using GenAI to 
generate an essay that a student submits as their own would be cheating (unless 
explicitly permitted by the instructor), whereas using GenAI to brainstorm ideas or 
improve grammar might fall within acceptable use, depending on the course policies. 
Students were informed that many faculty were now including acceptable use 
statements in syllabi about GenAI. The importance of transparency was stressed from 
both ends. Students should ask their faculty how they are using GenAI in the course 
and also what would be acceptable for the students to use during their course. 
 Throughout the training, the tone was conversational and interactive. Students 
asked questions or voiced their thoughts, which were then addressed. For example, 
one participant asked about bias, which led to a discussion of how early image 
recognition models would return a positive skin cancer diagnosis if there was a ruler 
in the picture due to biased training data, and conversely, how over-correction can 
lead to strange outputs (like a GenAI bizarrely generating an African soldier image 
when asked to display an image of a Nazi, due to an overzealous attempt at diversity). 
These real examples underscore why one should not take GenAI outputs as a neutral 
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truth. The participants were often prompted to reflect, such as, ‘Given what you just 
saw the AI did, how would you use this in studying for your next exam?’ and ‘Do you 
think using AI in that way would help you learn, or would it be doing too much of the 
work for you?’ This Socratic approach helped students to articulate their own stance 
on GenAI. 
 
Step 3: Post-training Survey and Reflection 
Before the end of the session, each participant was requested to complete the post-
training survey, which consisted of the same set of Likert-scale questions as the pre-
survey (to measure any shifts in agreement) and the same optional open-ended 
question about their feelings regarding the use of GenAI for learning. This step 
generally lasted around 10-15 minutes. Since the session was one-on-one, 
participants were allowed to verbally provide their open-ended answers to the survey, 
which were transcribed during the recording. Most participants chose to just discuss 
their responses aloud. Finally, there was an informal wrap-up conversation with 
questions such as ‘How do you feel about all this now?’ and ‘Do you think you will try 
using these tools going forward?’ This served both as a debrief and an opportunity for 
extra qualitative feedback. All sessions were recorded using a built-in transcription 
feature to capture the dialogue, and were later manually corrected for accuracy. 
These transcripts, along with the survey data, constituted the dataset. 
 Because the researcher facilitated both the one-on-one AI literacy sessions 
and conducted the qualitative analysis, reflexivity was important throughout the study. 
The researcher approached the project from a position that views AI literacy as 
educationally valuable, while also recognising concerns related to overreliance, bias, 
and ethical misuse. This dual role may have influenced both the conversational 
direction of the sessions and the interpretation of the participants’ responses. To 
reduce this risk, the analysis attended to both positive and critical participant 
perspectives, and the findings are presented as exploratory rather than generalisable. 
 
3.3 Data Analysis 
A mixed-methods analysis was employed. For the quantitative data, the survey 
datasets were entered into IBM SPSS Statistics Version 26 (IBM Corp., 2019). Each 
participant’s before-and-after answers were analysed to identify patterns in 
descriptive statistics. Since the study involved a small sample size (𝑁 = 6) and ordinal 
data derived from Likert-scale survey items, the Wilcoxon Signed Ranks Test was 

used to assess the intervention, with effect size (𝑟) calculated using 𝑟 =
𝑍

√𝑁
, where 𝑍 

is the z-score and 𝑁 is the number of participants. The 𝑟 was interpreted according to 

Cohen’s (2013) guidelines (|𝑟|  =  .1 is small, . 3 is medium, . 5 is large). Given the 
small 𝑁, inferential statistics are reported primarily as descriptive indicators of within-
participant change and should not be interpreted as population estimates.  
 For the qualitative data, a thematic analysis was conducted on the transcripts 
following the six-phase approach of Braun and Clarke (2006). In Phase 1 
(familiarisation), the researcher read through all six transcripts, noting initial 
impressions and recurring ideas. After reading through the transcripts multiple times, 
the process moved to Phase 2 (generating initial codes). Systematic coding was 
conducted using NVivo Version 14 (Lumivero, 2023), where the focus was placed on 
recurring meaningful statements about perceived usefulness, ethical uncertainty, 
institutional awareness, learning support, and concerns about overreliance or societal 
impact. In Phase 3 (searching for themes), codes were then collated into potential 
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themes by grouping related codes (e.g., codes relating to scepticism and accuracy 
concerns were grouped under what became Theme 1). In Phase 4 (reviewing 
themes), these candidate themes were reviewed and refined to ensure that they 
captured coherent patterns of meaning. This included checking the themes against 
the coded extracts and the full dataset to ensure internal coherence and external 
distinctiveness. Two candidate themes were merged during this phase, and one was 
discarded as it lacked sufficient support from the participants. In Phase 5 (defining 
and naming themes), the five final themes were refined, and in Phase 6, the report 
was produced with illustrative quotes. 
 As this was a small exploratory pilot conducted by a single researcher, inter-
rater reliability was not calculated. Instead, analytic rigour was supported through an 
iterative revisiting of the transcripts, comparison of themes across cases, and an 
integration of the qualitative findings with the quantitative survey results. The absence 
of a second coder is acknowledged as a limitation (cf. Section 6.1), and future studies 
should incorporate independent coding and inter-rater agreement checks. 
 

4. Results 

Quantitative data extracted from the surveys have been summarised into two tables. 
The first table (Table 2) reports the corresponding Wilcoxon Signed Ranks Test 
results for each question, with effect size (𝑟) and interpretation. Table 3 (found in 
Appendix A) presents the results from the pre-test and post-test as paired samples, 
categorised according to the details in Table 1. The qualitative results are a brief 
overview of the selectively coded themes. 
 The thematic analysis of the interview transcripts yielded five overarching 
themes that reflected the participants’ perceptions, experiences, and concerns 
regarding GenAI in academic contexts. A thematic map is provided in Figure 2. 
 
Theme 1: Perceptions of GenAI as a Supportive but Imperfect Tool 
Students viewed GenAI tools as valuable for academic work (e.g., brainstorming and 
summarising) and supporting more equitable and accessible learning environments, 
but recognised their limitations in accuracy and originality. As one participant 
explained, GenAI is ‘extremely good at recognising patterns [but] not really great at 
just making something from [prompts with little detail].’ Another participant noted that 
AI-generated essays ‘look pretty’ but, after a few minutes’ reading, reveal ‘glaring 
problems’ that require human correction. 

 
Table 2 
Wilcoxon Signed Ranks Test and effect size 

 𝑍 |𝑟| Effect size (𝑟) 𝑁 
Post_F1 - Pre_F1 0.000a 0.000 Negligible 6 

Post_F2 - Pre_F2 0.000a 0.000 Negligible 6 

Post_F3 - Pre_F3 −1.947b 0.795 Large 6 

Post_F4 - Pre_F4 −1.807b 0.738 Large 6 

Post_E1 - Pre_E1 −1.000b 0.408 Medium 6 

Post_E2 - Pre_E2 −1.633b 0.667 Large 6 

Post_E3 - Pre_E3 −1.890b 0.772 Large 6 

Post_E4 - Pre_E4 −1.342b 0.548 Large 6 

Post_V1 - Pre_V1 −0.577b 0.236 Small 6 

Post_V2 - Pre_V2 −1.000c 0.408 Medium 6 

Post_V3 - Pre_V3  0.000a 0.000 Negligible 6 
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 𝑍 |𝑟| Effect size (𝑟) 𝑁 
Post_C1 - Pre_C1 −0.447c 0.183 Small 6 

Post_C2 - Pre_C2 −1.633c 0.667 Large 6 

Post_C3 - Pre_C3 −1.656c 0.676 Large 6 

Post_I1 - Pre_I1  −1.633b 0.667 Large 6 

Post_I2 - Pre_I2 −1.633b 0.667 Large 6 

Post_I3 - Pre_I3 −1.414b 0.577 Large 6 

a. The sum of negative ranks equals the sum of positive ranks 
b. Based on negative ranks 

c. Based on positive ranks 

 
Theme 2: Awareness Gaps in Institutional AI Tools 
Students were unfamiliar with institutionally provided and approved GenAI tools but 
showed interest when being introduced to them. However, most students were 
familiar with other popular GenAI tools such as ChatGPT. Upon learning about the 
institution-approved tools, one participant stated, ‘I didn’t know that we had access to 
this through [the university], and I’ll definitely be using some of these in the future.’ 
 
Theme 3: Ethical Boundaries and Academic Integrity 
Students expressed uncertainty about the acceptable use of GenAI and desired more 
explicit guidance from faculty, with some commenting on the inconsistent 
expectations across courses. One participant reflected, ‘You can’t force someone to 
critically think about something. If they’re just letting ChatGPT write everything, they 
were never going to develop the skills anyway.’ Others voiced similar concerns that 
unclear guidance could lead to misuse and undermine skill development. 
 
Theme 4: GenAI as a Learning Companion 
Students preferred to use GenAI to support, rather than replace, their own learning. 
Exposure to novel ways to use GenAI tools, such as generating podcasts, creating 
interactive flashcards, and summarising course materials, was met with enthusiasm. 
One student commented, ‘It’s not meant to replace studying; it’s just nice to have 
something to soundboard with.’ Another student also mentioned, ‘[GenAI] helps me 
get started, but I don’t trust it blindly.’ Discussions around hallucinations in GenAI 
outputs and bias present in the training model reinforced these reflections. 
 
Theme 5: Concerns about Overreliance and Societal Impact 
Participants expressed concerns about their personal overreliance on GenAI and its 
potential societal consequences, including job displacement and the reinforcement of 
systemic biases. ‘Top executives are exactly the kind of people who would accept a 
bad product if it means paying less,’ warned one student. Others stressed that GenAI 
‘is just a tool. It’s the humans that make it a bad tool,’ highlighting the role of human 
agency in ethical adoption. One participant also raised concerns about the erasure of 
human creativity, stating, ‘AI is going to replace artists, and there’s no purpose for 
being an artist.’ They emphasised the need for a ‘line’ where AI remains a ‘backing 
voice, but not the main...replacement.’ 
 The qualitative findings reveal a need for deeper conversations with students 
about GenAI. Even these brief conversations helped participants to understand the 
balance between recognising the benefits of GenAI and its limitations and risks. 
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5. Discussion 

Baseline knowledge and attitudes toward GenAI (RQ1) and shifts in these attitudes 
following the AI-literacy session (RQ2) are entwined, since participants frequently 
described knowledge gains as the mechanism for attitudinal change. These two 
research questions are therefore discussed together, organised below according to 
the theoretical constructs introduced in the conceptual framework. Given the small N, 
these quantitative results should be treated as exploratory and interpreted cautiously. 
They are included to characterise the direction and possible magnitude of change in 
this cohort, not to claim generalisable effects. 
 
Figure 2 
Thematic map of qualitative data 

 
(Source: Personal archive) 
 
5.1 Expectancy and Perceived Value: Shifting Appraisals of GenAI’s 

Academic Utility 
From an expectancy-value perspective, the intervention targeted the interrelated 
beliefs of students’ confidence in their ability to use GenAI tools (expectancy) and 
their appraisal of those tools’ relevance and usefulness for academic work (perceived 
value). The quantitative patterns observed in this pilot are consistent with the 
predictions of this framework. The Wilcoxon results indicate a shift in how students 
understand GenAI, with Familiarity items F3 (understanding how GenAI generates 
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responses) and F4 (confidence in navigating a GenAI interface) showing large effects 
(|𝑟| = 0.795 𝑎𝑛𝑑 0.738 respectively), suggesting that hands-on, guided practice 
increased participants’ sense of competence. Meanwhile, items in the Expectancy 
and Academic Usefulness category (E1-E4) indicated medium-to-large effects (|𝑟| =
0.408 − 0.772), indicating that participants’ perceptions of GenAI’s academic utility 
also shifted upward after the session. 
 Importantly, Future Intentions items (I1-I3) followed a similar trajectory, with 
large effects (|𝑟| = 0.577 − 0.667). This convergence of increased expectancy and 
increased perceived value, followed by stronger behavioural intention, is consistent 
with the central prediction of EVT, where individuals are more likely to engage with a 
task when they feel both capable of performing it and regard it as worthwhile (Wigfield 
and Eccles, 2000). Qualitatively, this pattern was reflected in the participants’ 
descriptions of how regarding NotebookLM include source links, hearing a generated 
study podcast, or watching a custom Gem act like a quiz coach helped to reframe 
GenAI as a study tool rather than a shortcut. One participant remarked, ‘I didn’t think 
I’d use it for studying, but now I can see it actually helps me go over material when I 
don’t have time to read everything.’ Another said, ‘It saves time on busywork so I can 
focus on understanding the topic.’ Students often commented on the time that could 
be saved on low-level tasks (such as searching for specific information or formatting 
a document) that could be spent on higher-order work (such as analysis and 
synthesis). 
 These findings extend the cross-sectional work of Chan and Zhou (2023), who 
have reported a strong positive correlation between perceived value and intention to 
use GenAI among 405 students using an EVT-based instrument. Whereas their 
design captured these relations at a single time point, the present study’s pre-post 
design offers preliminary evidence that the expectancy-value-intention relation can be 
shifted through a brief, targeted intervention. This is a modest but meaningful 
extension: It suggests that rather than being fixed dispositions, students’ expectancies 
and value beliefs about GenAI are responsive to pedagogical experiences, even 
within a single session. This finding also aligns with Wang et al. (2023) who have 
found that supportive environments play a significant role in improving expectancy-
value beliefs around AI literacy, and with Bai and Wang (2025) who have emphasised 
the mediating role of interaction quality in shaping students’ learning outcomes with 
GenAI. 
 Conversely, the null changes observed on F1 and F2 (general familiarity with, 
and prior use of GenAI) are also interpretable through an expectancy-value lens. 
These items had high baseline means (4.500 𝑎𝑛𝑑 3.833 respectively), indicating that 
most participants already considered themselves familiar with GenAI prior to the 
intervention. This ceiling effect is consistent with EVT’s prediction that expectancy 
beliefs, which are already near their maximum, leave limited room for further change 
(Wigfield, 1994). In practical terms, these students did not need the intervention to 
know that GenAI exists. However, they still needed to understand how it operates and 
why it might be worth using thoughtfully, which is precisely where the largest shifts 
were observed. 
 
5.2 Perceived Cost and Ethical Reasoning: A Constructivist Reappraisal 
The Concerns and Ethical Considerations items (C1-C3) offer insight into what EVT 
refers to as perceived costs. These costs are the barriers, risks, and anxieties that 
may discourage engagement even when value and expectancy are high. Item C2 
(uncertainty about whether GenAI constitutes academic dishonesty) and C3 (worry 
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about overreliance) both indicated large downward effects (|𝑟| = 0.676), while C1 
(concern about reduced original thinking) indicated only a small effect (|𝑟| = 0.183). 
From a purely quantitative standpoint, the reduction in C2 and C3 suggests that the 
intervention lowered perceived cost which, according to EVT, should reduce barriers 
to engagement and support the increased intentions observed in the I-category items. 
 However, the qualitative data reveal that this cost reduction was not simply a 
matter of students becoming less worried. Instead, it reflected a constructivist 
reappraisal of what ethical GenAI use means. Pre-session ambiguity around ‘Is this 
dishonesty?’ became a point of discussion during the training, where a distinction was 
made between assistive use with transparency versus unacceptable use. Through 
dialogue and reflection, participants moved from binary thinking (‘Is GenAI cheating 
or not?’) toward conditional, context-dependent reasoning. As one student noted, ‘It’s 
not cheating if I’m using it to learn, as long as I’m honest about how I used it.’ Another 
observed, ‘AI doesn’t decide if it’s ethical, we do.’ These statements suggest that 
participants actively constructed a more nuanced ethical framework through social 
interaction and critical reflection, which is characteristic of constructivist learning. 
 This finding refines the observations of Chan and Hu (2023), as well as Lund 
et al. (2025), who documented widespread student confusion about whether GenAI 
use constitutes academic misconduct. Whereas those studies identified the 
confusion, the present study offers preliminary evidence that even brief, constructivist-
oriented discussions, in which ethical reasoning is embedded within authentic 
workflows rather than delivered as a standalone lecture, can help students develop 
more differentiated positions. Notably, the small effect on C1 (concern about reduced 
original thinking) suggests that not all cost perceptions are equally amenable to short-
term change. Some concerns may be more deeply held or may reflect legitimate 
caution rather than unfamiliarity. Two participants remained wary of overreliance even 
after the session. One put it, ‘It’s useful, but I don’t want it to do the whole thing for 
me. I still want to learn it myself.’ That stance aligns with the session’s goal, which 
was to inform participants about their agency. Critically, from a constructivist 
perspective, this persistent concern should not be interpreted as a failure of the 
intervention. Rather, some students constructed a more sophisticated worry, not less 
worry, precisely because they now understood the tools’ capabilities. As one student 
reflected, ‘I’m still careful with it, but now I know what to be careful about.’ This 
informed caution represents a qualitative change in the nature of the concern, even 
where the quantitative score did not shift substantially. 
 
5.3 Value and Interest: Stability in Intrinsic Motivation 
The Value and Interest items (V1-V3) indicated comparatively little movement: V1 
(curiosity about GenAI for studying) disclosed a small effect (|𝑟|  =  0.236), V2 
(interest in learning how GenAI works) indicated a medium effect (|𝑟|  =  0.408), while 

V3 (importance of learning ethical use) displayed no change (|𝑟|  =  0.000), with a 
near-ceiling baseline mean of 4.833. These patterns suggest that students’ intrinsic 
interest in GenAI and their valuing of ethical engagement were already well 
established before the intervention. 
 This is consistent with broader survey findings. Ravšelj et al. (2025), in a study 
of over 23,000 students from more than 100 countries, found that students generally 
reported high curiosity and interest in GenAI tools, while Blahopoulou and Ortiz-
Bonnin (2025) observed that even students who had not used GenAI still expressed 
interest in its potential. The stability of V3 in particular, with its near-ceiling mean, 
aligns with prior findings that students broadly recognise the importance of ethical AI 
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use, even when they are unsure about what ethical use looks like in practice (as 
reflected in the pre-training C2 scores). This distinction between motivating students 
toward GenAI and equipping motivated students to use it well has implications for how 
institutions design AI literacy programmes, as it suggests that programmes should 
prioritise guided practice and critical reflection over persuasion. 
 
5.4 Constructivist Pedagogy and Workshop Design Mechanisms 
For RQ3, the three workshop design features that appear to drive the observed 
changes are: 

1. Students’ interactions with RAG tools, where they could observe source-level 
anchoring, increased perceived transparency, and control of outputs. One 
participant stated, ‘Once I saw where the answers came from, it felt less like 
magic and more like something I could control.’ From a constructivist 
perspective, this feature made the tool’s reasoning process visible, allowing 
students to evaluate and interrogate outputs rather than passively accepting 
them. This aligns with the constructivist emphasis on students actively 
questioning and verifying knowledge. 

2. Academic integrity was not a separate discussion and was embedded in each 
workflow (e.g., when to verify, and what to disclose). A participant 
acknowledged, ‘You don’t have to trust AI completely…you can check.’ This 
embedded approach reflects the constructivist principle that knowledge is best 
constructed in context. It also aligns with the concept of situated literacies, 
where AI literacy is understood as context-specific rather than a universal, 
decontextualised competency. 

3. Just-in-time learning examples matched authentic academic tasks (outline, 
create flashcards, and generate practice questions) which, as one participant 
put it, helped them to understand how they ‘can use this tonight.’ This design 
feature exemplifies the constructivist emphasis on situating learning in 
authentic, personally meaningful contexts, and it may explain why the largest 
effects were observed in the Expectancy (E) and Intention (I) categories. 
Participants could directly envision how GenAI would fit into their existing 
academic practices, thereby increasing both perceived utility value and 
expectancy. 

 
These three mechanisms provide some guidance on what constructivist AI literacy 
training looks like in practice, contributing to the growing but still limited evidence base 
on pedagogical design for GenAI education. Importantly, these design features also 
connect back to the expectancy-value framework by increasing transparency (which 
builds expectancy), demonstrating practical relevance (which builds perceived value), 
and reducing uncertainty about ethical boundaries (which lowers perceived cost). 
 

6. Conclusion 

This study set out to examine whether a focused intervention could ‘prompt change’ 
in how undergraduates perceive and use GenAI. After engaging with current GenAI 
tools and reflecting on their use, students shifted from uncertainty to enthusiasm and 
a commitment to the ethical use of GenAI. They discovered that these tools, when 
approached with critical thinking, can be powerful for their learning, helping to 
personalise their study process. At the same time, they gained a better understanding 
of GenAI’s limitations, therefore becoming more AI-literate students who can leverage 
the technology’s strengths for their education. Just as digital literacy became essential 
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in the last few decades, AI literacy is rapidly becoming indispensable. These tools are 
becoming ubiquitous in society and by supporting students in developing AI literacy 
now, the purposeful implementation of training not only enhances their current 
learning outcomes but also empowers them with skills and mindsets for lifelong 
learning, where an overreliance on these tools could lead to the loss of critical 
thinking.  
 Prompting change, on the one hand, refers to the idea that by teaching 
students how to prompt GenAI effectively, they can change the way in which they 
approach learning tasks (by making them more efficient and giving them more time to 
be creative). On the other hand, it signifies prompting a broader change in educational 
practice, in an effort to change the culture to one where GenAI is integrated into 
learning in a thoughtful way, rather than left unregulated. The experiences of the six 
students in this study offer a glimpse into how this can be achieved. Educators must 
be proactive in equipping students with AI literacy. This involves providing resources 
and training, establishing clear ethical guidelines, and encouraging exploration and 
responsible innovation. One participant aptly noted, ‘AI should be fully integrated into 
teaching and learning objectives…[focusing on] responsible and productive use.’ 
 
6.1 Limitations and Future Research 
While this study yielded valuable insights, it has limitations. First, the sample size (𝑁 =
6) was small and not demographically diverse since all participants were from the 
same university and of traditional college age, that substantially limit both statistical 
inference and external validity. Nonparametric tests (e.g., Wilcoxon) have limited 
power to detect small-to-moderate changes. Therefore, null findings should not be 
interpreted as evidence of no effect. Conversely, apparent ‘large’ effects may be 
unstable and disproportionately influenced by one or two participants, and p-values 
are highly sensitive to single-case shifts. Accordingly, the quantitative results are best 
interpreted as exploratory within-participant patterns that motivate hypotheses and 
inform the design of future interventions, rather than as confirmatory evidence of 
population-level effects. The primary contribution of this pilot is therefore mechanistic 
and design-oriented, identifying plausible learning mechanisms and illustrating how 
students reason about GenAI after a targeted literacy intervention within a specific 
context, rather than estimating generalisable effect magnitudes. To reiterate, this 
study functioned as a pilot, and larger studies are necessary across varied contexts. 
Future research should involve a control group and a larger experimental group to 
more rigorously measure the impact of AI literacy interventions on actual academic 
performance or longer-term attitude changes.  
 Second, the data on actual behaviour change are indirect, as they comprise 
self-reported intentions and immediate post-training enthusiasm. How these students 
will integrate GenAI into their study practices over time is unknown. There is a risk of 
‘workshop effect’ wear-off. Longitudinal research tracking students’ GenAI usage 
patterns over time (with tools that log usage or through periodic surveys/interviews) 
would be valuable. This longitudinal data would help answer questions such as, ‘Do 
students continue to apply what they learned from the AI literacy training?’ and ‘Does 
AI literacy training have any measurable effect on learning outcomes or efficiency 
(e.g., do students produce better essays, or do they save time on homework)?’  
 Another limitation is that the qualitative analysis is interpretive and potentially 
subject to researcher bias. As the trainer and principal investigator were the same 
person, there is a possibility of inadvertently leading students or interpreting their 
statements in an overly optimistic manner. In an effort to mitigate this, direct quotes 
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were placed throughout the paper, but bias cannot be truly mitigated without cross-
validation and interrater agreement. Future studies should consider having 
independent observers or coders, and possibly even different trainers to see if results 
are replicable – is there anything idiosyncratic about a facilitator’s style that influenced 
outcomes?  
 While the core literacies (prompting, evaluating output, and ethical use) remain 
broadly applicable, future training needs to adapt to the continually updating 
technology and the emergence of new GenAI systems. Therefore, research should 
continue to evaluate AI literacy interventions for new modalities and tools, ensuring 
that pedagogical approaches keep pace with technological advances (e.g., how to 
teach students to critically evaluate AI-generated diagrams or deepfake videos in an 
academic context).  
 Finally, while this study focused on students, an important complementary 
angle is faculty development. For AI literacy to truly support student learning, 
instructors themselves must be literate and comfortable with GenAI, so that they can 
design assignments that incorporate GenAI constructively and evaluate student work 
fairly. This study did not address faculty perspectives, but some participants noted 
inconsistent policies among educators. Future research might explore how faculty can 
be trained to create an environment conducive to AI literacy, using AI-responsive 
assessments. 
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Appendix A 
Table 3 
Paired samples descriptive statistics 
 

 
Mean Median Mode 𝑵 

Std. 
Deviation 

Std. Error 
Mean 

Pair 1 Pre_F1 4.500 4.500 4b 6 0.548 0.224 

Post_F1 4.500 4.500 4b 6 0.548 0.224 

Pair 2 Pre_F2 3.833a 4.000 4 6 1.472 0.601 

Post_F2 3.833a 4.000 4 6 1.472 0.601 

Pair 3 Pre_F3 3.333 3.000 3 6 1.033 0.422 

Post_F3 4.667 5.000 5 6 0.516 0.211 

Pair 4 Pre_F4 3.000 3.000 3 6 1.414 0.577 

Post_F4 4.333 4.000 4 6 0.516 0.211 

Pair 5 Pre_E1 4.000 4.000 4 6 0.632 0.258 

Post_E1 4.167 4.000 4 6 0.753 0.307 

Pair 6 Pre_E2 3.333 3.500 3b 6 1.366 0.558 

Post_E2 4.000 4.000 4 6 1.095 0.447 

Pair 7 Pre_E3 3.167 3.000 3 6 1.329 0.543 

Post_E3 4.000 4.000 4 6 1.095 0.447 

Pair 8 Pre_E4 3.500 4.000 4 6 1.225 0.500 

Post_E4 4.333 4.000 4 6 0.516 0.211 

Pair 9 Pre_V1 4.000 4.000 3b 6 0.894 0.365 

Post_V1 4.167 4.000 4 6 0.753 0.307 

Pair 10 Pre_V2 4.167 4.000 4 6 0.753 0.307 

Post_V2 3.833 4.000 4b 6 1.169 0.477 

Pair 11 Pre_V3 4.833a 5.000 5 6 0.408 0.167 

Post_V3 4.833a 5.000 4b 6 0.408 0.167 

Pair 12 Pre_C1 2.833 2.500 2 6 1.169 0.477 

Post_C1 2.667 2.500 5 6 1.366 0.558 

Pair 13 Pre_C2 2.333 2.500 1b 6 1.211 0.494 

Post_C2 1.667 1.000 2b 6 1.211 0.494 

Pair 14 Pre_C3 3.833 3.500 3 6 0.983 0.401 

Post_C3 2.833 3.000 1 6 1.722 0.703 

Pair 15 Pre_I1 3.167 3.000 3 6 1.329 0.543 

Post_I1 3.833 4.000 1b 6 0.753 0.307 

Pair 16 Pre_I2 3.167 3.000 3 6 1.329 0.543 

Post_I2 3.833 4.000 4 6 0.753 0.307 

Pair 17 Pre_I3 4.000 4.000 4 6 1.095 0.447 

Post_I3 4.333 4.500 5 6 0.816 0.333 

a. Identical values between pre-test and post-test  

b. Multiple modes exist, with the smallest shown 

 


