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 Abstract 

The study explores the ethical concerns and the affordances of generative artificial 
intelligence (GenAI) in higher education from the perspectives of underserved 
students. Data were collected through a survey of 77 students in a public university 
with predominantly underserved students in the United States. Informed by the five 
principles of AI ethics and technology affordance theory, the study employed a 
mixed-methods approach. Qualitative analysis of the narrative data revealed six 
themes: utility affordances, value affordances, user behavior, AI use outcomes, the 
contingency of ethical AI use, and a pessimistic view of ethical AI use, suggesting that 
ethical considerations in GenAI use depended on user perspectives. Furthermore, 
quantitative analysis indicated that student perceptions of the ethical use of GenAI 
varied by their demographic and socioeconomic background. The study also revealed 
nuances of the digital divide in AI. The study contributes to the literature by proposing 
an integrated model of ethical GenAI use and offers practical implications for 
promoting effective and ethical use of GenAI in higher education. 
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Introduction 

The rapid advancement of artificial intelligence (AI) has significantly transformed our 

society. As a subset of AI models, generative AI (GenAI) can generate seemingly new, 

meaningful content such as text, images, or audio based on the training data (Feuerriegel 

et al., 2024). Commonly used GenAI platforms include ChatGPT, Gemini, and Copilot for 

text, as well as Dall-E and Midjourney for images, among others. With its power to produce 

various types of content and exhibit human-like capabilities, GenAI has proliferated in our 

work and education, sparking both enthusiasm and concerns among many. 

http://creativecommons.org/licenses/by/4.0/
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  In higher education, debates about GenAI revolve around issues such as academic 

integrity, skill development, and the balance between leveraging AI for innovation and 

creativity while preventing overreliance on technology (Nguyen et al., 2024; Zhai et al., 

2024). On the one hand, research has shown that GenAI benefits student learning such as 

providing personalized learning and automated feedback (Chen, 2022) and enhancing 

programming self-efficacy and learner motivation (Yilmaz & Yilmaz, 2023). On the other 

hand, scholars have warned us about GenAI misuse (e.g., plagiarism) (Terwiesch, 2023) 

and its unintended consequences on human cognition and skills (Bowen & Watson, 2024).  

Despite the debates, educators and scholars share the concern that GenAI integration in 

higher education has posed ethical challenges, including key ethical dimensions related to 

accountability, human oversight, transparency, and inclusiveness (Dabis & Csáki, 2024; 

Deng & Joshi, 2024). University students have also expressed concerns about the accuracy, 

privacy, and ethical issues related to AI (Chan & Hu, 2023) and wanted clear institutional 

support and guidance on how to use AI appropriately (Tierney et al., 2025). Ethical AI 

should also concern large-scale ethical issues around biases in training data and AI 

algorithm development as well as organizational and environmental impacts (Moussawi et 

al., 2024).  

The paradoxical impacts of GenAI on underserved students will be profound. In the 

United States, underserved students are defined as those who possess at least one of the 

following characteristics: (1) racial or ethnic minority; (2) low household income; or (3) 

first generation in college (i.e., highest parental education level is high school or less) (ACT 

Inc., 2014). Unfortunately, higher education institutions serving a large population of 

underserved students still face challenges in closing the digital divide and achieving the 

digital literacy of its underserved students (Deng & El Hag, 2024). In the era of AI, digital 

divide may be exacerbated or reduced depending on how the technology is deployed and 

accessed. One argument is that underserved students may lack the educational 

infrastructure and skills to effectively engage with the rapidly evolving AI technologies. A 

counterargument is that, by providing personalized learning experiences, AI can help level 

the educational playing field and bridge the digital divide. For example, having 

experimented with the free version of ChatGPT in university-level courses, students from 

diverse backgrounds found that GenAI was helpful with their learning tasks (Sun & Deng, 

2025).  

Researchers have started to examine factors that contribute to the AI experiences of 

individuals from various communities and found that individual factors (e.g., women and 

the elderly) and socioeconomic background (e.g., low income) are significantly associated 

with lower digital confidence with understanding and using digital technologies such as AI 

(Bentley et al., 2024). Since underserved university students share similar characteristics 

such as low socioeconomic status, it is important to understand how this marginalized 
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population can utilize AI ethically and responsibly to minimize the risk of being left behind 

in an AI-driven society. Nonetheless, we still have limited knowledge about the effective 

use and unintended consequences of using GenAI among underserved university students. 

To address the research gap, this study explores ethical concerns and the affordances of 

GenAI use in higher education from the perspectives of underserved students. Specifically, 

the study addresses three research questions (RQs):  

• RQ1: What ethical considerations arise from underserved students' use of 

GenAI? 

• RQ2: What are the affordances of GenAI in education?  

• RQ3: Do underserved students’ perceptions of the ethical use of GenAI vary 

by their demographic and socioeconomic background?  

To answer the research questions, this study employs a mixed-methods approach 

involving both qualitative and quantitative analyses that complement each other and 

potentially provide a richer exploration of the linkages across variables (Mingers, 2001).  

RQ1 and RQ2 are addressed through qualitative analysis, while RQ3 is answered by 

quantitative analysis. This exploratory study is informed by research on the principles of 

ethical AI (Floridi & Cowls, 2022; Floridi et al., 2018; Jobin et al., 2019) and the 

technology affordance theory proposing that the realization of technology features depends 

on the users themselves (Faraj & Azad, 2012). User acceptance is essential to the successful 

uptake of technological innovations (Davis, 1989). In a learning environment, how students 

perceive a technological innovation such as GenAI can influence their willingness to utilize 

the technology in learning, and the same technology may have different affordances 

depending on the user and situation. That is, how AI is used and by whom will impact AI 

use for information seeking (Davis, 2020). 

The research setting of the study is a minority-serving, urban public university in the 

United States. Data were collected through a survey of 77 students in the business college 

of the university, where most students come from underserved local communities with 

limited educational resources. This research setting helps enhance our understanding of 

ethical GenAI use from the perspective of underserved students.   

The qualitative analysis of responses to an open-ended survey question revealed six 

themes related to ethical considerations and affordances of GenAI use in higher education. 

The quantitative analysis of the numerical survey data showed that student perceptions 

varied by their individual backgrounds. The study contributes to the literature through 

expanding technology affordances to the new technology of GenAI and revealing the 

multifaceted nature of ethical considerations for GenAI use. It also proposes an integrated 

model of ethical GenAI use that links the ethics principles in AI design with the utility and 

values affordances perceived by GenAI users. Finally, the study’s focus on the GenAI use 
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of underserved students has practical implications for promoting inclusive excellence in 

higher education. 

The paper proceeds as follows: Section 2 reviews the literature on GenAI use in higher 

education and the digital divide experienced by underserved students, followed by 

explanations of the theoretical background—ethical AI principles and technology 

affordances. Section 3 describes the research setting, data collection, and participant 

characteristics. Section 4 reports the qualitative analysis and findings while Section 5 

presents quantitative analysis and results. Section 6 discusses the findings, proposes an 

integrated model of ethical considerations for GenAI use, and highlights the study’s 

theoretical contributions and practical implications. Finally, Section 7 concludes with a 

summary of key findings, study limitations, and suggestions for future research. 

Literature review 

GenAI use in higher education   

Despite being a new technology publicly launched in November 2022, GenAI applications 

such as ChatGPT have been rapidly adopted by university students. A survey of 

approximately 1,600 students and over 1,000 faculty across more than 600 higher 

education institutions in the United States reported that 49% of students regularly used 

GenAI for academic tasks as of September 2023, with 75% of student AI users expressing 

the intent to continue using GenAI tools despite potential restrictions by their instructors 

or institutions, showing a much higher adoption rate than that of faculty (22%) (Shaw et 

al., 2023). The survey respondents came from a variety of institutions including public 

four-year colleges, private four-year colleges, community colleges, and trade or vocational 

schools. Respondents also varied in their backgrounds: 19% first-generation college 

students (FGCSs), 30% financial aid recipients, 38% employed while attending school, 

53% White, 24% Black or African American, 21% Hispanic, and 8% Asian (Shaw et al., 

2023). 

Research has found positive impacts of GenAI on student learning in higher education. 

For example, students using ChatGPT in a computer programming course were rated 

higher in their computational thinking skills, programming self-efficacy, and motivation 

than the cohort who did not use ChatGPT (Yilmaz & Yilmaz, 2023). In a graduate-level 

instructional design course, students who utilized GenAI to facilitate learning reported 

significant personal and professional growth, including better time management, improved 

critical thinking, and a deeper understanding of instructional design principles (Wood & 

Moss, 2024). Moreover, a recent study found that students’ motivation and ability to assess 

the credibility of GenAI-generated information were influenced by six factors: task 
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salience, task verifiability, social pressure, trust in GenAI, domain knowledge, and time 

availability (Choi et al., 2025).  

Despite the evidence of these positive impacts, studies have also identified negative 

effects of GenAI use on student learning. For example, a study of first-year students in a 

German university (Wecks et al., 2024) suggested that GenAI may hinder student learning: 

students using GenAI tools in writing case study essays scored lower on the exam than 

non-users and the negative effect was particularly detrimental to students with high 

learning potential. Similarly, a study of 54 participants recruited from several universities 

in the United States revealed that while the use of large language models (LLMs) such as 

ChatGPT brought initial benefits, participants using a LLM to write an essay performed 

worse than their counterparts who did not use the LLM initially but were allowed to use it 

in  re-writing  the essay, suggesting a negative impact of AI on the development of learning 

skills if introduced too early (Kosmyna et al., 2025). To achieve both immediate tool 

efficacy and lasting cognitive autonomy, the authors recommended delaying AI integration 

until learners have engaged in sufficient self-drive cognitive effort (Kosmyna et al., 2025). 

Reflecting on both sides of the argument, scholars have suggested the duality of GenAI 

use in higher education. For example, a study in six Hong Kong universities revealed that 

students recognized the potential of GenAI for personalized learning support, writing and 

brainstorming assistance, and research and analysis capabilities, while they expressed 

concerns about GenAI’s accuracy as well as about privacy and ethical issues, and the 

impact on personal development, career prospects, and societal values (Chan & Hu, 2023). 

Another study in the United Kingdom found similar evidence of both positive and negative 

student perspectives regarding AI in higher education (Tierney et al., 2025). 

Digital divide and AI  

Digital divide initially referred to socioeconomic disparities in physical access to 

computers and the Internet (Gunkel, 2003). Subsequently, researchers have extended the 

concept to describe differences in individual usage and user skills. One common term used 

by researchers is digital competence, defined as a combination of information, 

communication, content creation, and problem-solving skills (Ferrari, 2012). Despite 

advancements in access to information and communication technologies (ICT), disparities 

in ICT resource access, skills, and usage persist (van Deursen & van Dijk, 2019). Research 

into the underlying factors contributing to the digital divide has revealed individual and 

socioeconomic factors as the common causes, among which, four factors—income, 

education, race/ethnicity, and employment status—are closely related to the characteristics 

of underserved students (Deng & El Hag, 2024). In online education, underserved college 

students were found to be not only technologically disadvantaged but also encountering 



Deng and Sun Research and Practice in Technology Enhanced Learning (2027) 22:11 Page 6 of 31 

 6 

multifaceted barriers due to family responsibilities and employment obligations (Deng & 

Sun, 2022).  

The digital divide problem experienced by underserved students becomes even more 

worrisome in the age of AI. As AI becomes more pervasive and rapidly integrated into 

various aspects of our daily lives—from workplaces to education—those without access to 

or understanding of these technologies risk being left at a significant disadvantage. Thus, 

the advancements of AI have given rise to a new type of divide—the AI divide—the 

widening gap between those who have the resources and capabilities to benefit from AI 

and those who do not (Dogra, 2025). The AI divide encompasses the disparity not only in 

access to AI technologies but also the ability to develop and benefit from these technologies.  

Prior research has conceptualized the AI divide as a subdimension of the digital divide. 

For example, Carter et al. (2020) define the AI divide as “AI-related inequalities about 

access to AI (the first-level divide), the ability to use AI (the second-level divide), and the 

outcomes of AI engagement (the third-level divide)” at multiple levels—individual, 

institutional, and country—while emphasizing the significance of individuals’ perceptions, 

beliefs, and AI attitudes (p. 259). A recent study by Wang et al. (2025) calls for attention 

to understanding the second-level divide in terms of users’ AI knowledge and skills and 

the third-level divide in terms of user attitude toward AI in the rapidly increasing 

deployment of AI technologies.  

Although the digital divide and the AI divide are closely related concepts, it is important 

to distinguish between them. The AI divide is a newer, more complex form that builds on 

the digital divide, specifically addressing unequal access to and understanding of advanced 

AI technologies, including the skills to develop, use, and critically engage with AI tools. It 

considers factors beyond basic access to technology, such as AI literacy, data, algorithms, 

and the ability to benefit from the opportunities that AI offers. 

Ethical AI principles 

GenAI includes a suite of technologies capable of producing new content based on existing 

data, advancing the adoption of ICT in organizations. With significant multimodal 

capabilities, GenAI spans the processing not only of human languages and computer code 

but also of images, videos, audio, and rich human-computer interactions (Feuerriegel et al., 

2024). Prior studies have highlighted the importance of individual factors such as 

perceptions and cultural orientations in  people’s ethical behavior in using computer 

technologies in organizations (Lowry et al., 2014; Mingers & Walsham, 2010). 

There is a debate about what constitutes “ethical AI.” Organizations have launched a 

wide range of initiatives to establish ethical principles for the adoption of socially 

beneficial AI. Analyzing several of the highest-profile sets of ethical principles for AI, 

Floridi and colleagues (Floridi & Cowls, 2022; Floridi et al., 2018) assessed whether these 
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principles converge upon a set of agreed-upon principles, or diverge, with significant 

disagreement over what constitutes “ethical AI.” Their analysis revealed an overarching 

framework consisting of five core principles, four of which are commonly used in 

bioethics—beneficence, non-maleficence, autonomy, and justice—and a new principle of 

explicability. First, beneficence refers to promoting well-being, preserving dignity, and 

sustaining the planet, ensuring that AI technologies benefit and empower as many people 

as possible. Second, non-maleficence refers to privacy, security, and “capability caution,” 

characterized as being intimately linked to individuals’ access to, and control over, how 

personal data is used. Third, autonomy means the power to decide (or whether to decide), 

striking a balance between the decision-making power we retain for ourselves, and that 

delegated to artificial agents. Fourth, justice refers to promoting prosperity and preserving 

solidarity, seeking to eliminate all types of discrimination. Lastly, explicability refers to 

enabling the other principles through intelligibility (e.g., how does it work?) and 

accountability (e.g., who is responsible for the way it works?), stressing the need to 

understand and hold to account the decision-making processes of AI.  

Similarly, Jobin et al. (2019) investigated whether a global agreement on ethical AI 

principles is emerging. Through mapping and analyzing the current corpus of principles 

and guidelines on ethical AI, the authors found that five principles capture every one of the 

47 principles contained in the six high-profile, expert-driven documents they analyzed. 

Their results reveal a global convergence emerging around five ethical principles—

transparency, justice and fairness, non-maleficence, responsibility and accountability, and 

privacy. The principle of transparency comprises efforts to increase explainability, 

interpretability and other acts of communication and disclosure. The principle of Justice 

and fairness refers to the aspects of justice, fairness, consistency, inclusion, equality, equity, 

(non-)bias, (non-)discrimination, diversity, plurality, accessibility, reversibility, remedy, 

redress, challenge, access, and distribution. Non-maleficence encompasses general calls for 

safety and security and states that AI should never cause foreseeable or unintentional harm. 

In terms of responsibility and accountability, specific recommendations include acting 

with “integrity” and clarifying the attribution of responsibility and legal liability. Finally, 

privacy is often presented in relation to data protection and data security. 

The framework proposed by Jobin et al. (2019) shares three principles with those 

described by Floridi and colleagues (Floridi & Cowls, 2022; Floridi et al., 2018): 

transparency (explicability), non-maleficence, and justice (and fairness). The privacy 

principle in Jobin et al.’s (2019) framework is considered a dimension of the non-

maleficence proposed by Floridi and colleagues. Therefore, the major differences between 

the two overarching frameworks are that the principle of responsibility and accountability 

is included in Jobin et al.’s (2019) framework while the principles of beneficence and 

autonomy are included in the framework proposed by Floridi and colleagues (Floridi & 
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Cowls, 2022; Floridi et al., 2018). This study exploring ethical AI in higher education 

adopts both frameworks of ethical AI principles to inform the data analysis and 

interpretation. 

Based on ethical AI principles (Floridi et al., 2018), previous research has introduced the 

ethical task–AI fit framework, which emphasizes evaluating the compatibility of tasks with 

AI technology (Bankins, 2021; Sturm & Peters, 2020). GenAI, a new AI model, has 

demonstrated its ability to create new content based on the training data. As users 

increasingly adopt GenAI as a tool in their daily lives, human behavior must be accounted 

for in the ethical use of technology. Thus, the human-like language and the output 

generated by GenAI demonstrate the necessity to assess the people–AI fit using the five 

ethical principles. In the educational context, Deng and Joshi (2024) have argued that 

ethical consideration of GenAI should incorporate human behavior to assess the people-AI 

fit and apply the task-AI fit framework to analyze the interactions among the ethical 

principles, student behavior, and academic outcomes.  

Technology affordance theory 

The concept of affordances was first introduced by Gibson (1966) to refer primarily to the 

possibilities of action provided by objects in the environment. Objects are not perceived as 

what they are but rather as what they can do (Gibson, 1986). Information systems (IS) 

scholars have used the term to describe the possibilities for action offered to an individual 

by an object (e.g., Leonardi, 2011; Markus & Silver, 2008). Affordance is defined as “the 

potential for behaviors associated with achieving an immediate concrete outcome and 

arising from the relationship between an object (e.g., an IT artifact) and a goal-oriented 

actor or actors” (Volkoff & Strong, 2013, p. 823). The conceptualization of affordances in 

information systems highlights the action potential of technology. The interaction between 

one actor and a technology can generate more than one affordance, resulting in multiple 

outcomes (Treem & Leonardi, 2013; Volkoff & Strong, 2013). Yet the use of IT features 

or a combination of the features is in the disposition of the actors themselves. Realizing the 

action potential of technology depends on the goals and abilities of the actors (Faraj & 

Azad, 2012). 

The affordance lens is a powerful tool for helping researchers understand the choices 

made regarding technology and the outcomes of those choices. Consider social media 

technology as an example. In higher education, social media use can promote social 

engagement and mitigate the exclusion experienced by underserved students. Upon 

analyzing the narratives of 102 FGCSs regarding their experiences of using social 

networking technologies in college, Gonzalez and Deng (2023) revealed four actualized 

affordances (interconnection, inspiration, insightfulness, and intense comfort) by three 
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types of social media users (community builders, scholars, and information seekers), 

shedding light on technology usage for social inclusion outcomes.  

Methods 

This study adopts a mixed-methods approach involving both qualitative and quantitative 

analyses to answer the three research questions: qualitative analysis provides insights for 

RQ1 and RQ2, while quantitative analysis addresses RQ3. Qualitative and quantitative 

analyses complement each other and potentially provide a richer exploration of the linkages 

across variables (Mingers, 2001).  

Research site 

The research took place in a public university in the United States. The university is known 

as a minority-serving institution, with 69% of students being Hispanic or Latino, 11% 

Black or African American, and 8% Asian or Pacific Islander. In the United States, 

minority-serving institutions are institutions of higher education that enroll a high 

percentage of minority students such as African American, American Indian, 

Hispanic/Latino, and Pacific Islander (Espinoza, 2024). Most students in this university are 

underserved students. In 2022, approximately 92% of undergraduate students were 

considered underserved (meeting at least one of the ethnicity, income, and generation 

criteria), among which, 30% met all the criteria. 

Data collection 

The researchers designed a ChatGPT activity flow and created an online survey asking 

students about their perception of using ChatGPT in learning. The survey consisted of key 

questions such as “Prior to the class where you received this survey, have you used 

ChatGPT for any task?” “How do you feel about the following statements on using 

ChatGPT in college education (1=Strongly Disagree; 5=Strongly Agree)?” “What do you 

consider the ethical use of ChatGPT in academic study environments?” In the survey, we 

intentionally did not provide the definition of ethical AI to students because the objective 

of the study was to elicit students’ viewpoints on the ethical use of GenAI. The survey also 

included questions on students’ characteristics: age, gender, race or ethnicity, employment 

status, etc. The survey was approved by the Institutional Review Board (IRB) of the 

university to ensure ethical research. 

The researchers invited instructors in the business college of the research site to 

encourage their students to participate in the study. Four instructors voluntarily agreed to 

distribute the survey and related ChatGPT activity to their students during the last two 

weeks of classes in May, June, July, and December 2023, respectively. Each time we 

assigned different, non-consecutive, participant ID numbers to the respondents. A total of 
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186 students from seven classes were invited to participate in the survey. After two 

reminders in each round of data collection, we received 77 valid responses, representing 

an overall response rate of 41.4%.  

Participant characteristics 

Most student participants were non-White:  53% Hispanic/Latino, 19% Black/African 

American, and 9% Asian/Pacific Islander. Also, 60% were first generation college students 

(FGCSs) and 79% were employed (57% full-time and 22% part-time). Since the 

participating classes were higher-level university courses, most students were juniors or 

above, and four-fifths were aged 22 or older. The participant characteristics are consistent 

with the student demographics university-wide in terms of ethnicity, Pell-grant eligibility 

(a proxy for low-income status), employment status, and gender, while having a higher 

representation of Black students, FGCSs, and senior and graduate students. Among the 77 

participants, 23 had prior experience with ChatGPT while 54 did not. Table 1 presents the 

participant characteristics.  

 

Table 1  

Participant characteristics (N = 77) 

Characteristics Frequency Percent University data,  

2022-23 

Ethnicity  
   

  Asian or Pacific Islander 7 9% 8% 

  Black or African American 15 19% 11% 

  Hispanic or Latino 41 53% 69% 

  White/Caucasian 6 8% 6% 

  Other 2 3% 6% 

  Prefer not to answer 6 8% 
 

First Generation Student Status 
   

  FGCS  46 60% 47% 

  Non-FGCS 25 32% 
 

  Prefer not to answer 6 8% 
 

Pell Grant Eligibility*  
   

  Eligible 41 53% 58% 

  Not eligible 25 32% 
 

  Prefer not to answer 11 14% 
 

Employment 
   

Employed full-time 44 57% 
 

  Employed part-time 17 22% 
 

  Not employed  16 21% 26% 

Gender  
   

  Female 40 52% 62% 

  Male 33 43% 38% 

  Prefer not to answer 4 5% 
 

Class/Year  
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  Freshman 1 1% 21% 

  Sophomore 4 5% 10% 

  Junior 21 27% 25% 

  Senior 37 48% 34% 

  Graduate 14 18% 11% 

Age  
   

  18-21 14 18% N/A 

  22-29 31 40% N/A 

  30-39 22 29% N/A 

  40-49 7 9% N/A 

  50-59 2 3% N/A 

  Prefer not to answer 1 1% 
 

Prior ChatGPT experience    

  Yes 23 30% N/A 

  No 54 70% N/A 

Note. *Eligible for U.S. Federal Pell Grants targeted at undergraduate students with exceptional 

financial needs.  

Qualitative analysis and findings 

Data coding and thematic analysis 

Thematic analysis was performed to answer RQ1 and RQ2. Thematic analysis is a 

qualitative method for identifying, analyzing, and reporting certain themes or patterns 

across an entire data set (Braun and Clark, 2006; Clarke et al., 2015). Following the 

guidelines articulated by Braun and Clark (2006), we conducted thematic analysis to 

interpret student narratives regarding student perceptions of the ethical use of ChatGPT in 

academic environments (“What do you consider the ethical use of ChatGPT in academic 

study environments?”). First, we performed an open coding of student narratives to identify 

first-order codes. Then we sorted and grouped the codes in higher-order themes based on 

their  commonalities and collated each code’s data extracts to its corresponding theme. 

Next, we iteratively refined the codes by screening all collated extracts for each theme and 

made the necessary revisions of the code label informed by ethical AI principles. Finally, 

we checked for missing codes and organized the subgroup codes in a hierarchical structure. 

Table 2 describes the coding scheme, definitions, and examples. Our coding scheme was 

informed by prior ethical AI research (Floridi & Cowls, 2022; Floridi et al. 2018; Jobin et 

al., 2019) and by our data.  
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Table 2  

Data coding scheme, definitions and examples 

First-order code Definition Example 

Accountability Acting with ‘integrity” and clarifying the 
attribution of responsibility and legal 
liability (Jobin et al., 2019) and stresses 
the need to hold to account the decision-
making process of AI (e.g., “Who is 
responsible for the way it (AI) works?”) 
(Floridi et al. 2018; Floridi & Cowls, 2022) 

I think ethical use of ChatGPT is 
by being transparent and having 
integrity (P48) 

 

Autonomy The power to decide (or whether to 
decide), striking a balance between the 
decision-making power we retain for 
ourselves, and that delegated to artificial 
agents (Floridi et al. 2018; Floridi & Cowls, 
2022) 

Ethical use of ChatGPT is to use 
it as a resource for better 
understanding of lessons or 
topics that could be more 
difficult for a student (P59) 

 

Explicability Enabling the other principles through 
intelligibility (e.g., how does it (AI) work?) 
stressing the need to understand the 
decision-making processes of AI (Floridi 
et al. 2018; Floridi & Cowls, 2022). 

The AI’s outputs (ChatGPT 
responses) are adequately 
explainable for the task. 
ChatGPT can provide examples, 
teaching and many other 
information so students can be 
successful (P64) 

User compliance Users’ compliance with AI use guidelines 
and policies established in the user 
environments (Derived from this study) 

I do not use ChatGPT unless it's 
confirmed we can use outside 
sources (P49) 

User 
transparency 

User behavior of self-disclosure, 
disclosing if or how AI is used in their 
academic work (Derived from this study) 

Letting the reader aware that 
the system [ChatGPT] was used 
and it's not someone's own 
words (P35) 

To ensure the reliability of the analysis, the two researchers first performed the coding 

independently by following the coding scheme before comparing their respective coding 

results. The inter-coder agreement is 88%, representing a high level of reliability. We 

finalized the results by resolving the coding discrepancies through extensive discussions 

and reexamination of the participant responses. For example, in the initial coding of the 

response, “I do not use ChatGPT unless it's confirmed we can use outside sources,” one 

researcher coded it as “User self-disclosure” and the other coded it as “Compliance”. After 

careful deliberation, the two researchers agreed that the response refers to user’s behavior 

to comply with classroom AI use policies and procedures and eventually refined this code 

as “User compliance”. During the thematic analysis, we practiced reflexivity, both 

individually and through team discussion.1  

Table 3 illustrates our data coding and analysis process from revealing the first-order 

codes to grouping them into higher-order categories. As shown in the first response, two 

concepts—explicability and use purpose—were revealed to be associated with ethical AI. 

Both led to higher-order categories related to affordances in ethical AI, e.g., ethical AI 

affords value (e.g., a principle) and affords a utility (e.g., use purpose). Similarly, in the 
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second response, the first-order code of user transparency and compliance led to the higher-

order category of achieving ethical AI through user behavior in being transparent and 

compliant. 

Table 3  

Illustration of data coding and analysis process through examples 

Respondent’s narrative Relevant 
phrases 

First-order 
codes 

Higher-order 
categories 

Final 
themes 

Response 1: “With all due 
respect, ChatGPT can 
explain material easier than 
a professor. And even 
before ChatGPT, most of the 
students relied on tutoring 
or the internet to find ways 
of solving problems or 
understanding the material. 
Ethical use of ChatGPT 
would be using it for further 
understanding of the 
material as the machine will 
keep generating different 
answers with different 
approaches.” (P49) 

“ChatGPT can 
explain 
material” 

“the machine 
will keep 
generating 
different 
answers with 
different 
approaches” 

 

Explicability 

 

 

 

 

Ethical 
principle: 
Ethical AI is 
achieved when 
technology 
demonstrates 
one of its 
ethical 
principles, e.g., 
explicability 

Value 
affordance 

 

 

 

 

“using it for 
further 
understanding 
of the 
material” 

 

Purpose of 
use 
(resource) 

 

Use purpose: 
Ethical AI is 
achieved when 
technology 
affords a 
certain use 
purpose (e.g., 
as a tool or 
resource) 

Utility 
affordance 

Response 2: “The ethical use 
of ChatGPT in academic study 
means that you are disclosing 
the use of software or using 
only in circumstances 
distinctly allowed to use AI 
technology for help.” (P85) 

“disclosing the 
use of 
software” 

 

User 
transparency  

User behavior: 
Ethical AI is 
achieved when 
user behavior 
demonstrates 
transparency 
and 
compliance 

User 
behavior 

“using only in 
circumstances 
distinctly 
allowed to use 
AI technology 
for help” 

User 
compliance  

 

Themes on ethical considerations in GenAI use 

The qualitative analysis revealed six themes addressing RQ1 on ethical considerations 

arising in student use of GenAI. The first two themes also addressed RQ2 on GenAI 

affordances in the academic setting: ethical considerations were concerned not only with 

the utilities afforded through user interaction with the use of technology (i.e., utility 

affordances) but also with the values incorporated in the design and enacted in its use (i.e., 

value affordances). The third and fourth themes reflect user behavior and use outcomes 
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while the fifth and sixth themes capture the considerations of ethical AI use as conditional 

or non-existent. Table 4 summarizes the six themes that are detailed in this section. 

Table 4  

Six themes on ethical AI from underserved students’ perspective 

Theme number 
and name 

Theme description 

1-Utility 
Affordances 

Ethical AI is determined by utility affordance by AI: GenAI affords the 
intended functions of the technology artifact for improving information 
processing and work productivity. 

2-Value 
Affordances 

Ethical AI is determined by value affordance by AI (ethical AI principles): 
GenAI affords the values of ethical AI principles, e.g., autonomy, 
explicability, responsibility and accountability. 

3-User Behavior 

 

Ethical AI is evaluated from user behavior: Users maintain ethical conduct 
in their AI usage, such as citing ChatGPT for the AI-generated output, 
disclosing the use of ChatGPT during the work process, etc. 

4-AI Use 
Outcomes 

Ethical AI is evaluated from AI use outcomes: The perceived consequence 
of using GenAI on user behavior or performance, such as motivating an 
individual to overcome barriers in a work process and make progress on the 
work. 

5-Contingency of 
Ethical AI Use  

Ethical AI is conditional: The ethical use of GenAI depends on what it is used 
for and how 

6-Pessimistic View 
of Ethical AI Use 

Pessimistic view of ethical AI use: Users perceived that ethical use of GenAI 
does not exist in the academic setting. 

 
Theme 1. Utility affordances 

Students judged ethical AI use based mainly on the affordances of the technology for 

enhancing their learning in multiple ways: (1) searching for information; (2) brainstorming 

ideas; (3) structuring content; (4) generating a study guide; (5) improving existing work; 

(6) personalizing their learning; and (7) interactive learning. We consider these AI 

affordances “Utility Affordances,” as they lead to achieving utility, the perceived 

advantages of using AI for learning (Long & Magerko, 2020).  

Searching for Information. ChatGPT use was considered ethical because it afforded 

participants’ information search. The AI tool was viewed as the equivalent of a search 

engine or dictionary. Most participants highlighted ChatGPT as a useful study tool for 

information seeking: “I think that using ChatGPT to learn more on a subject is ethical. An 

example can be by only using it to gather more information” (P111). In addition, some 

pointed out its convenience: “Instead of using search engines or dictionary, or even flip old 

and heavy books, this can be handy” (P118). 

Brainstorming Ideas. ChatGPT was found useful for eliciting initial ideas when 

working on a course assignment. Because of the GenAI affordance for brainstorming, 

participants considered the AI use ethical. This finding is reflected in two responses: 

“Ethically the software may be used to assist in formulating research questions or ways to 

word hypotheses” (P63) and “I think that an example of using ChatGPT ethically is like 

asking the AI for ideas to go off of” (P125). P125 further provided an example of a course 
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project on developing a bakery business plan: “I could ask ChatGPT ‘Give me 10 names 

for bakeries’ and then proceed to use that and put my time into another part of the project.”  

Structuring Content. Participants reported using the GenAI tool to paraphrase or 

summarize lengthy texts, thus helping them digest a large volume of information. They 

considered the GenAI affordance of structuring content ethical. Examples include 

paraphrasing a quote and summarizing a book or movie to save time when writing reports 

(P67) and using ChatGPT to help digest information from PDFs and PowerPoints (P120). 

Generating a Study Guide. Participants considered it helpful to use ChatGPT to 

generate a study guide. Benefiting from this affordance, they considered the GenAI use 

ethical. One participant stated that an ethical way of using ChatGPT was “to ask it to create 

a potential study guide for an upcoming exam or even create a mock exam” (P104). This 

perception was elaborated by another participant: “Some classes do not provide study 

guides for exams, so it could be helpful to use ChatGPT to generate a study guide for 

additional studying” (P75).  

Improving Existing Work. Participants considered it ethical to use the AI tool to 

improve their existing coursework. They perceived it ethical to use ChatGPT for reviewing 

and revising coursework they had completed. One participant mentioned that “after 

researching and drafting a paper a student could utilize ChatGPT to tweak the work” (P45), 

and another emphasized the purpose of using ChatGPT to improve one’s work, not copy 

the ChatGPT-generated content (P114). 

Personalizing Student Learning. Participants often viewed ChatGPT as a personal 

coach or tutor who provided them with personalized feedback. Such GenAI use was 

considered ethical. Two participants elaborated on their experiences: one viewed ChatGPT 

“as a helping hand when learning how to study better or what to study on a subject” (P119) 

and the other considered ChatGPT “an amazing AI tool that provides information about 

various topics and provides personalized learning” (P125). A third participant (P126) even 

used the library as an analogy to explain the personalized guidance provided by ChatGPT 

in learning a difficult subject and stated that ChatGPT “can be a personal guide when it 

comes to learning programming, writing, etc. … to learn from [its output] instead as if you 

were going to the library to study with limitless amount of sources to learn from.” 

Interactive Learning. Some participants appreciated the interactivity afforded by GenAI 

in their learning process. They personalized ChatGPT and referred to it as a classmate or 

best friend. They considered such GenAI use ethical, as their learning benefited from such 

interactivity. Two quotes demonstrate this finding: “I could possibly use ChatGPT as if it 

were a classmate and talk to it about possible ways of doing the assignment” (P47) and 

“Ethical use of ChatGPT would be using it for further understanding of the material, as the 

machine will keep generating different answers with different approaches. ChatGPT is my 

best friend!” (P49). 
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Theme 2. Value affordances  

Participants also assessed ethical AI use from the value perspective. Three values were 

expressed frequently: explicability, accountability, and autonomy.  

Explicability. Participants considered their AI use ethical when they believed that 

ChatGPT delivers the value of explicability in each user-AI interaction. Common phrases 

include “explain materials easily” and “provide examples that are very detailed for clear 

understanding.” 

I believe ChatGPT can be used ethically in academic study environments when it 

is used as an aid in the process of arriving at a solution, result, or conclusion for a 

larger problem, e.g. to clarify areas of confusion, thus enhancing understanding 

of the subject matter and accelerating the progress of learning and/or the task at 

hand. (P61) 

Accountability. The value of accountability is reflected in the AI use. A few respondents 

emphasized the need to hold users accountable for their decisions in using AI in the 

academic setting. This value is reflected in the remark: 

For me using ChatGPT will definitely help the students to get answers from the 

different tasks that the professor will be giving. Taking into account that 

plagiarism might be one of the problems in this app. We as students must know 

how to use our own words and be truthful that every work that we pass is our own 

and not others’ craft. (P87) 

Autonomy. The value of autonomy was demonstrated when participants believed they 

had the power to decide when and how to use the GenAI tool. One participant clarified his 

purpose for using ChatGPT: “Just like using Google, or Physical books for research 

purposes - I believe that should be ChatGPT's form of usage” (P76). Another participant 

elaborated on how and when he/she chose to use ChatGPT: “As a form of research only 

because when I used it for my project it was easier than to google info” (P86). 

Theme 3. User behavior 

Ethical use of AI can be assessed from the behavior of those using it. Two types of behavior 

were revealed: user transparency and compliance. First, when considering ethicality from 

user behavior, participants frequently mentioned their appropriate disclosure of AI use, 

achieving transparency in their work process. One participant referred to such disclosure 

as “letting the reader [be] aware that the system [ChatGPT] was used and it's not someone's 

own words” (P35). This perception was echoed by another participant: 

I think ethical use of ChatGPT is by being transparent and having integrity. If 

ChatGPT is being used I think it should be noted in a way or referenced at least 

that the feature was used. (P48) 
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Second, compliance behavior means that users have complied with AI use guidelines and 

policies established in the user environments. For our study participants, ChatGPT use was 

ethical if they followed the policies applicable in an academic setting. One participant (P54) 

explained: “It is not cheating as academic study because they are following to principles of 

their work goals.” Another participant (P88) echoed this idea: “The ethical use of ChatGPT 

in academic study means that you are using [it] only in circumstances distinctly allowed to 

use AI technology for help.” 

Theme 4. AI use outcomes  

Some participants made their judgment of ethical AI use based on the perceived outcomes 

of such use. Our analysis revealed two opposite consequences.  

Motivating Student Learning. Some participants believed that ChatGPT use could 

motivate them to overcome barriers during their learning. As shown below, the participant 

explained the brainstorming afforded by ChatGPT and the outcome of such use:  

I believe that using ChatGPT as a base or starting point to get you in the right 

direction is ethical. You may face a question that you have no idea how to attack 

it but asking ChatGPT may give you a better idea and help you to not procrastinate. 

(P97) 

De-Motivating Student Learning. In contrast, some participants raised the concern that 

ChatGPT provided the answers to students, who just copied and pasted what they needed 

from the ChatGPT output. They believed such use is unethical because it prevented a 

student from engaging in active learning. This concern is reflected below: 

The ethical issue with ChatGPT is it takes the critical thinking and analysis out of 

assignments. Students will only have to type questions to get what they need and 

move on. (P77) 

Theme 5. Contingency of ethical AI use  

Some participants believe that ethical AI use was possible, but it was contingent upon 

certain situations. While participants found that utilizing ChatGPT was beneficial for their 

information search, they disapproved of relying entirely on the GenAI tool for completing 

a class assignment. Copying ChatGPT answers word-for-word was considered unethical. 

One participant (P102) explained, “I think it becomes unethical when it is used to complete 

assignments entirely, with no effort to learn the subject.” The contingency view is also 

reflected below: 

I would consider the ethical use of Chat GPT in certain circumstances. I think that 

using the answer provided word for word is unethical [because] it is not your work. 

However, using [it] as a form of idea generation is a great way to utilize ChatGPT. 

(P99) 
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In some cases, participants articulated contingency factors associated with the 

background of ChatGPT users. One contingency is the knowledge base of the users. If a 

user has acquired knowledge about a subject matter or topic, then the user can benefit from 

the AI tool for the variety of affordances discussed above. One participant (P81) explained 

that ChatGPT should be used only “when you are very confident in your personal 

understanding of the material that has been presented by the instructors of the official 

courses.” 

Another contingency is that when students encounter a barrier in their learning activities, 

using ChatGPT to enable them to continue learning was considered ethical. As one 

participant (P90) elaborated, an ethical use of ChatGPT would be “using this software 

when you are stuck, [and] can't access the textbook/or the professor when you have a 

question.” 

Theme 6. Pessimistic view of ethical AI use 

A small portion of participants (n=8 or 10.4% of the sample) did not believe that any 

usage of the AI tool in academic environments was ethical. They held the pessimistic 

view because they perceived that using GenAI in education would have a detrimental 

effect on their education, including the development of critical thinking capability. This 

sentiment is reflected in two remarks: 

I don't think it [ChatGPT] has any place in an academic environment.  Unless 

your field is the study of AI, leave it out.  It takes all of the critical thinking 

away from education. (P69) 

ChatGPT should be seen as a form of plagiarism, by completely utilizing this 

program, I don't think students will build important educational skills. For 

example, advanced writing. (P76)  

Quantitative analysis and results 

We performed quantitative analyses using Mann-Whitney U-tests and ordinal logistic 

regressions to answer RQ3: whether students’ perceptions of the ethical use of GenAI vary 

by their demographic and socioeconomic background. The Mann-Whitney U-test is a 

nonparametric test often used to determine the statistical significance of differences 

between two independent groups (Conover, 1999). It does not assume a normal distribution 

of the data (an assumption required for parametric tests such as the independent samples t-

tests). Instead of comparing the sample means, the Mann-Whitney U-test compares the 

ranks of values from two independent groups, making it particularly useful when dealing 

with ordinal data or when the sample size is small (Nachar, 2008). The research hypothesis 

states that the ranks of one group are systematically higher or lower than those of the other 

and the U statistic is calculated based on the sum of the ranks and the sample size of each 
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group (Corder & Foreman, 2014). Beyond simple group comparisons by the Mann-

Whitney tests, we performed ordinal logistic regressions to predict the ordinal dependent 

variable given a set of independent variables (Agresti, 1996). 

Student perceptions of using ChatGPT in education 

After two ChatGPT practices led by their instructors, students were asked to rate their 

agreement with the following statements on a 5-point Likert scale (1=Strongly Disagree; 

5=Strongly Agree): (1) Using ChatGPT to assist my schoolwork will negatively affect my 

skill development; (2) Using ChatGPT to complete class assignments is cheating; (3) Using 

ChatGPT to complete exams and quizzes is cheating; (4) It is possible to use ChatGPT in 

an ethical way to help complete my class assignments; (5) It is possible to use ChatGPT in 

an ethical way to help complete my class exams and quizzes; and (6) Using ChatGPT to 

assist my schoolwork will motivate me to continue learning.  

Student responses to these statements demonstrate that their opinions diverged on 

whether it is ethical or beneficial to use ChatGPT in education, as shown in Table 5. If we 

consider those participants who agree or strongly agree with a statement as one group, we 

find that 33% of the participants perceived the negative effect of ChatGPT use on their skill 

development (Statement 1) while 42% of the participants considered the benefit of 

ChatGPT use in motivating them to continue learning (Statement 6). Moreover, 43% of the 

participants considered using ChatGPT to complete class assignments as cheating 

(Statement 2), but more participants (65%) perceived the use of ChatGPT to complete 

exams and quizzes as cheating (Statement 3). Interestingly, 78% of the participants agree 

or strongly agree that it is possible to use ChatGPT in an ethical way to help complete class 

assignment (Statement 4), but only 46% think so for exams and quizzes (Statement 5).  

Table 5  

Student agreements to using ChatGPT in higher education 

Statement Strongly disagree Disagree Neutral Agree Strongly agree 

#1 8% 32% 28% 21% 12% 

#2 7% 30% 20% 26% 17% 

#3 5% 12% 18% 29% 36% 

#4 4% 1% 17% 37% 41% 

#5 11% 22% 21% 26% 20% 

#6 8% 11% 39% 24% 18% 

 

Moreover, student ratings on these 5-point Likert-scale statements are consistent with 

their narrative responses to the open-ended question analyzed in the previous section. For 

example, among the eight students who expressed a pessimistic view of the ethicality of 

AI use, the median values of their responses to the six statements are 4, 4.5, 4.5, 3, 2, and 
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2.5 points, respectively. That is, these students tend to give higher ratings (Agree or 

Strongly Agree) to the negative statements (Statements 1-3) and lower ratings (Disagree or 

Neutral) to the positive statements (Statements 4-6). 

In general, students seemed to be more willing to use ChatGPT in assignments than in 

exams and quizzes, but many worried that ChatGPT might hinder their skill development 

or discourage their own learning. Next, Mann-Whitney U- tests were performed to examine 

whether student perceptions of the ethical use of GenAI varied by their demographic and 

socioeconomic status.  

Comparisons of student perceptions by individual background  

We first conducted Mann-Whitney U-tests to compare student perceptions of the ethical 

use of ChatGPT between different groups of students. Using the 0.05 significance level, 

the tests show three statistically significant results: (1) compared to non-FGCSs, FGCSs 

have a higher level of agreement with Statement 2 “Using ChatGPT to complete class 

assignments is cheating” (U = 392.5, z = -2.266, N0 = 25, N1 = 46, p = .023, mean rank for 

N0 = 28.70, mean rank for N1 = 39.97); (2) FGCSs have a lower level of agreement with 

Statement 6 “Using ChatGPT to assist my schoolwork will motivate me to continue 

learning” (U = 393, z = -2.285, N0 = 25, N1 = 46, p = .022, mean rank for N0 = 43.28, mean 

rank for N1 = 32.04); and (3) compared to their counterparts, Pell-eligible (low-income) 

students have a lower level of agreement with Statement 5 “It is possible to use ChatGPT 

in an ethical way to help complete my class exams and quizzes” (U = 324, z = -2.553, N0 

= 25, N1 = 46,  p = .011, mean rank for N0 = 41.04, mean rank for N1 = 28.90). The Mann-

Whitney U-test results are reported in Tables A.1 and A.2 of the Appendix. 

Similar tests were also performed on gender, race, and ethnicity, but the differences 

between male and female students, between Hispanic and non-Hispanic students, and 

between Black and non-Black students were not statistically significant (results not 

reported here). In sum, the Mann-Whitney U-tests revealed a statistically significant 

difference between FGCSs’ and non-FGCSs’ perceptions of ethical GenAI use, as well as 

between Pell-eligible students and their counterparts. Next, we employ regression 

techniques to predict the effects of FGCS status and Pell eligibility on students’ perceptions 

of the ethical use of ChatGPT in education. 

Effects of FGCS status and Pell eligibility on student perceptions 

Ordinal logistic regression analyses were conducted to investigate the relationship between 

the dependent variable—student perception of the ethical use of ChatGPT in education (an 

ordinal variable)—and the independent variable—FGCS status (yes=1; no=0) or Pell 

eligibility (yes=1; no=0)—controlling for students’ prior ChatGPT experience (yes=1; 

no=0). Because of the small sample size, the three binary predictors could not all be 
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included simultaneously in a single model. Including all predictors would have produced 

substantial data sparsity, with more than 30% of outcome-by-predictor cells containing 

zero observations, which can compromise the stability and reliability of parameter 

estimates in ordinal logistic regressions. Accordingly, separate models for different 

statements were estimated, each including one focal independent variable (FGCS or Pell 

eligibility) and prior ChatGPT experience as a control. No interaction terms were included 

in the analyses. 

Table 6 reports the regression results. Model 1 indicates that FGCSs are more concerned 

than non-FGCSs that using ChatGPT to complete class assignments is cheating (Statement 

2), all else being equal. Model 2 shows that compared to their counterparts, Pell-eligible 

(low-income) students are less confident about the possibility of using ChatGPT in an 

ethical way to help complete class exams and quizzes (Statement 5), all else being equal. 

Model 3 suggests that, all else being equal, FGCSs are more skeptical than non-FGCSs that 

“Using ChatGPT to assist my schoolwork will motivate me to continue learning” 

(Statement 6), and that students with prior ChatGPT experience are more optimistic about 

its motivating benefits than students who had not used ChatGPT before. Similar regressions 

were also performed on other statements (Statements 1, 3, and 4), but none of the 

independent and control variables showed statistical significance (results not reported here). 

 

Table 6  

Regression results 

Variables Model 1 Model 2 Model 3 

Statement 2 Statement 5 Statement 6 

FGCS 1.063** 
 

-1.212** 
 

(0.465) 
 

(0.476) 

Pell-eligible 
 

-1.342*** 
 

  
(0.489) 

 

Prior ChatGPT -0.451 0.547 1.055** 
 

(0.468) (0.503) (0.486) 

Observations 71 66 71 

Pseudo R-Square 0.082 0.114 0.129 

Note. All models are ordinal logistic regressions. Coefficients (log odds) are reported. Standard 
errors are in parentheses. ** p<0.05. *** p<0.01. 

 

In summary, the results of the ordinal logistic regression analyses indicate that FGCS 

status and Pell eligibility are significant predictors of students’ perceptions of the ethical 

use of ChatGPT in education. Specifically, FGCSs and Pell-eligible (low-income) students 

are more skeptical about using ChatGPT in education than their counterparts. In contrast, 

students with prior ChatGPT experience have more positive views of using ChatGPT to 
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motivate their learning than students without such experience. The results of the ordinal 

logistic regression analyses are consistent with those of the Mann-Whitney U-tests and 

have the advantage of controlling for the effect of prior ChatGPT experience. 

Discussion 

This mixed-methods study aims to understand underserved students’ use of GenAI by 

integrating ethical considerations and the technology affordance lens. The qualitative 

analysis, which addressed RQ1 and RQ2, revealed that ethical considerations in GenAI use 

depended on user perspectives: some users shared their perspectives on the affordances of 

GenAI (utility or value affordances), while other users associated ethical AI use with their 

user behavior (e.g., how to use GenAI) or the consequences of such technology use. 

Furthermore, the quantitative analysis, which addressed RQ3, demonstrated that FGCSs 

and low-income students were more skeptical about using ChatGPT in education than their 

counterparts, while prior ChatGPT experience helped in developing a positive view of 

using the tool to motivate learning.  

An integrated model of ethical considerations in GenAI use 

The analysis revealed the multifaceted nature of ethical considerations in GenAI use, which 

concerned user perceptions of the technology affordances and design value, user reflections 

on their use behavior and the consequences, and the contingency factors. Our analysis of 

perceived ethical GenAI use by underserved students suggests that GenAI use for 

education was considered ethical when at least one of the ethical use dimensions was 

present. Thus, based on the findings, we propose an integrated model of ethical 

considerations in GenAI use. The model consists of four major components as depicted in 

Figure 1. Our study has provided evidence that ethical considerations in GenAI use are not 

only related to user behavior and use outcomes but also associated with various types of 

GenAI affordances. This updated view of ethical consideration goes beyond the view of 

computer abuse in organizations (Lowry et al., 2014; Mingers & Walsham, 2010).  
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Figure 1  

An integrated model of ethical considerations in GenAI use 

 

 

 

GenAI use raises awareness of new digital divide 

This study focused on underserved students’ perception of the ethical use of GenAI in a 

minority-serving public university, but the survey also included an open-ended question on 

their opinions of and experiences with the impact of AI on their education and future work. 

Analysis of their narratives revealed their concerns that AI may be widening the digital 

divide that this underserved student population is struggling with. A Hispanic student 

raised the question, “If a student does not have access to a computer with Wi-Fi, how are 

they even going to use ChatGPT?” Similarly, another student (Junior, male, Asian) 

elaborated on the worrisome impact of AI on the underserved communities and their future: 

I believe AI will affect the digital divide as it may create more problems for these 

struggling communities. As universities allow students and professors to use 

ChatGPT and the capabilities of AI, students will fall behind as the digital divide 

already sets them back. To illustrate, those who lack the proper technology, Wi-

Fi and computers, those students will further lack the accessibility to ChatGPT.  

As participants in our study are mostly underserved students (e.g., 60% were FGCS and 

79% were employed), providing them with sufficient technological resources (e.g., 

computers, Internet access) has become critical for them to realize the affordances of 

GenAI and to reduce the risk of being left farther behind in the age of AI. This call-for-

action is consistent with recent research finding that individuals with low socioeconomic 

status are associated with lower digital confidence in understanding and using digital 
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technologies such as AI (Bentley et al., 2024) and that the most vulnerable groups, those 

with the lowest levels of AI knowledge and AI skills, were mostly older, with lower levels 

of education and privacy protection skills, than the average users (Wang et al., 2025). 

Theoretical contributions 

This study applies the technology affordance theory to the novel context of GenAI and 

empirically identifies specific new affordances: “utility affordances” and the novel "value 

affordances." The affordance lens has helped information systems researchers understand 

the choices made about technology and the outcomes of those choices (Leidner et al., 2018). 

GenAI can trigger individuals to discover the aspects of the technology that provide an 

opportunity for action. Our study participants described ChatGPT as a useful tool for 

“information search,” “brainstorming,” and “enhancing their work.” Moreover, they 

highlighted that ChatGPT afforded personalized and interactive learning, referring to 

ChatGPT as a study tutor, coach, or even best friend. These results are consistent with prior 

studies that suggest that the relationship between a user and a technology can lead to not 

only one but multiple affordances, which can thus result in multiple outcomes (Treem & 

Leonardi, 2013; Volkoff & Strong, 2013). In addition, our study revealed three values 

perceived by GenAI users (the underserved students)—accountability, autonomy, and 

explicability—suggesting a novel type of affordance, “value affordance.”  

In our study, participants viewed ChatGPT largely as a tool for their information searches 

and processing, and their use of this tool has brought not only positive outcomes such as 

enhanced learning through instant feedback and detailed explanations but also negative 

consequences such as over reliance on GenAI and the erosion of critical skills. Because of 

these complex interactions, we consider user behavior, affordances, and outcomes 

separately when studying ethical AI in the higher education context.  

Furthermore, the study findings provide nuances related to the emerging digital divide in 

the age of AI. Prior studies have suggested both beneficial and detrimental effects of GenAI 

use on student learning (e.g., Nguyen et al., 2024; Zhai et al., 2024), potentially narrowing 

or widening disparities between the digital competence of underserved students and their 

peers. Our study adopted the perspective of underserved students and revealed the benefits 

of personalized and interactive learning afforded by GenAI and the ethical principles of 

accountability, autonomy, and explicability demonstrated in their GenAI use. Meanwhile, 

some study participants articulated the urgency of closing the existing divide (e.g., having 

access to computers and Wi-Fi) to take advantage of the affordances of AI. How AI 

technology will affect its users (organizations or individuals) will depend on how its 

technical capabilities are utilized to achieve its users’ goals.  
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Practical implications 

The study has implications for guiding and promoting effective use of GenAI by students. 

First, given the importance of utility affordances in ethical GenAI use and the positive 

impact of prior ChatGPT experience, universities may develop and implement GenAI 

literacy workshops to help students understand the useful features and potential drawbacks 

of the new technology. These workshops should not only train students to create effective 

prompts for various learning purposes (such as writing, summarizing, and brainstorming), 

but also teach them how to fact-check GenAI-generated responses using critical thinking 

skills and how to identify potential biases, hallucinations, and outdated information. As 

Kong and Yang (2025) discovered, a well-structured AI literacy program starting with a 

conceptual introduction to general machine learning followed by deep learning can 

significantly enhance AI empowerment among secondary school and university students 

in terms of impact, creative self-efficacy in AI, and meaningfulness. 

Second, a concerted effort by instructors and students to apply the ethical people-AI fit 

framework would help students clarify the boundaries between ethical and unethical use of 

GenAI. Course design should incorporate clear AI use guidelines for students to follow, 

and students need to be reminded of their learning goals and skill development to maintain 

a balance between using GenAI for improving information processing and relying on 

GenAI entirely to replace their learning activities. Through ongoing dialogue, collaborative 

policy-making, and practical case studies, such joint engagement can foster a shared 

understanding of academic integrity, appropriate tool usage, and the broader implications 

of AI-assisted work in educational contexts.  

Finally, the study revealed the personalized and interactive learning offered by GenAI, 

which may be especially beneficial for underserved students who encounter barriers to 

accessing educational resources. By providing writing assistance, tailored feedback, and 

adaptation to individual learning needs, GenAI helps bridge learning gaps for students with 

limited access to tutoring, mentorship, and academic tools. As such, educating students, 

particularly underserved students such as FGCSs with no prior ChatGPT experience on 

how to effectively use GenAI, has the potential to promote a more equitable and inclusive 

educational landscape. 

Conclusion 

This study examined the ethical considerations arising in the use of ChatGPT perceived by 

underserved university students and revealed the affordances of ChatGPT use for their 

learning. The qualitative analysis found that ethical considerations in GenAI use depended 

on user perspectives: some users shared their perspectives on the affordances of GenAI 

(utility or value affordances), while other users associated ethical AI use with their user 

behavior (e.g., being transparent and compliant) or the consequences of the technology use. 
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Furthermore, the quantitative analysis results indicate that underserved students’ 

perceptions of the ethical use of GenAI varied by their demographic and socioeconomic 

background. Specifically, FGCSs and Pell-eligible (low-income) students were more 

skeptical about using ChatGPT in education than their counterparts, while students with 

prior ChatGPT experience had a more positive view of using ChatGPT to motivate their 

learning than students without such experience. Finally, our proposed integrated model of 

ethical GenAI use covers not only affordances and ethics principles but also user behavior 

and perceived outcomes, offering a research model for future large-scale empirical 

investigations across different GenAI use contexts.  

The study has its limitations. First, the sample is from one type of higher education 

institution. Thus, the findings might not be generalizable in other settings. Second, the 

potential interactive effects of FGCS status and Pell eligibility were not examined in the 

regression models due to data sparsity. Lastly, the participants were underserved students 

from a minority-serving university, so their interpretation of ethical AI is student-centered, 

focusing on AI use for their academic work. They did not look beyond their user context 

(e.g., the educational environment) when they considered the ethical issues of AI.  

Future research is needed to explore the socio-technical process in the adoption of AI by 

underserved communities and in other use contexts beyond educational environments. For 

example, how can we enhance the AI affordances (both utility and value affordances) for 

underserved populations? How do the features of GenAI shape the utility values it 

affords? What are the dynamics between large-scale ethical issues in AI development (e.g., 

biases in training data and algorithms) and those that arise in AI use contexts? Addressing 

ethical concerns in AI use and development requires concerted efforts from multiple 

stakeholders and communities. We hope this study provides a starting point to encourage 

scholars across disciplines to conduct further studies in this emerging research space. 
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Appendix 

Table A.1  

Students’ perceptions of using ChatGPT in education by FGCS status 

Statement FGCS N Mean rank Sum of ranks U Z p 

#1 No 25 31.28 782.00 
   

 
Yes 46 38.57 1,774.00 457.000 -1.468 0.142 

#2 No 25 28.70 717.50 
   

 
Yes 46 39.97 1,838.50 392.500 -2.266 0.023** 

#3 No 25 30.34 758.50 
   

 
Yes 46 39.08 1,797.50 433.500 -1.778 0.075 

#4 No 25 32.22 805.50 
   

 
Yes 46 38.05 1,750.50 480.500 -1.214 0.225 

#5 No 25 39.02 975.50 
   

 
Yes 46 34.36 1,580.50 499.500 -0.931 0.352 

#6 No 25 43.28 1,082.00 
   

 
Yes 46 32.04 1,474.00 393.000 -2.285 0.022** 

Note: Mann-Whitney U-test. The mean rank is the sum of ranks divided by the group's sample size 
(N). A significantly different mean rank means one group tends to have higher (or lower) ranks than 
the other. Total N=71; ** p<0.05. 

 

Table A.2  

Students’ perceptions of using ChatGPT in education by Pell eligibility 

Statement Pell-
eligible 

N Mean rank Sum of ranks U Z p 

#1 No 25 34.60 865.00 
   

 
Yes 41 32.83 1,346.00 485.00 -0.375 0.708 

#2 No 25 32.84 821.00 
   

 
Yes 41 33.90 1,390.00 496.00 -0.225 0.822 

#3 No 25 31.70 792.50 
   

 
Yes 41 34.60 1,418.50 467.50 -0.621 0.534 

#4 No 25 34.94 873.50 
   

 
Yes 41 32.62 1,337.50 476.50 -0.511 0.609 

#5 No 25 41.04 1,026.00 
   

 
Yes 41 28.90 1,185.00 324.00 -2.553 0.011** 

#6 No 25 34.24 856.00 
   

 
Yes 41 33.05 1,355.00 494.00 -0.254 0.799 

Note: Mann-Whitney U-test. The mean rank is the sum of ranks divided by the group's sample size 
(N). A significantly different mean rank means one group tends to have higher (or lower) ranks than 
the other. Total N=66; ** p<0.05. 
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Abbreviations 

FGCS: First generation college student; GenAI: Generative artificial intelligence; ICT: Information and communication 

technologies; IRB: Institutional Review Board; IS: Information systems; LLM: Large language model; RQ: Research 
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Endnotes 
1 In this study, we identified themes at the interpretive level to reveal the underlying ideas and assumptions within 

the data (Braun & Clarke, 2006). As the researchers of the study, we have actively and critically examined our own 

assumptions and biases, recognizing that themes are a product of our engagement with the data. We understand that 

our experiences working with underserved student populations might have influenced our analytical lenses. We 

practiced reflexivity during the thematic analysis individually and through team discussions by asking ourselves, “Are 

we making assumptions about a participant’s words?” Our two-person research team first read all study participants’ 

responses individually to build an overall sense of the data before coding a sub-sample of 25 responses individually. 

We then came together to discuss and debate our understanding of the data set as we compared our coding results 

and resolved discrepancies in the data coding and analysis. 

Acknowledgements 

We sincerely thank the journal editor and the anonymous reviewers for their constructive comments and insightful 

critiques on earlier versions of this manuscript throughout the review process. We also express our gratitude to our 

research compliance officer, Ms. Judith Aguirre, for her assistance, and to our colleagues, Drs. Roger Qiyuan Jin and 

Xun (Peter) Xu, for their support during the data collection process. 

Author’s contributions 

The authors contributed equally to the research design, conceptualization, data collection, data analysis, interpretation 

of results, and manuscript writing. 

Author’s information 

Dr. Xuefei (Nancy) Deng is a Professor of Information Systems in the Department of Information Systems and 

Operations Management, College of Business Administration and Public Policy at California State University, 

Dominguez Hills. She received her PhD in information systems from Carnegie Mellon University, USA. Her research 

interests include crowdsourcing, AI and digital discrimination, AI and education, digital and social media, STEM career, 

first-generation college students, and social inclusion.  

Dr. Rui Sun is a Professor and Director of School of Public Service and Justice, Director of Public Policy Initiatives, and 

Faculty Director of Assessment at California State University, Dominguez Hills. She received her Ph.D. in Policy Studies 

from the University of Maryland, USA. Her research focuses on fiscal transparency, social equity in budgeting, social 

media utilization in public and nonprofit sectors, and technological innovation in higher education. 

Funding 

This research was partially funded by the Spring 2024 College of Business Administration and Public Policy Dean’s 

Grant, California State University, Dominguez Hills. The funding supported the authors’ research time for data analysis 

and manuscript preparation. 

Availability of data and materials 

Data may not be shared due to data privacy and protection policies approved by the IRB. Processed datasets or 

results, other than those already included in the article, may be made available by the corresponding author upon 

reasonable request. 

Declarations 

Competing interests 

The authors declare no known competing interests. 

Author details 
1 Xuefei (Nancy) Deng, Ph.D., College of Business Administration and Public Policy, California State University, 

Dominguez Hills, Carson, CA, 90747, USA. https://orcid.org/0000-0003-4326-675X 

2  Rui Sun, Ph.D., College of Business Administration and Public Policy, California State University, Dominguez Hills, 

Carson, CA, 90747, USA. https://orcid.org/0000-0002-2518-7460 

Received: 27 May 2025 Accepted: 30 December 2025 

Published online: 1 January 2027   (Online First: 15 April 2026) 

https://orcid.org/0000-0003-4326-675X
https://orcid.org/0000-0002-2518-7460


Deng and Sun Research and Practice in Technology Enhanced Learning (2027) 22:11 Page 29 of 31 

 29 

References 

 

ACT Inc. (2014). Understanding the underserved learners: The condition of STEM 2014. 

https://www.act.org/content/dam/act/unsecured/documents/STEM-Underserved-Learner.pdf 

Agresti, A. (1996). An introduction to categorical data analysis. Wiley. 

Bankins, S. (2021). The ethical use of artificial intelligence in human resource management: A decision-making 

framework. Ethics and Information Technology, 23(4), 841–854. https://doi.org/10.1007/s10676-021-09619-6 

Bentley, S. V., Naughtin, C. K., McGrath, M. J., Irons, J. L., & Cooper, P. S. (2024). The digital divide in action: How 

experiences of digital technology shape future relationships with artificial intelligence. AI and Ethics, 4(4), 901–

915. https://doi.org/10.1007/s43681-024-00452-3 

Bowen, J. A., & Watson, C. E. (2024). Teaching with AI: A practical guide to a new era of human learning. Johns 

Hopkins University Press. 

Braun, V., & Clarke, V. (2006). Using thematic analysis in psychology. Qualitative Research in Psychology, 3(2), 77–101. 

https://doi.org/10.1191/1478088706qp063oa 

Carter, L., Liu, D., & Cantrell, C. (2020). Exploring the intersection of the digital divide and artificial intelligence: A 

hermeneutic literature review. AIS Transactions on Human-computer Interaction, 12(4), 253–275. 

https://doi.org/10.17705/1thci.00138 

Chan, C. K. Y., & Hu, W. (2023). Students’ voices on generative AI: Perceptions, benefits, and challenges in higher 

education. International Journal of Educational Technology in Higher Education, 20, Article 43. 

https://doi.org/10.1186/s41239-023-00411-8 

Chen, L. (2022). Current and future artificial intelligence (AI) curriculum in business school: A text mining 

analysis. Journal of Information Systems Education, 33(4), 416–426. 

https://jise.org/Volume33/n4/JISE2022v33n4pp416-426.html 

Choi, W., Bak, H., An, J., Zhang, Y., & Stvilia, B. (2025). College students' credibility assessments of GenAI-generated 

information for academic tasks: An interview study. Journal of the Association for Information Science and 

Technology, 76(6), 867–883. https://doi.org/10.1002/asi.24978 

Clarke, V., Braun, V., & Hayfiel, N. (2015). Thematic analysis. In J. Smith (Ed.), Qualitative psychology: A practical guide 

to research methods (3rd ed., pp. 222–248). Sage Publications. 

Conover, W. J. (1999). Practical nonparametric statistics (3rd ed.). Wiley. 

Corder, G. W., & Foreman, D. I. (2014). Nonparametric statistics: A step-by-step approach. Wiley.  

Davis, F. D. (1989). Perceived usefulness, perceived ease of use, and user acceptance of information technology. MIS 

Quarterly, 13(3), 319–340. https://doi.org/10.2307/249008 

Davis, J. L. (2020). How artefacts afford: The power and politics of everyday things. MIT Press. 

Dabis, A., & Csáki, C. (2024). AI and ethics: Investigating the first policy responses of higher education institutions to 

the challenge of generative AI. Humanities and Social Sciences Communications, 11, Article 

1006. https://doi.org/10.1057/s41599-024-03526-z 

Deng, X., & El Hag, S. (2024). Digital inequality and two levels of the digital divide in online learning: A mixed methods 

study of underserved college students. Journal of Information Systems Education, 35(3), 377–389. 

https://doi.org/10.62273/SSIF6302 

Deng, X., & Joshi, K. D. (2024). Promoting ethical use of generative ai in education. ACM SIGMIS Database: the 

DATABASE for Advances in Information Systems, 55(3), 6–11. https://doi.org/10.1145/3685235.3685237 

Deng, X., & Sun, R. (2022). Barriers to e-learning during crisis: A capital theory perspective on academic adversity. 

Journal of Information Systems Education, 33(1), 75–86. https://jise.org/Volume33/n1/JISE2022v33n1pp75-

86.html 

Dogra, R. (2025). The AI divide: How AI is deepening the digital divide. AI World Today. 

https://www.aiworldtoday.net/p/the-ai-divide 
Espinoza, K. J. C. (2024). Overview of minority-serving institutions in the United States. State Higher Education 

Executive Officers Association. https://sheeo.org/project/sheeo-publications/ 

Faraj, S., & Azad, B. (2012). The materiality of technology: An affordance perspective. In P. M. Leonardi, B. A. Nardi, & 

J. Kallinikos (Eds.), Materiality and organizing: Social interaction in a technological world (pp. 237–258). Oxford 

University Press. https://doi.org/10.1093/acprof:oso/9780199664054.003.0012 

Ferrari, A. (2012). Digital competence in practice: An analysis of frameworks (Vol. 10, p. 82116). Publications Office of 

the European Union. https://data.europa.eu/doi/10.2791/82116 

Feuerriegel, S., Hartmann, J., Janiesch, C., & Zschech, P. (2024). Generative AI. Business & Information Systems 

Engineering, 66(1), 111–126. https://doi.org/10.1007/s12599-023-00834-7  

Floridi, L., & Cowls, J. (2022). A unified framework of five principles for AI in society. In S. Carta (Ed.), Machine learning 

and the city: Applications in architecture and urban design (pp. 535–545). Wiley. 

https://doi.org/10.1002/9781119815075 

Floridi, L., Cowls, J., Beltrametti, M., Chatila, R., Chazerand, P., Dignum, V., Luetge, C., Madelin, R., Pagallo, U., Rossi, 

F., & Schafer, B. (2018). AI4People—an ethical framework for a good AI society: Opportunities, risks, principles, 

and recommendations. Minds and Machines, 28, 689–707. https://doi.org/10.1007/s11023-018-9482-5 

Gibson, J. J. (1966). The senses considered as perceptual systems. Houghton Mifflin. 

Gibson, J. J. (1986). The ecological approach to visual perception. Lawrence Erlbaum Associates. 

https://www.act.org/content/dam/act/unsecured/documents/STEM-Underserved-Learner.pdf
https://doi.org/10.1007/s10676-021-09619-6
https://doi.org/10.1007/s43681-024-00452-3
https://doi.org/10.1191/1478088706qp063oa
https://doi.org/10.17705/1thci.00138
https://doi.org/10.1186/s41239-023-00411-8
https://jise.org/Volume33/n4/JISE2022v33n4pp416-426.html
https://doi.org/10.1002/asi.24978
https://doi.org/10.2307/249008
https://doi.org/10.1057/s41599-024-03526-z
https://doi.org/10.62273/SSIF6302
https://doi.org/10.1145/3685235.3685237
https://jise.org/Volume33/n1/JISE2022v33n1pp75-86.html
https://jise.org/Volume33/n1/JISE2022v33n1pp75-86.html
https://www.aiworldtoday.net/p/the-ai-divide
https://sheeo.org/project/sheeo-publications/
https://doi.org/10.1093/acprof:oso/9780199664054.003.0012
https://data.europa.eu/doi/10.2791/82116
https://doi.org/10.1007/s12599-023-00834-7
https://doi.org/10.1002/9781119815075
https://doi.org/10.1007/s11023-018-9482-5


Deng and Sun Research and Practice in Technology Enhanced Learning (2027) 22:11 Page 30 of 31 

 30 

Gonzalez, E., & Deng, X. N. (2023). Social inclusion: The use of social media and the impact on first-generation college 

students. Journal of the Association for Information Systems, 24(5), 1313–1333. 

https://aisel.aisnet.org/jais/vol24/iss5/5 

Gunkel, D. J. (2003). Second thoughts: Toward a critique of the digital divide. New Media & Society, 5(4), 499–522. 

https://doi.org/10.1177/146144480354003 

Jobin, A., Ienca, M., & Vayena, E. (2019). The global landscape of AI ethics guidelines. Nature Machine Intelligence, 1, 

389–399. https://doi.org/10.1038/s42256-019-0088-2 

Kong, S. C., & Yang, Y. (2025). Developing and validating an artificial intelligent empowerment instrument: Evaluating 

the impact of an artificial intelligent literacy programme for secondary school and university students. Research 

and Practice in Technology Enhanced Learning, 20, Article 024. https://doi.org/10.58459/rptel.2025.20024 

Kosmyna, N., Hauptmann, E., Yuan, Y. T., Situ, J., Liao, X-H., Beresnitzky, A. V., Braunstein, I., & Maes, P. (2025). Your 

brain on ChatGPT: Accumulation of cognitive debt when using an AI assistant for Essay writing task. MIT Media 

Lab. https://arxiv.org/pdf/2506.08872 

Leidner, D., Gonzalez, E., & Koch, H. (2018). An affordance perspective of enterprise social media and organizational 

socialization. Journal of Strategic Information Systems, 27(2), 117–138. https://doi.org/10.1016/j.jsis.2018.03.003 

Leonardi, P. M. (2011). When flexible routines meet flexible technologies: Affordance, constraint, and the imbrication 

of human and material agencies. MIS Quarterly, 35(1), 147–167. https://aisel.aisnet.org/misq/vol35/iss1/10/ 

Long, D., & Magerko, B. (2020). What is AI literacy? Competencies and design considerations. CHI ’20: Proceedings of 

the 2020 CHI Conference on Human Factors in Computing Systems, 1–16. 

https://doi.org/10.1145/3313831.3376727 

Lowry, P. B., Posey, C., Roberts, T. L., & Bennett, R. J. (2014). Is your banker leaking your personal information? The 

roles of ethics and individual-level cultural characteristics in predicting organizational computer abuse. Journal of 

Business Ethics, 121(3), 385–401. https://www.jstor.org/stable/42921390 

Markus, M. L., & Silver, M. S. (2008). A foundation for the study of IT effects: A new look at DeSanctis and Poole's 

concepts of structural features and spirit. Journal of the Association for Information Systems, 9(10), Article 5. 

http://doi.org/10.17705/1jais.00176 

Mingers, J. (2001). Combining IS research methods: Towards a pluralist methodology. Information Systems 

Research, 12(3), 240–259. https://doi.org/10.1287/isre.12.3.240.9709 

Mingers, J., & Walsham, G. (2010). Toward ethical information systems: The contribution of discourse ethics. MIS 

Quarterly, 34(4), 833–854. https://doi.org/10.2307/25750707 

Moussawi, S., Deng, X., and Joshi, K. D. (2024). AI and discrimination: Sources of algorithmic biases. The Data Base for 

Advances in Information Systems, 55(4), 6–11. https://doi.org/10.1145/3701613.3701615 

Nachar, N. (2008). The Mann-Whitney U: A test for assessing whether two independent samples come from the same 

distribution. Tutorials in Quantitative Methods for Psychology, 4(1), 13–20. 

https://doi.org/10.20982/tqmp.04.1.p013 

Nguyen, A., Hong, Y., Dang, B., & Huang, X. (2024). Human-AI collaboration patterns in AI-assisted academic 

writing. Studies in Higher Education, 49(5), 847–864. https://doi.org/10.1080/03075079.2024.2323593  

Shaw, C., Yuan, L., Brennan, D., Martin, S., Janson, N., Fox, K., & Bryant, G. (2023). GenAI in higher education: Fall 2023 

update time for class study. Tyton Partners, 23. https://tytonpartners.com/app/uploads/2023/10/GenAI-IN-

HIGHER-EDUCATION-FALL-2023-UPDATE-TIME-FOR-CLASS-STUDY.pdf 

Sturm, T., & Peters, F. (2020). The impact of artificial intelligence on individual performance: Exploring the fit between 

task, data, and technology. Publications of Darmstadt Technical University, Institute for Business Studies, Article 

120718.https://ideas.repec.org/p/dar/wpaper/120718.html 

Sun, R., & Deng, X. (2025). Using generative AI to enhance experiential learning: An exploratory study of ChatGPT use 

by university students. Journal of Information Systems Education, 36(1), 53–64. 

https://doi.org/10.62273/ZLUM4022 

Terwiesch, C. (2023). Would Chat GPT3 get a Wharton MBA? A prediction based on its performance in the operations 

management course. Mack Institute for Innovation Management at the Wharton School, University of 

Pennsylvania. 

Tierney, A., Peasey, P., & Gould, J. (2025). Student perceptions on the impact of AI on their teaching and learning 

experiences in higher education. Research and Practice in Technology Enhanced Learning, 20, Article 005. 

https://doi.org/10.58459/rptel.2025.20005 

Treem, J. W., & Leonardi, P. M. (2013). Social media use in organizations: Exploring the affordances of visibility, 

editability, persistence, and association. Annals of the International Communication Association, 36(1), 143–189. 

https://doi.org/10.1080/23808985.2013.11679130 

van Deursen, A.J., & van Dijk, J.A. (2019). The first-level digital divide shifts from inequalities in physical access to 

inequalities in material access. New Media & Society, 21(2), 354–375. 

https://doi.org/10.1177/1461444818797082 

Volkoff, O., & Strong, D. M. (2013). Critical realism and affordances: Theorizing IT-associated organizational change 

processes. MIS Quarterly, 37(3), 819–834. https://aisel.aisnet.org/misq/vol37/iss3/10/ 

Wang, C., Boerman, S. C., Kroon, A. C., Möller, J., & H de Vreese, C. (2025). The artificial intelligence divide: Who is the 

most vulnerable? New Media & Society, 27(7), 3867–3889. https://doi.org/10.1177/14614448241232345 

https://aisel.aisnet.org/jais/vol24/iss5/5
https://doi.org/10.1177/146144480354003
https://doi.org/10.1038/s42256-019-0088-2
https://doi.org/10.58459/rptel.2025.20024
https://arxiv.org/pdf/2506.08872
https://doi.org/10.1016/j.jsis.2018.03.003
https://aisel.aisnet.org/misq/vol35/iss1/10/
https://doi.org/10.1145/3313831.3376727
https://www.jstor.org/stable/42921390
http://doi.org/10.17705/1jais.00176
https://doi.org/10.1287/isre.12.3.240.9709
https://doi.org/10.2307/25750707
https://doi.org/10.1145/3701613.3701615
https://doi.org/10.20982/tqmp.04.1.p013
https://doi.org/10.1080/03075079.2024.2323593
https://tytonpartners.com/app/uploads/2023/10/GenAI-IN-HIGHER-EDUCATION-FALL-2023-UPDATE-TIME-FOR-CLASS-STUDY.pdf
https://tytonpartners.com/app/uploads/2023/10/GenAI-IN-HIGHER-EDUCATION-FALL-2023-UPDATE-TIME-FOR-CLASS-STUDY.pdf
https://ideas.repec.org/p/dar/wpaper/120718.html
https://doi.org/10.62273/ZLUM4022
https://doi.org/10.58459/rptel.2025.20005
https://doi.org/10.1080/23808985.2013.11679130
https://doi.org/10.1177/1461444818797082
https://aisel.aisnet.org/misq/vol37/iss3/10/
https://doi.org/10.1177/14614448241232345


Deng and Sun Research and Practice in Technology Enhanced Learning (2027) 22:11 Page 31 of 31 

 31 

Wecks, J. O., Voshaar, J., Plate, B. J., & Zimmermann, J. (2024). Generative AI usage and academic performance. arXiv 

Preprint. https://doi.org/10.48550/arXiv.2404.19699 

Wood, D., & Moss, S. H. (2024). Evaluating the impact of students' generative AI use in educational contexts. Journal 

of Research in Innovative Teaching & Learning, 17(2), 152–167. https://doi.org/10.1108/JRIT-06-2024-0151 

Yilmaz, R., & Yilmaz, F. G. K. (2023). The effect of generative artificial intelligence (AI)-based tool use on students' 

computational thinking skills, programming self-efficacy and motivation. Computers and Education: Artificial 

Intelligence, 4, Article 100147. https://doi.org/10.1016/j.caeai.2023.100147 

Zhai, C., Wibowo, S., & Li, L. D. (2024). The effects of over-reliance on AI dialogue systems on students' cognitive 

abilities: a systematic review. Smart Learning Environments, 11, Article 28. https://doi.org/10.1186/s40561-024-

00316-7 

Publisher’s Note 
The Asia-Pacific Society for Computers in Education (APSCE) remains neutral with regard to jurisdictional claims in 

published maps and institutional affiliations. 

 

 

Research and Practice in Technology Enhanced Learning (RPTEL) 
is an open-access journal and free of publication fee. 

https://doi.org/10.48550/arXiv.2404.19699
https://doi.org/10.1108/JRIT-06-2024-0151
https://doi-org.libproxy.csudh.edu/10.1016/j.caeai.2023.100147
https://doi.org/10.1186/s40561-024-00316-7
https://doi.org/10.1186/s40561-024-00316-7

