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Abstract
This paper explores the integration of generative AI (GenAI) in the feedback process in higher education through a
learning analytics (LA) tool, examined from a feedback literacy perspective. Feedback literacy refers to students’
ability to understand, evaluate, and apply feedback effectively to improve their learning, which is crucial for fostering
self-regulated learning and academic growth. GenAI has the potential to open new avenues of research and design
in augmenting feedback practices by providing innovative, personalized, and scalable feedback solutions. The study
investigates how GenAI functionalities, specifically ChatGPT explanation features and GenAI-powered dashboard
visualizations, can support students in engaging with feedback. Using feedback literacy theory, a thematic analysis
was conducted and triangulated with usage trace data to assess students’ perceptions of these functionalities. The
study involved three key activities: introductory lab sessions, in-semester use of the GenAI-powered LA feedback
tool, and post hoc interviews, with data collected from 18 students from various disciplines (information technology,
education, business and economics, and engineering) throughout all phases. Initial findings from the lab sessions
showed positive perceptions of the GenAI functionalities. However, trace data from in-semester use indicated
modest engagement with GenAI. Post hoc interviews revealed that reduced engagement was due to a mismatch
between the GenAI outputs and student expectations. While some students appreciated the GenAI functionalities,
others found them redundant when they perceived the feedback as clear and easy to understand. This study
highlights the potential of GenAI in the feedback process and underscores the challenges of aligning AI tools
with diverse student needs. Future developments should focus on creating adaptive and discipline-specific GenAI
solutions.

Notes for Practice

• Generative AI (GenAI) has the potential to support students’ sense-making and action-taking processes in
the feedback processes, which are key components of student feedback literacy.

• The study highlights the discrepancy between students’ initial positive perceptions of GenAI-powered func-
tionalities as a first encounter and their actual use of those functionalities.

• GenAI within the learning analytic tools may enable active student engagement with feedback by simplifying
and clarifying lengthy and complex feedback across assessments and units, making it more understandable
and actionable.

• Designing GenAI tools that are discipline specific to address the unique needs of different subject areas may
enhance the relevance and effectiveness of the feedback.
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1. Introduction
Feedback processes are foundational in educational development, encompassing the various ways in which information about
student performance is generated, communicated, and used to enhance learning (Hattie & Timperley, 2007; Henderson et al.,
2019). In higher education, the feedback processes extend beyond simple assessment, often acting as a dialogue that aids
learners in identifying their strengths and areas for improvement (Yang & Carless, 2013). Yet, for feedback processes to be
effective, it is essential that students not only receive feedback information but also understand and apply it to enhance their
learning. This required capability for students to effectively engage with feedback is known as student feedback literacy, which
involves the ability to actively seek, understand, and effectively apply feedback (Carless & Boud, 2018). Developing feedback
literacy is crucial as it transforms students from passive recipients of information into active agents in their learning processes.
By fostering skills such as self-assessment, actively seeking clarification from educators, self-reflection, and strategic planning,
feedback literacy empowers students to take ownership of their feedback processes (Carless & Boud, 2018; Molloy et al., 2020).
This active engagement leads to enhanced self-regulation, enabling students to monitor their progress, adjust their strategies,
and ultimately improve their academic performance (Carless & Boud, 2018; Molloy et al., 2020)

As the educational landscape evolves, the potential of using educational technologies such as learning analytics (LA) to
support the feedback process and the development of feedback literacy is increasingly recognized (Carless & Boud, 2018;
H. Jin et al., 2022). LA tools, leveraging large data sets to analyze student learning patterns, offer a promising avenue to
enhance students’ engagement with feedback processes (Lim et al., 2021; Pardo et al., 2019). With the growing hype in the
field of AI, generative AI (GenAI), such as ChatGPT, has further expanded the possibilities within this domain (Dai et al., 2023;
Yan, Sha, et al., 2024; Yan, Greiff, et al., 2024; Dai et al., 2024). GenAI tools are now increasingly integrated into educational
settings to provide timely feedback, potentially reducing teachers’ workload and enhancing the feedback experience (Conijn
et al., 2022; Rad et al., 2023; Jürgensmeier & Skiera, 2024). These AI-powered tools can deliver immediate, personalized
responses to students, which is particularly valuable in large or resource-constrained educational environments (Rad et al.,
2023). Furthermore, AI is increasingly recognized as playing a crucial role in feedback processes as a feedback agent. As Pardo
(2018) pointed out in his feedback model for data-rich learning experiences, algorithms can be integral components of the
feedback loop. GenAI extends this concept by offering more context-aware feedback generation that can potentially enhance
the quality and relevance of feedback (Dai et al., 2024). This evolution in AI’s role highlights the importance of exploring how
GenAI can be effectively integrated into feedback processes to support both educators and learners.

Despite the growing enthusiasm for using GenAI technologies to enhance the feedback process, the research base is nascent.
In particular, there is a lack of studies focusing on how students directly interact with GenAI within student-facing tools to
manage their own feedback. Currently, GenAI applications are primarily designed to assist educators in drafting and automating
feedback (Conijn et al., 2022; Tubino & Adachi, 2022), yet only a few studies have directly engaged students in interacting
with GenAI applications to manage their own feedback. This highlights a need for empirical research to explore how students
perceive and interact with GenAI-powered functionalities aimed at supporting the feedback process in educational settings.
Employing feedback literacy literature as a theoretical lens can offer a structured approach to examine how students engage
with, interpret, and act upon feedback facilitated by GenAI-powered functionalities within an LA tool (F. Jin et al., 2024; Tsai,
2022). This approach not only can bridge the gap between traditional feedback theories and emerging AI technologies but also
may provide a deeper understanding of the potential impacts of GenAI technologies on students’ ability to effectively make
sense of, engage with, and use feedback—key components of student feedback literacy.

The current study aimed to bridge this gap by exploring students’ perceptions after using the GenAI-powered functionalities
integrated within a student-facing LA tool called PolyFeed. The focus was on understanding how these functionalities could
support students’ sense-making and action-taking processes (e.g., self-reflection, monitoring) in the context of the feedback
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processes. By focusing on students’ perceptions of GenAI within PolyFeed, namely a ChatGPT explanation feature and the
derivation of common themes from labelled feedback for dashboard visualizations, this research explores the role of GenAI in
the feedback process through the lens of students’ feedback literacy. Data were collected through (i) introductory lab sessions, to
capture initial perceptions of GenAI in the feedback processes; (ii) in-semester trace data, to observe actual use and engagement;
and (iii) post hoc interviews, to explore changes in perceptions over time. This approach provided a comprehensive view of
how students perceive and interact with GenAI-powered functionalities during the semester, offering insights into both the
perceived value and the practical use of these functionalities in an educational setting. The contribution of this paper lies in
providing empirical insights into how students perceive and interact with GenAI-powered functionalities after using an LA
tool as a part of their feedback process. This study highlights the potential of GenAI to facilitate meaningful interaction with
feedback received from educators, helping students understand and use feedback effectively.

2. Background

2.1 Foundations of Feedback and Feedback Literacy
Feedback processes are essential for learning, providing students with insights into their performance and pinpointing areas
for improvement (Hattie & Timperley, 2007; Henderson et al., 2019). Traditionally, feedback processes in higher education
were largely unidirectional, focusing on the delivery of feedback information from educator to student. However, recent
research advocates for a more dialogic approach to feedback, promoting a two-way communication process that is responsive to
individual student needs and fosters deeper engagement (Boud & Molloy, 2013; Sutton, 2009; Yang & Carless, 2013). Effective
feedback processes extend beyond traditional assessments and transmission of information, acting as a vital interaction that
supports learners in recognizing their strengths, weaknesses, and areas for improvement. This interactive process is crucial
because the impact of feedback is realized only when students not only receive but also make sense of and act upon the feedback
they are given. This requirement is central to the concept of student feedback literacy, defined as the capability to actively seek,
understand, and apply feedback in a constructive way (Carless & Boud, 2018). Developing feedback literacy involves more
than processing information; it requires engaging in a dialogic feedback process where feedback is not merely given but part of
an ongoing dialogue that enhances students’ ability to self-regulate and optimize their learning strategies (Boud & Molloy,
2013; Sutton, 2009).

Student feedback literacy comprises four key elements: appreciating feedback, making judgments, managing affect, and
taking action (Carless & Boud, 2018). More specifically, students should be able to recognize the value of feedback and
understand their active role in the feedback process (appreciating feedback). They should be able to evaluate the quality
of feedback and make judgments about their own work (making judgments), be emotionally capable of dealing with both
positive and negative feedback (managing affect), and know the strategies necessary to act on feedback (taking action) (Carless
& Boud, 2018). Molloy and colleagues (2020) have proposed a comprehensive framework that includes seven capabilities,
enhancing these traditional components by detailing specific behaviours and attitudes necessary for developing feedback
literacy. These capabilities are (1) committing to feedback as improvement, (2) appreciating feedback as an active process, (3)
eliciting information to improve learning, (4) processing feedback information, (5) acknowledging and working with emotions,
(6) acknowledging feedback as a reciprocal process, and (7) enacting outcomes of processing of feedback information. Each
capability highlights the participatory nature of feedback and emphasizes the importance of viewing feedback as a tool for
improvement.

Taking a feedback literacy lens is crucial for understanding how students engage with, interpret, and act on feedback,
particularly given the importance of feedback literacy skills within the feedback processes (Carless & Boud, 2018; Molloy et al.,
2020). This perspective can provide a structured way to explore the complexities of the feedback process and to identify areas
where students may need additional support. Providing personalized interventions and supporting students in the feedback
process is challenging for educators due to their limited time and resources (H. Jin et al., 2022). In this context, LA and
GenAI have been proposed as potential technologies that streamline and facilitate a more manageable and scalable approach to
feedback processes (Lim et al., 2021; Rad et al., 2023; Pardo et al., 2019; Escalante et al., 2023).

2.2 LA and GenAI in the Feedback Process
LA has emerged as a promising technology-enhanced approach to facilitating the feedback process (Carless & Boud, 2018;
Yang & Carless, 2013; Winstone, 2019; Tsai, 2022). Specifically, LA can be used to generate timely and personalized feedback
by using extensive learning data such as click stream, discussion forum, and academic performance (i.e., assessment marks,
class attendance), which not only improves students’ experiences but also alleviates the burdens faced by educators in managing
large cohorts of students (Lim et al., 2021; Pardo et al., 2019). Existing LA tools primarily focus on using diverse engagement
and performance data from platforms such as learning management systems to enhance the content, frequency, and timeliness
of feedback. This includes the delivery of automated feedback in written form or through visualizations (e.g., dashboards)
(Knight et al., 2020; Sedrakyan et al., 2020; Whitelock et al., 2015; Zheng et al., 2022).
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Recent advancements in AI, specifically GenAI, have begun to influence the feedback process by facilitating dialogic
interactions that can potentially mirror human-to-human communication. Technologies such as ChatGPT have shown potential
in providing flexible and contextually relevant feedback through human-to-chatbot interactions, enhancing both the learning
experience and real-time student engagement (Kim et al., 2021). For example, a case study by Rad and colleagues (2023)
explored the use of the Wordtune application in writing tasks. Wordtune, a GenAI writing tool, uses natural language processing
(NLP) to aid in writing. The study found that the experimental group using Wordtune significantly improved their writing
outcomes, engagement, and writing feedback literacy compared to the control group. Students responded positively to the
Wordtune application, highlighting its effectiveness in enhancing their writing skills. This emphasizes the role of GenAI in
providing personalized feedback, promoting student engagement, and developing writing feedback literacy—a set of skills that
enables students to understand, interpret, and use feedback to improve their writing outcomes in educational settings (Rad
et al., 2023). However, the application of GenAI tools in this case study is too task specific to language education and may not
necessarily be suitable for a broader range of feedback processes to support students’ overall feedback literacy.

GenAI holds the potential to generate and explain feedback. Research by Dai and colleagues (2023, 2024) explored the
potential use of ChatGPT in feedback generation, evaluating the quality and depth of its output compared to feedback provided
by educators. The findings suggested that ChatGPT could produce feedback that was more detailed and readable than that
from human educators. These results imply ChatGPT’s potential to assist educators in delivering more readable and consistent
feedback, thereby potentially enhancing students’ sense-making process. This potential of ChatGPT in feedback processes has
been further corroborated by recent research. Research by Li and colleagues (2025) demonstrated that students were willing to
follow and comply with feedback generated by GPT-4 based on analytics of their learning behaviours. This study highlights the
promising potential of GenAI for feedback generation and learners’ receptiveness to implementing feedback. Additionally,
Yan and colleagues (2024) highlight that large language models (LLMs), such as GPT, can generate text-based content to
summarize complex datasets and visualizations, providing explanatory narratives and crafting data stories with minimal
human oversight. This capability is particularly valuable for helping students interpret and understand LA visualizations.
The study emphasizes the potential of GenAI to extend beyond traditional LA by offering more interactive and explanatory
capabilities, thereby enhancing student engagement with feedback processes. A recent follow-up study explored two different
implementations of VizChat: a “reactive” condition, where students asked questions independently, and a “proactive” condition
that scaffolded students in asking questions as they interpreted dashboard visualizations (Yan, Martinez-Maldonado, Echeverria,
et al., 2024). Both conditions showed significant improvement in students’ comprehension and accuracy of interpreting the
analytics displayed in the dashboard. Students in the “proactive” condition continued improving even after chatbot access
was removed, while those in the “reactive” condition maintained their performance level. These findings have significant
implications for the use of GenAI in feedback processes, which could lead to more sustained improvements in students’ ability
to interpret and act on feedback.

Despite these technological advancements, there is a significant gap in how LA and GenAI are currently applied in feedback
processes. Primarily, LA and GenAI have been used to aid educators in delivering feedback, whether semi-automated or fully
automated (Conijn et al., 2022; Tubino & Adachi, 2022; Knight et al., 2020; Sedrakyan et al., 2020; Whitelock et al., 2015;
Zheng et al., 2022; Jürgensmeier & Skiera, 2024). Yet, little attention has been paid to the importance of empowering students
to actively manage their own feedback in this process. Understanding students’ perceptions of using GenAI functionalities
in the feedback process is crucial because it can reveal how these tools promote active student engagement, awareness, and
initiative in managing their feedback. Research in this area can demonstrate how direct interaction with LA and GenAI tools
can support students in the feedback processes, which involve actively seeking, understanding, reflecting on, and applying
feedback effectively—key components of feedback literacy (Carless & Boud, 2018; Molloy et al., 2020). This understanding is
essential for designing systems that truly support and empower students in their learning journeys.

2.3 Contribution and Research Questions
The current study aimed to address the aforementioned gap by exploring how students perceive and interact with the GenAI-
powered functionalities within a student-facing LA tool aimed at supporting the feedback process. Specifically, this study
focused on students’ perceptions of GenAI’s role in supporting their understanding and use of feedback. To investigate this, the
study used PolyFeed, which integrated GenAI in two key functionalities: ChatGPT explanations, which allow students to
ask for further explanations on feedback received from educators, and a GenAI-powered dashboard that visualizes common
themes (i.e., strengths and weakness) across assessments and units summarized by ChatGPT. Through introductory lab sessions,
in-semester use of the tool, and post hoc interviews, the study captured students’ initial perceptions, their actual engagement,
and changes in their perceptions over time. These activities aimed to provide insights into how GenAI could potentially
support students’ interactions with feedback. The analysis was framed through the lens of feedback literacy, addressing
the following overarching question: What may be the role of GenAI in the feedback process from a feedback literacy
perspective? Investigating the role of GenAI from this perspective is crucial because feedback literacy emphasizes the skills
and understanding necessary for students to make effective use of feedback (Carless & Boud, 2018; Molloy et al., 2020). By
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examining GenAI’s impact on these areas, we aimed to understand how LA technologies could support students in becoming
more proactive and competent in engaging with feedback. This overarching question was explored through two research
questions to capture students’ engagement and perceptions.

RQ1 aimed to capture the initial impressions and immediate reactions of students as they are introduced to the GenAI-
powered functionalities, setting the baseline for their engagement:

RQ1: What are students’ initial perceptions about using GenAI-powered functionalities within an LA tool aimed at
supporting the feedback process?

Going beyond a first encounter with the LA tool (Q. Li et al., 2021), RQ2 aimed at understanding students’ perceptions
from their ongoing experiences during the semester and their reflective insights captured in the post-interviews, providing a
empirical perspective on the continuous use of GenAI-powered functionalities in their feedback and learning processes, as
follows:

RQ2: What are students’ perceptions after the actual use of GenAI-powered functionalities within an LA tool aimed at
supporting the feedback process?

The current study contributes to the LA field by offering empirical insights into students’ perceptions and interactions with
GenAI in feedback processes, highlighting both the potential and challenges of integrating these technologies into educational
settings. The focus on student perceptions is intentional and particularly valuable at this early stage of research, providing
insights into the potential of GenAI to support feedback processes from the learners’ perspective, identifying areas where
GenAI tools align with or fall short of student needs and expectations and informing future directions for both tool design and
more targeted studies in scaffolding feedback literacy.

3. Methodology
The study presented in this paper was based on the data collected during the pre-implementation testing phase of an LA tool
aimed at supporting the feedback process. Ethics approval was obtained from the ethics committee of Monash University for
the design, development, and piloting of PolyFeed.

3.1 Tool Features and Functionalities
PolyFeed is an LA tool designed to support students in managing and interacting with web-based feedback through a unified
platform. PolyFeed consists of a browser extension and a dashboard. The browser extension enables students to interact with
their feedback by highlighting and labelling feedback as strengths, weaknesses, suggestions (action points), confusions, or
other categories (Figure 1—steps 1 and 2). Students can then reflect (Figure 1—step 3) or create action plans (Figure 1—step
4) based on the extracted feedback. The highlighted and labelled feedback is stored in the PolyFeed database and used to
derive common themes with support from ChatGPT. Initially, the annotated feedback extracts are sent to ChatGPT, which
is then prompted to derive common themes emerging from the feedback extracts. Subsequently, new feedback extracts and
pre-identified common themes are sent to ChatGPT to map the feedback extracts into the common themes. In the case of a
missing common theme from the pre-identified list, ChatGPT is prompted to add new themes to match. Therefore, PolyFeed
leverages ChatGPT for inductive qualitative coding. The identified common themes are then visualized in the dashboard,
showcasing common strengths and weaknesses across assessments and units (i.e., equivalent to courses in other educational
institutions) (Figure 2).

Additionally, PolyFeed allows students to seek further explanation on feedback they received using ChatGPT (see Figure 3
for steps). The primary purpose of this feature is to integrate ChatGPT to reformat feedback into simpler language and present
it as a summary. The use of ChatGPT to seek further explanation is limited to two attempts. This design decision was made to
ensure that students would not receive unreliable responses from ChatGPT due to the loss of context if they select a smaller
portion of feedback. Specifically, PolyFeed provides one explanation per feedback item from ChatGPT (Figure 3—step 1). If
a student is not satisfied with the ChatGPT response, they are given one additional chance to interact with ChatGPT to seek
further explanation (see Figure 3—step 5).

In summary, this study focused on two features supported by GenAI, both using version 3.5 of ChatGPT: (i) the ability
for students to request ChatGPT explanations if they were confused by specific feedback sentences and (ii) the visualization
of common strengths and weaknesses across assessments and units, derived from students’ feedback annotations, such as
highlights and labels. Thematic analysis conducted by ChatGPT on these feedback extractions was displayed on a dashboard.

The rationale for integrating two ChatGPT functionalities in the tool is as follows:
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Figure 1. Steps of PolyFeed’s functions: (1) Students highlight the feedback text in Moodle; (2) students label the highlighted
feedback as strength, weakness, action point, confused, or other; (3) students select to add a note; or (4) students select to make
action plan.

ChatGPT explanations: This functionality allows students to request further clarification on specific feedback sentences
they receive from educators. ChatGPT explanations were designed to support students in seeking feedback information,
particularly in resource-constrained teaching and learning environments where educators may have limited time and
resources (H. Jin et al., 2022). By providing immediate clarification on feedback, this functionality addresses the making
sense of feedback component of feedback literacy (see Section 2.1 for more details). The ability to quickly obtain
explanations enhances students’ understanding of the feedback, potentially reducing emotional barriers (i.e., managing
emotions) to engagement and fostering more effective interpretation. This improved comprehension can, in turn, support
the using feedback information component of feedback literacy, as students are better equipped to take actionable steps
based on their enhanced understanding of the feedback received (Carless & Boud, 2018).

GenAI-powered visualizations: This functionality provides students with a summarized view of their annotated
feedback, highlighting strengths and weaknesses across multiple assessments and units (see Figure 2). This consolidated
view can support students in understanding their feedback more holistically, aligning with the making sense of feedback
component of feedback literacy. By prompting reflection on these patterns, these visualizations can potentially encourage
students to engage in strategic planning and take action based on their feedback, which corresponds to the using feedback
information component of feedback literacy. This approach aims to deepen students’ comprehension of their overall
performance and foster more effective use of feedback across their academic journey.

Both functionalities align with multiple components of feedback literacy, including seeking feedback information, making
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Figure 2. PolyFeed’s dashboard.

sense of feedback, managing emotions, and using feedback information. These feedback literacy components are bolded and
discussed in more detail in Section 3.3.

3.2 Study Design
The overall study protocol1 for the pilot of PolyFeed involved three main activities: an introductory lab session, in-semester
use, and a post hoc interview (Figure 4). Twenty-two students were recruited for the introductory lab session through the
professional networks of the PolyFeed project’s researchers, including unit coordinators from various faculty disciplines. The
participants in the introductory lab sessions consisted of students from the following disciplines: information technology (50%),
education (22.7%), business and economics (13.6%), and engineering (13.6%).

Activity 1. During the introductory lab session, 22 students used PolyFeed to interact with at least three pieces of feedback
they had received in the previous semester across units they took and assessments within them, engaging in both free and
guided exploration (Figure 4—Introductory lab session). The first interaction was self-directed, allowing students to explore the
tool’s functionalities without guidance to gain an initial understanding of its features. The subsequent two interactions were
guided, with specific steps provided to help students effectively use the tool’s main functionalities for the remaining feedback.
These three interactions enabled students to engage with all GenAI-powered functionalities within the tool and share their
positive or negative feedback, providing insights into their experiences with each functionality. For the ChatGPT explanation
function, students were encouraged to rate the output from ChatGPT on a scale from 1 to 4, providing quantitative data on
their satisfaction with the responses. This 4-point scale was chosen to encourage students to make a clear decision rather than
defaulting to a neutral middle option, thereby providing more definitive feedback about their experiences with the GenAI tool

1https://docs.google.com/document/d/e/2PACX-1vTRlNqK1H9yAI5YksAObOe5DrzdJ5AcKc7ox9NUQ9USvDcJH2IY-PyUSG6j4Iqm-cawgS6X1FfmA5a2/
pub

ISSN 1929-7750 (online). The Journal of Learning Analytics works under a Creative Commons License (CC BY 4.0) 158

https://docs.google.com/document/d/e/2PACX-1vTRlNqK1H9yAI5YksAObOe5DrzdJ5AcKc7ox9NUQ9USvDcJH2IY-PyUSG6j4Iqm-cawgS6X1FfmA5a2/pub
https://docs.google.com/document/d/e/2PACX-1vTRlNqK1H9yAI5YksAObOe5DrzdJ5AcKc7ox9NUQ9USvDcJH2IY-PyUSG6j4Iqm-cawgS6X1FfmA5a2/pub


Figure 3. Steps of using ChatGPT within PolyFeed to seek further clarification: (1) Students click the Explanation from
ChatGPT button in the extension; (2) students highlight the text; (3) students click the ASK CHATGPT button; (4) students rate
the response received from ChatGPT; and (5) students seek further clarification for a second time.

(Filius et al., 2018). All sessions were audio-recorded using Zoom, a popular video conferencing tool that also offers recording
and transcribing services, to capture detailed insights into students’ experiences and opinions of each functionality.

Activity 2. During the in-semester use activity, 18 students actively and continuously used PolyFeed to interact with feedback
received during the current semester (Figure 4—in-semester use). Participants were required to interact with at least six pieces
of feedback received in their current semester across units and assessments. Contents students created during their interactions
(e.g., highlight extractions, label, notes, action plans, ChatGPT explanations, ratings on feedback and ChatGPT explanations)
and trace data were collected.

Activity 3. By the end of the semester, all 18 students who participated in Activity 2 also took part in the post hoc interviews
(Figure 4—Post-study interview). Due to the voluntary nature of participation, we were not able to capture broader issues faced
by students who did not continue to use the tool after their initial lab session. The post hoc interview questions (refer to the study
protocol2) were carefully designed by two researchers who discussed and agreed upon the questions needed to cover various
dimensions of feedback literacy (Carless & Boud, 2018; Molloy et al., 2020). This approach aimed to capture students’ general
experiences within the feedback processes and understand their perceptions of PolyFeed’s role in supporting these dimensions
of feedback literacy. During these interviews, the students were asked whether the ChatGPT explanation function encouraged
them to seek clarification on the feedback they received and whether the GenAI-powered visualizations (i.e., common strengths
and weaknesses across assessment and units) in the dashboard were useful for their learning. All interviews were conducted
and audio-recorded by Zoom. Additionally, data from the 18 students who participated in all activities were considered for
subsequent data analysis, with students labelled from P01 to P18 for presenting their direct quotes in the results section. For
clarity and grammatical correctness, some words in students’ direct quotes have been modified or added, as indicated by square
brackets. These modifications were made carefully to preserve the original meaning of the statements.

3.3 Data Analysis
In this paper, we analyzed students’ interaction data and trace data stored in the PolyFeed database from in-semester use
(Activity 2) (Figure 4—In-semester ue) and their interview responses in the introductory lab sessions (Activity 1) and post hoc
interviews (Activity 3) (Figure 4—Post-study interview). The data analysis of Activity 1 was aimed at answering RQ1, while
the analyses from Activity 2 and Activity 3 are aimed at answering RQ2.

2https://docs.google.com/document/d/e/2PACX-1vTRlNqK1H9yAI5YksAObOe5DrzdJ5AcKc7ox9NUQ9USvDcJH2IY-PyUSG6j4Iqm-cawgS6X1FfmA5a2/
pub
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Figure 4. Overview of PolyFeed pilot study activities.

Activity 2. We present descriptive statistics regarding the number of participants who used ChatGPT to seek further expla-
nations, along with the percentage of students using this GenAI-powered functionality. Additionally, this paper presents the
results of the analysis of trace data related to the frequency with which different visualizations in the dashboard were accessed,
including Strengths across Units, Weaknesses across Units, Strengths across Assessments, and Weaknesses across Assessment
(Figure 2).

Activity 1 and Activity 3. In analyzing the interviews with students, the audio recordings were initially transcribed using
Zoom’s automatic transcription service and corrected by research team members by cross-referencing the audio file and the
transcripts. Thematic analysis was used to analyze these transcripts. A coding scheme was developed using both inductive
and deductive methods. The inductive codes were developed based on the themes emerged from the dataset. Conversely, the
deductive codes were informed by the dimensions of the feedback literacy framework discussed in Section 2.1 (Carless & Boud,
2018; Molloy et al., 2020).

Initially, codes were developed to explore how GenAI within PolyFeed can potentially support feedback literacy skills
(Code: 1.0 Feedback Literacy). This was further dissected into five components by synthesizing key elements from
two seminal frameworks (Carless & Boud, 2018; Molloy et al., 2020). Appreciation of feedback is highlighted in both
frameworks as recognizing the value of feedback for learning, which is essential for meaningful engagement. Seeking
feedback information involves proactively eliciting additional feedback or clarifications to better make sense of feed-
back. Making sense of feedback combines Carless and Boud’s emphasis on evaluating feedback with Molloy and col-
leagues’ focus on accurate interpretation. Managing emotion, discussed in both frameworks, involves maintaining a
positive attitude toward feedback, even when it is critical. Lastly, using feedback information encapsulates applying
feedback constructively to improve work and learning strategies through self-reflection and monitoring, a culmination
of processing and understanding of feedback. Additionally, codes were developed to capture students’ positive and neg-
ative perceptions and concerns toward the use of GenAI-enhanced functionalities (Code: 2.0 Perceptions of GenAI
functionalities). The complete code scheme used in this study can be accessed at https://docs.google.com/document/d/
e/2PACX-1vTZ0ueP4YPO3I5iQk-i55jF1o09jmYlEpGJ4lhjn1JGV93JMWa4yLQqRVBmXl-VAmrraGPLuNZtqEb7/pub.

Once the coding scheme was developed, an inter-rater reliability (IRR) test was carried out among three coders (R1, R2,
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and R3). The first round of IRR testing between R1 and R2 yielded a Kappa score of 0.63. The coders then met to discuss
discrepancies and reach a consensus on the most appropriate codes. This process involved

• identifying specific instances where codes differed between coders (i.e., R1 and R2);

• each coder explaining their rationale for the chosen code; and

• engaging in collaborative discussion to reach a consensus.

Following this discussion, a second round of coding was conducted, resulting in an improved Kappa score of 0.83, which
indicates “near perfect agreement” (Lazar et al., 2017). After achieving this satisfactory level of agreement, R1 and R2 divided
the remaining transcripts from the introductory lab session equally for coding.

For R1 and R3, who coded the post hoc interview transcripts, only one round of IRR testing was conducted, achieving a
Kappa score of 0.73, indicating a range from “satisfactory to near satisfactory agreement” (Lazar et al., 2017). The coders
then met to discuss any discrepancies and reach a consensus, following a similar process as described above. After resolving
discrepancies, R1 and R3 divided the post hoc interview transcripts equally for coding. This iterative process of coding,
discussion, and refinement contributed to improving IRR and ensuring consistency in the analysis of both the introductory lab
session and post hoc interview data. In reporting the findings, the number associated with a specific code is indicated (e.g.,
n = 10, meaning 10 participants mentioning a particular code). Finally, all codes were bolded to improve readability.

4. Results
4.1 Students’ Initial Dispositions toward Using GenAI-Powered Functionalities (RQ1)
During the introductory lab sessions, students explored PolyFeed and shared their perceptions of the GenAI-powered functional-
ities within the tool. The results from the qualitative analysis (see Table 1) highlighted various aspects of how students engaged
with and perceived the GenAI-powered functionalities (i.e., ChatGPT explanation and GenAI-powered visualization) within
PolyFeed. In terms of overall initial perceptions of the GenAI functionalities within PolyFeed, all students (n = 18, 100%)
reacted positively to the explanations (i.e., at least one trial out of three) and 16 (89%) to the GenAI-powered visualizations.
When discussing how the two GenAI-powered functionalities within PolyFeed may support their learning in the feedback
process, nine students (50%) mentioned that the explanation function may help them better understand the feedback (Code 1.3:
making sense of feedback), noting that the responses from ChatGPT are more simplified, summarized in bullet points, than the
original feedback provided by their educators. This can be particularly useful for clarifying vague feedback. For example, P18
said, “The reason I use ChatGPT here is mainly because sometimes the feedback [can be] a bit vague, so it’s really awesome for
me to have a button to ask for explanation from ChatGPT.” Additionally, two students (11%) said that the explanation function
helped them actively seek clarification on confusing parts of the feedback to enhance their understanding (Code 1.2: seeking
feedback information). For instance, P04 valued this function because it was a more convenient way to seek clarifications
directly with ChatGPT: “[It’s] like grouping in and clarifying with ChatGPT directly, which is quite useful. It saves everything.”

Table 1. Student responses to GenAI functionalities during introductory lab sessions and post hoc interviews.
Introductory Lab Sessions Post Hoc Interviews
ChatGPT
Explanation

Visualizations
(GenAI)

ChatGPT
Explanation

Visualizations
(GenAI)

1. Feedback Literacy 10 15 6 12
1.1 Appreciation of Feedback 0 0 0 0
1.2 Seeking Feedback Information 2 0 0 0
1.3 Making Sense of Feedback 9 8 5 6
1.4 Managing Emotions 0 0 3 3
1.5 Using Feedback Information 0 14 1 10
2. Perceptions of GenAI Functionalities 18 17 12 14
2.1 Positive (GenAI) 18 16 8 13
2.2 Negative (GenAI) 11 6 6 3
2.3 Concerns (GenAI) 2 4 1 0

For GenAI-powered visualizations, 14 students mentioned that seeing their common strengths and weaknesses displayed
may assist them in effectively using feedback information. These visualizations prompted them to reflect on their previous
work and can potentially provide an overview of their performance across assignments and units, enabling them to use feedback
information to improve their learning. Student P05 illustrated this point clearly: “I believe each unit has a common running
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theme. If I identify those strengths and weaknesses in the initial assignments, I’ll be well-prepared to specifically tackle them
going forward. I can further show off my strengths and target my weaknesses more effectively. As I move forward, I can
address these areas in [upcoming] assessment.” Additionally, eight students (44%) noted that visualizing common strengths and
weaknesses in the dashboard can help them better make sense of feedback because “It summarizes everything into one word.
Instead of having too many words, it is very brief and short” (P17).

The GenAI functionalities also received some criticism, with 11 students (61%) sharing negative feedback about the
explanations compared to six (33%) expressing dissatisfaction with the visualizations. Students mainly reacted negatively
because the explanations from ChatGPT were often “the same as the educators’ feedback” (P02) and sometimes “irrelevant to
their work” (P18). They expected to receive additional information beyond what their educators provided, particularly advice
on how to improve and effectively address the weaknesses that were identified. For example, student P10 hoped that ChatGPT
would advise on “What should I have done so that I could have actually fixed my assignment to not receive that negative
feedback?” Concerns raised by students were relatively minimal, with only two students (11%) expressing concerns about the
explanations and four (22%) about the visualizations. The main concerns regarding GenAI included potential reliability issues
due to the use of an earlier version of ChatGPT, as well as privacy concerns, specifically whether their usernames or student
details were being sent to ChatGPT.

Overall, the results showed a strong initial disposition toward using GenAI-powered functionalities within the LA tool, with
students perceiving its effectiveness in seeking, making sense of, and using feedback. However, there was a mismatch between
the output from the GenAI-powered functionality and students’ expectations.

4.2 Students’ Perceptions after Actual Use of GenAI-Powered Functionalities (RQ2)
To understand how students’ perceptions of using the GenAI-powered functionalities changed based on their ongoing ex-
periences, we analyzed their actual usage during the semester and their reflective insights gathered during the post hoc
interviews.

4.2.1 In-Semester Use
Throughout the semester, trace data captured how students interacted with PolyFeed at home, particularly focusing on their use
of GenAI-powered functionalities. The analysis of these data provides insights into students’ practical engagement with the
tool’s features (see Table 2).

A total of nine students (50%) used the ChatGPT explanation function, with their ratings on the responses averaging a score
of 3.23 out of a maximum of 4. This score indicates a moderate level of satisfaction with the AI-generated explanations. In
terms of navigating through GenAI-powered visualizations, 12 students (67%) engaged with the common strengths across units
graph, and 11 students (61%) engaged with the common weaknesses across units graph, demonstrating a higher interaction
with these visualizations. The common strengths across assessment graph and the common weaknesses across assessment
graph were navigated by nine students (50%) each. These data showed that engagement with GenAI-powered functionalities
varied, with approximately 50–60% of students using these features.

Table 2. Number of participants that used the GenAI functionalities.
Feature Number of Participants (%)
ChatGPT explanation function 9 (50%)
Common strengths across units graph 12 (67%)
Common weaknesses across units graph 11 (61%)
Common strengths across assessment graph 9 (50%)
Common weaknesses across assessment graph 9 (50%)

4.2.2 Post Hoc Interviews
In general, students’ perceptions of GenAI-powered functionalities (see Table 1) between the introductory lab sessions and post
hoc interviews generally indicate a decline in the perceived effectiveness of these tools. Analysis reveled that 13 students (72%)
found the GenAI-powered visualizations beneficial to their learning in the feedback process. Specifically, 10 students (56%)
appreciated the visualizations for providing a clear overview of their strengths and weaknesses across different assignments and
units. For example, one student remarked, “I think the most fantastic thing is the visualization. Yeah, I can use that visualization,
especially the graphs, to detect the areas where I need to improve. Do I need to make improvements again? Is there anything I
might have ignored?” (P18). This suggests that the GenAI-powered visualizations can support the feedback literacy component
of using feedback information effectively by prompting students to reflect on their performance and allowing them to monitor
their progress. This, in turn, can enable them to apply feedback information to adjust their learning strategies for improvement.

Further insights from the interviews highlighted that GenAI-powered visualizations helped six students (33%) better
understand the feedback they received, suggesting understanding and application of the feedback in subsequent tasks. These
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visualizations, supported by GenAI, effectively analyze and categorize complex, jumbled feedback into distinct categories of
common strengths or weaknesses. P11 emphasized this potential benefit, stating, “Because some of the feedback is very jumbled,
it’s not laid out [distinctly]. The visualization [helps me] segregate the feedback. It gives me strengths or weaknesses separately.
[This way] I know in a huge paragraph, there are like four main important points that I need to focus on.” Additionally, the same
feature supported three students (17%) in managing their emotional responses to feedback. These students appreciated how
GenAI-powered visualizations reduced the overwhelming nature of receiving complex feedback. By simplifying and distilling
key points (i.e., common strengths and weaknesses) from the dense text provided by their educators, these visualizations helped
them to maintain a positive outlook and fostered a focused approach to improvements. P08 explained the emotional benefits
as follows: “I would say yes, because I’m thinking of a positive way, being able to highlight those weaknesses and to sort of
analyze them as a common theme in the dashboard, is sort of turning them into like a tool or strength that we as students can
use to improve.”

In terms of ChatGPT explanations, eight students (44%) found them particularly beneficial for clarifying complex feedback,
as reflected in the experiences of five students (28%) who specifically highlighted their value in making sense of feedback. For
instance, student P09 said, “With the ChatGPT explanation, it analyzes the feedback and presents it in dot points. This condenses
the feedback into key points, which makes it easier for me to understand when the feedback is extensive.” Furthermore, three
students (17%) also reported that the ChatGPT explanations were instrumental in helping them manage their emotions during
the feedback process. For example, student P06 highlighted the ChatGPT function as a valuable intermediary, providing a layer
of support before they approached their instructors. This potential benefit was particularly appreciated by the student who felt
hesitant about direct communication with their tutors due to cultural norms or personal anxiety: “I think this was good because
it’s like having a study buddy to consult with, not really to share feelings, but to have someone to talk to before I reach out to
the tutor. You know, I’ve actually reached out to my tutor, but before that, I struggled a lot. I don’t know if you understand, but
in many Asian cultures, it’s not really comfortable to reach out to a tutor in this way, so I struggled a lot. I think [the ChatGPT
explanation] was good because then I can get another person’s opinion first.”

Despite the positive feedback on the GenAI-powered functionalities, some criticisms and concerns were also noted. Six
students (33%) shared negative feedback about the ChatGPT explanations, primarily because they found them repetitive and
not sufficiently tailored to their specific needs. For instance, a student expressed dissatisfaction by stating, “I noticed two
things. First, if I input a teacher’s list of feedback into ChatGPT, it would kind of bring out the same thing. The second thing is
for my maths units, when I put maths into it, it didn’t seem to understand the mathematical concepts” (P07). It suggests the
importance of context and discipline-specific support from GenAI, as generic GenAI tools may not be capable of handling
subject-specific details, particularly in areas such as mathematics. For those students who (n = 6, 33%) neither positively nor
negatively perceived the ChatGPT explanation functionality during their in-semester use, their neutrality stemmed from “not
needing to use it” (P12) because the feedback they received from their teachers was already clear and easy to understand. As
one student said, “I think most of my feedback was pretty straightforward and of good quality, so I didn’t really need the [ask]
ChatGPT function” (P02).

In summary, during the introductory lab sessions, students exhibited a high level of enthusiasm for the GenAI-powered
functionalities of PolyFeed, with both the ChatGPT explanations and GenAI-powered visualizations receiving overwhelmingly
positive feedback. However, this initial enthusiasm did not fully translate into sustained usage, as evidenced by the in-semester
trace data, which showed that only just over half of the students continued to actively engage with these functionalities. This
trend was reflected in the post hoc interviews, where a smaller number of students reported positive experiences. This was
not necessarily due to dissatisfaction but rather from limited interaction with the functionalities, as some students found them
unnecessary for high-quality feedback that was already easy to understand.

5. Discussion
This study explored how GenAI-powered functionalities within an LA tool can support students in the feedback processes
through the lens of feedback literacy.

5.1 Summary of Findings
Responding to the overarching research question: “What may be the role of GenAI in the feedback process from a feedback
literacy perspective?”, findings uncovered that students initially perceived GenAI-powered functionalities as potentially
beneficial in their feedback processes. During both introductory lab sessions (RQ1) and post hoc interviews (RQ2), students
noted that GenAI-powered functionalities of PolyFeed could simplify complex feedback and provide actionable visualizations
that offer an overview of their common strengths and weaknesses across units and assessments. These GenAI-powered
functionalities, particularly GenAI-powered visualizations and ChatGPT explanations, not only clarified feedback to aid their
sense-making processes but also may potentially support self-reflection and monitoring (Rad et al., 2023; Escalante et al.,
2023).
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In our study, some students reported that these functionalities, supported by GenAI, assisted in managing emotional
responses to feedback by distilling lengthy and complex feedback from multiple educators across different assessments and
units into keywords that highlight common strengths and weaknesses. This process can foster a positive outlook and a focused
approach to improvement, potentially empowering students to effectively use feedback information to refine their learning
strategies. Our study contributes to this research by suggesting the feasibility of supporting students to actively interact with
feedback, given the immediacy and availability of AI (Escalante et al., 2023). GenAI can augment the feedback provided by
teachers by adding clarifications or simplifying feedback written in a long block of text. The GenAI-powered function in this
study, allowing students to ask for explanations from ChatGPT, further supports this process. The synergistic use of GenAI and
effective feedback practices could support student engagement with feedback, which is crucial for enhancing feedback literacy,
as it encourages students to take an active role and initiative in the feedback process (Carless & Boud, 2018). Additionally,
improved clarity and specificity of the feedback explanations were valued by students in the study, which is consistent with
findings by Dai and colleagues (2023, 2024) that feedback generated by GenAI often proves more readable and detailed than
human-generated feedback. Not only can this clarity and specificity help students better understand and apply the feedback to
their work (Escalante et al., 2023), but also these aspects are essential for developing their overall feedback literacy (Carless &
Boud, 2018; Molloy et al., 2020).

There is substantial literature on the efficacy of visual LA in improving students’ understanding of their learning processes
and performance. Specifically, visualizations in educational settings have proven beneficial for students to better understand
their learning processes and performance, thereby facilitating the development of metacognitive skills (Vieira et al., 2018).
These visual LA tools allow students to reflect on their efforts and learning strategies, empowering them to make informed
decisions about their learning paths (Vieira et al., 2018). In the context of our study, the integration of GenAI within an
LA dashboard illustrates the potential of extending these benefits further, not merely focusing on performance metrics but
enriching the feedback process by analyzing their interactions with feedback (i.e., highlighting and labelling feedback). The
GenAI-powered visualizations in PolyFeed can provide students with a clear, intuitive understanding of their strengths and
weaknesses across different assessments and units based on their educators’ feedback. This capability extends beyond traditional
performance metrics, offering insights into students’ learning processes. By doing so, the support of GenAI in visualizing
common strengths and weaknesses across assessments and units can help students make sense of complex feedback from
multiple courses and assessments. This can facilitate self-reflection, monitoring, and planning targeted improvements (Crain
et al., 2023), thus potentially supporting the development of their feedback literacy.

5.2 Discrepancy between Initial Perceptions and Actual Usage
The results also revealed an interplay between students’ initial perceptions (RQ1) and the actual usage (RQ2) of these GenAI-
powered functionalities within the LA tool. While initial responses were overwhelmingly positive, sustained engagement
proved to be more challenging, reflecting a reduction in actual usage of the functionalities compared to the initially perceived
usefulness. The findings from post hoc interviews offered deeper insights into this decline in engagement with GenAI-powered
functionalities observed during in-semester use. Three primary factors emerged that influenced the actual usage: (i) a mismatch
between expectations and GenAI outputs, (ii) a lack of relevance to their learning contexts (given that the units students were
taking were from multiple disciplines as well as students themselves being enrolled in different disciplinary programs), and (iii)
a perception that the functionalities were unnecessary for straightforward feedback. These observations indicate that while
the functionalities are appealing initially, they may not fully align with ongoing student requirements. Students often have
high expectations for educational technologies, such as LA and GenAI, especially at first encounter, anticipating significant
enhancements in learning experiences (Keane et al., 2023). However, the reality may fall short due to technical and practical
limitations or the known inconsistencies in GenAI-generated content (Jürgensmeier & Skiera, 2024). This mismatch can
undermine students’ trust in and perceived usefulness of these tools, leading to lower engagement and effectiveness. This
observation aligns with the findings of Li and colleagues (2021), who noted a contrast between users’ initial exploration of
an analytics tool and their experiences as they became more familiar with the tool, especially if it fails to provide relevant
insights to meet users’ needs. These insights suggest greater transparency and clearer communication regarding the operation
and capabilities of GenAI tools are needed. Effectively communicating what students should expect from GenAI-powered
functionalities and illustrating how they can benefit in the feedback process can help set realistic expectations. Such clarity
demystifies the technology, ensuring that students understand both the potential and the limitations of GenAI, which in turn
can foster more meaningful engagement with the tool. Moreover, developing discipline-specific GenAI tools that incorporate
explainable AI principles—making the processes and decisions of AI understandable to users—can enhance trust and reliability
(F. Jin et al., 2024; Khosravi et al., 2022). Finally, providing students with greater user control over GenAI interactions, such as
the ability to adjust the level of detail or complexity in explanations, can potentially enhance their feedback literacy skills by
enhancing the overall feedback experience. By enabling students to tailor the tool’s output, we can encourage them to critically
evaluate the feedback and make informed decisions about how to interpret and apply it in their learning. This aligns with the
making judgments component of feedback literacy, as students learn to assess the relevance and applicability of the feedback
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to their specific learning context and needs (Carless & Boud, 2018). Furthermore, this customization can support students
in taking action based on feedback by allowing them to engage more actively with the feedback they receive. In this way,
this approach can foster more consistent engagement with feedback across various learning contexts, potentially leading to
improved feedback literacy skills over time.

5.3 Implications for Research and Practice
Exploring students’ perceptions of GenAI-powered functionalities of the student-facing LA tool has several implications
for the feedback process, particularly in supporting how feedback is understood, monitored, and reflected upon by students.
By enabling direct interaction with feedback through GenAI-powered functionalities, such as ChatGPT explanations and
visualizations of common strengths and weaknesses across assessments and units, GenAI shifts the role of students from passive
recipients to active participants in feedback processes. This active engagement is crucial for the development of feedback
literacy, as it encourages students to take initiative in interacting with feedback, proactively seeking clarifications to enhance
their understanding, and reflecting on and monitoring their feedback interactions to adjust their learning strategies (Carless
& Boud, 2018; Molloy et al., 2020). Additionally, GenAI can act as an intermediary that clarifies educators’ feedback and
intentions, reducing potential miscommunication and enhancing overall clarity. In this way, GenAI has the potential to support
the closure of the feedback loop, ensuring that feedback is not just given and received but also understood and acted upon.
Furthermore, integrating GenAI functionalities is anticipated to have several practical impacts on teaching environments.
First, these functionalities can potentially enhance student engagement with feedback by providing immediate, on-demand
explanations and clarifications. This is particularly valuable in large classes or resource-constrained environments where
educators may not be able to respond promptly to individual requests for clarification. The ability to receive immediate
clarifications through GenAI can encourage students to engage with their feedback more promptly and frequently, fostering
sense-making and action-taking processes (T. Li et al., 2025). Second, integrating GenAI into an LA feedback management
tool can enable students to engage with feedback more independently, empowering them to take a more active role in their
feedback processes. This fosters self-regulated learning and helps students develop feedback literacy skills, such as seeking
information to improve learning and processing feedback information. By promoting independence, GenAI functionalities
support students in becoming more proactive and competent in managing their own feedback processes (Darvishi et al., 2024).

However, fully realizing GenAI’s potential in LA feedback processes requires a more purposeful design that addresses
issues that students currently face related to the relevance and depth of GenAI’s outputs (Yan, Martinez-Maldonado, & Gasevic,
2024). Future research can explore the development of adaptive, personalized GenAI functionalities that respond to diverse
student needs and involve learners in their iterative design processes. A shift toward discipline-specific GenAI can better meet
the distinct requirements of different subject areas, providing more tailored support in feedback processes.

5.4 Limitations and Future Research
While this study provides valuable empirical insights into the potential of GenAI within the context of LA feedback processes,
several limitations need to be acknowledged. First, the sample size was relatively small, with only 18 students participating in
all activities of the study. This limited number of participants may not fully represent the diverse range of student experiences
and attitudes toward GenAI across different educational contexts. Second, the students who decided to participate in this study
might have had a more positive attitude toward feedback or a higher level of engagement with the feedback process than the
general student population. This self-selection bias may influence the findings, potentially skewing the results toward more
favourable perceptions of GenAI’s role in the feedback process.

Another limitation concerns the version of ChatGPT used (i.e., version 3.5), which may not reflect the capabilities of
more advanced or updated versions of GenAI tools. The output from ChatGPT might have been influenced by the technical
limitations and inconsistencies inherent in this version, affecting students’ perceptions and engagement. Additionally, the
study did not measure long-term impacts on students’ feedback literacy skills. Developing feedback literacy is a complex
process that requires time and consistent practice (Carless & Boud, 2018). Our study, being exploratory in nature, focused on
initial perceptions and short-term engagement with GenAI-powered functionalities. We recognize that observing significant
improvements in feedback literacy skills would require a longer-term study. Finally, self-reported data provide valuable insights
into students’ perceptions and experiences but may not fully capture actual changes in feedback literacy skills or behaviours.
Future research can develop novel trace data–based measures of feedback literacy, which could potentially capture students’
actual behaviours and interactions with feedback, providing a more accurate representation of their feedback literacy skills.
Additionally, future research can consider larger and more diverse student samples, explore more updated versions of GenAI,
and investigate the long-term effects of GenAI on feedback literacy. Measuring academic performance could provide valuable
insights into the impact of GenAI-powered feedback tools on learning outcomes and will be an important direction for future
work.
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6. Conclusion
This study highlighted the potential of GenAI within an LA tool to support feedback processes in higher education. It explored
students’ perceptions of GenAI-powered functionalities such as ChatGPT explanations and GenAI-powered visualizations,
and how these functionalities can simplify and clarify complex feedback, thereby aiding in their sense-making processes and
effective use of feedback. Despite initial positive reactions, sustained engagement with GenAI was lower than anticipated,
indicating a discrepancy between students’ initial dispositions and actual usage. Future research should focus on developing
adaptive and discipline-specific GenAI tools tailored to meet students’ expectations in the feedback process, thereby improving
their engagement with feedback.
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