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Figure 1: The PromptMirror visualizes users’ LLMusage through analytics views, while supportingmultiple LLMplatforms. (A) A
one-off, no-login upload page that accepts exports frommultiple providers (e.g., ChatGPT, Claude, Gemini). The dashboard then
provides five visualization components: (B) a control bar with filters (e.g., model, date range, intent); (C) Conversation Statistics
summarizing engagement (e.g., conversations/messages, prompt and response length, active days, streaks, session duration); (D)
Usage Statistics showing temporal patterns (e.g., daily/weekly/monthly trends); (E) Sentiment Analysis comparing sentiment in
user prompts and AI responses; (F) Detailed Intent Analysis classifying message purposes (e.g., technical, educational, creative);
and (G) a Word Cloud view with language selection and intent-specific word clouds. The previous version of PromptMirror is
shown in Appendix Figure 8.

Abstract
Large language models (LLMs) are increasingly embedded in stu-
dents’ academic work, yet the increasing reliance can undermine
learning depth and raise integrity concerns. While reflection has
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long been studied in HCI to foster awareness and behavior change,
little is known about how to support students in reflecting on ev-
eryday LLM use. We present PromptMirror, a student-facing dash-
board that processes LLM conversation logs and visualizes four
perspectives, temporal, sentiment, intent, and thematic, to encour-
age reflection. We informed the design of PromptMirror with two
focus groups (one expert and one student with four participants
each) and subsequently conducted an online think-aloud with 20
university students who uploaded their own LLM use data. Find-
ings provide preliminary evidence that PromptMirror may support
students in recognizing their LLM use estimation gap and engaging
in deeper reflection on LLM reliance. Our contributions are twofold:
(1) a student-centric reflection system; (2) empirical insights into
reflective analytics for everyday LLM tools.
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1 Introduction
Large language models (LLMs) have become increasingly embed-
ded in university students’ workflows, reshaping academic tasks
such as brainstorming [43], summarizing literature [3], and drafting
essays [3, 69]. Surveys and systematic reviews confirm widespread
adoption and largely positive perceptions of tools such as Chat-
GPT, especially for productivity and writing support [4, 16, 67]. Yet
students often misjudge their reliance, particularly under heavy
workload and time pressure [1]. This misjudgement, and thus un-
reflective reliance on LLMs, can foster reduced academic perfor-
mance [1, 33], superficial learning [16], diminished independent
analytical skills [1], or integrity concerns such as plagiarism [22].
These risks highlight the need for a tool that helps students gauge
and critically reflect on their LLM use [78].

Reflection is a well-established metacognitive practice that sup-
ports deeper learning, self-regulation, and critical thinking [12]. In
Human-Computer Interaction (HCI), it is understood as critically
assessing past, present, or anticipated experiences in order to re-
consider and adapt behaviors, beliefs, and assumptions [10, 66, 68].
Researchers often operationalize reflection by confronting users
with data or experiences that challenge existing practices and stim-
ulate meaningful behavioral or cognitive change [10, 68]. Reflection
has been extensively studied in personal informatics [19], digital
wellbeing [72], and educational practice [35], yet it remains largely
unexplored in students’ everyday interactions with LLMs. Address-
ing this gap is critical, since habitual reliance on LLMs without
reflective awareness risks undermining both learning depth and
academic integrity [1, 22].

Current analytic dashboards for assessing LLMuse remainmostly
instructor-facing. For instance, Kim et al. [39] introduced PAD and
Chen et al. [18] proposed StuGPTViz, both of which provide in-
sights into students’ AI interactions but primarily target educators.
In contrast, several student-facing systems have explored support-
ing reflection and literacy in more specific contexts. Neshaei et al.
[54] developed MindMate, a conversational agent to support reflec-
tive writing, Jin et al. [36] investigated utilizing chatbots embedded
in learning analytics dashboards, and Dennison et al. [26] designed
Prompty, a classroom tool that teaches prompt construction and crit-
ical evaluation. However, these are tied to specialized environments
or emphasize skill training rather than fostering ongoing LLM use
awareness. There remains a gap for a student-centric, reflective
solution that supports awareness of everyday LLM interactions.

To address this gap, we draw from the reflection-by-design ap-
proach [10], and introduce and evaluate PromptMirror, an analytical
dashboard that, to the best of our knowledge, is the first to allow
students to upload their organic LLM conversation logs and visual-
ize personalized analytics through four reflection-oriented compo-
nents. These comprise usage statistics that surface temporal and
frequency patterns of LLM interaction activity, sentiment analysis
of both prompts and responses, intent analysis of prompt purposes,
and word clouds that highlight thematic content. Each component
was informed by two focus groups, one with experts and one with
students, aligning with established reflective resources of tempo-
ral perspective and discovery [12]. To investigate the potential of
PromptMirror to foster reflection, we pose the following research
questions:

RQ1 Which metrics and design elements might support stu-
dents’ self-reflection on LLM usage within a personal
analytics dashboard?

RQ2 How does PromptMirror influence students’ awareness
of their LLM usage and the depth of their reflection?

We first organized an expert focus group to identify metrics of vi-
sualizing LLM use that could foster reflection. Subsequently, we ran
a student-facing focus group to establish common ground between
expert and learner needs. Together, these sessions informed our
answer to RQ1 and provided the design rationale and design space
that guided the development of our prototype, PromptMirror. To ad-
dress RQ2, we conducted an online think-aloud study with 𝑛 = 20
university students in two batches, who uploaded their organic,
historic LLM conversation data and interacted with PromptMir-
ror. Our findings provide preliminary evidence that PromptMirror
may help students in recognizing their estimation gap on LLMs
and cultivating greater self-awareness of LLM reliance. Moreover,
qualitative analysis suggests that the dashboard fosters deeper and
more reflective observations on their LLM use. Our contribution,
as outlined by Wobbrock and Kientz [80], is twofold:

System We designed and implemented PromptMirror, a
student-centric reflection tool that enables learners to
upload their LLM interaction logs and reflect on their
usage patterns through temporal, sentiment, intent, and
thematic analyses.

Empirical We provide initial evidence that engaging with
PromptMirror may raise students’ awareness of their
LLM use, resulting in an estimation gap, and foster more
meaningful, reflective observations on their LLM usage.

2 Related Work
2.1 Perceptions of LLM Use in Education
The integration of LLMs in education has sparked widespread dis-
cussion in HCI and beyond. A recent meta-review [58] found that
15% of LLM-related publications at ACM’s Conference on Human
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Factors in Computing Systems (CHI) evolve around education. To-
gether with a recent survey on the employment of LLMs for learn-
ing [74], which suggests that 86% of respondents have used LLMs
for learning at some point, these findings highlight the growing
relevance of addressing LLMs’ role in educational and learning
practices. Early commentaries emphasized both the benefits and
risks of LLMs for and in learning. For example, Kasneci et al. [37]
identified an opportune role of LLMs in writing, comprehension
assistance, or critical thinking, while also warning of challenges
such as overreliance, bias, misinformation, and data privacy. Lin
[48] raises similar concerns for adult learners in self-directed learn-
ing, pointing to ambiguity in AI use policies and risks of cognitive
dependency.

Empirical studies provide a more granular picture of how learn-
ers, particularly students, engage with LLMs. Sublime and Renna
[70] surveyed 395 students aged 13 and above, finding that over
70% of their respondents adopted LLMs, with usage increasing by
education level. However, only 20% to 50% actually revise the AI’s
output; this ability is more common among older students. This
finding underscores the necessity of teaching AI literacy and reflec-
tive practices. Additional studies report growing dependency: Kim
et al. [38] show that heavy users often delegate cognitive processes,
such as reasoning and decision-making, to AI systems. In educa-
tional contexts, Abbas et al. [1] finds that greater workload and time
pressure predict higher ChatGPT use, which in turn correlates with
procrastination and lower academic performance. Kosmyna et al.
[41] measure brain activity while using LLMs in essay writing and
highlight “potential cognitive costs” such as diminishing students’
intellectual engagement when compared to search engines and no
technology use at all. Whereas Golding et al. [33] report that many
students remain uncertain about using GenAI, influenced by per-
ceptions of cheating in their decision to adopt such tools, another
study by Combrinck and Loubser [22] demonstrates that students
with high AI-detected scores often provide inaccurate or superficial
information about their AI use. This reveals discrepancies between
their declared and actual practices.

In response to this gap, our work explores how a visualization
dashboard can support students in reflecting on their own LLM
interaction patterns. By enabling students to see and reflect on their
own LLM use, our aim is to initiate a discourse that will lead to
a more mindful and effective integration of LLMs into learning
practices.

2.2 Reflection in HCI
Reflection, broadly understood as the process of critical thinking
about one’s experiences to generate new understanding and inform
future action, is foundational in both education and HCI research.
Although there remains considerable ambiguity around the defini-
tion of reflection within HCI [10, 12], Donald Schön’s notions of
reflection-in-action and reflection-on-action [66] have been widely
adopted in HCI [10] to conceptualize how users think during and
after interaction with technology in the context of HCI [59]. Our
developed system, PromptMirror, aggregates and visualizes histori-
cal LLM usage data, that is, after the LLM has been used, therefore
aiming to encourage reflection-on-action taken.

Reflection’s significance is particularly evident in the context of
personal informatics, i.e., (self-)tracking of personal data, where
reflection is considered a crucial stage in understanding and manag-
ing personal data [30, 46] towards raising awareness of one’s own
certain behaviors [12], resulting in new personal insights [19] and
actionable steps [46]. To further break down the qualities of self-
reflection, Fleck and Fitzpatrick [32]’s “levels of reflection” frame-
work offers a useful lens. This framework proposes five levels of
reflection: 1) R0 Description: Revisiting, 2) R1 Reflective Description:
Revisiting with Explanation, 3) R2 Dialogic Reflection: Exploring Re-
lationships, 4) R3 Transformative Reflection: Fundamental Change
and 5) R4 Critical Reflection: Wider Implications. Choe et al. [19]
use this framework to understand how people reflect on their past
behaviors when they explore aggregated data with visualizations
within their system Visualized Self. Their findings suggest that
visually aggregated data can facilitate user insights reaching up to
R2-level reflection, characterized by the exploration of relationships
between data points and personal experiences.

Initially presumed as an automatic step if personal data has been
simply made available [46], reflection has more recently been rec-
ognized as an essential process that needs deliberate design support
and encouragement [9, 10, 12, 68]. In a recent literature and market
app review, Bentvelzen et al. [12] constructed four design resources
for interactive artifacts to foster reflection: temporal perspective,
conversation, comparison and discovery. In other words, if an in-
teractive artifact employs one or more of these design resources,
they are about to spark reflection [12].

The HCI field has developed numerous systems in the past, re-
ported to effectively facilitate reflection [12]. These systems ad-
dress various application areas and employ diverse interaction
techniques [12], one of which is fostering reflection through visual
representation and exploration of data [15, 19, 75].

Visualized Self [19] is a web-based application designed to ag-
gregate and visualize personal health data from multiple sources,
independent of any specific application domain. It includes features
such as multi-source data import, high-level data summaries, a
trend exploration page, contextual data management tools, and a
comparison view for deeper analysis. The study examines both the
levels of reflection users engage in (as described by Fleck and Fitz-
patrick [32]) and the types of insights users generate during visual
exploration. Building on their prior work [20], the authors develop
a taxonomy of personal insights, identifying frequent themes such
as recalling external contexts, recognizing trends, and comparing
data over time. Notably, the study introduces a new category of
insight: value judgment. In this category, participants made emo-
tional assessments of their data, which sometimes led to intentions
to change their behavior.

We build on the methodology of Choe et al. [19], applying and
extending their insight taxonomy to (1) analyze the types of per-
sonal insights elicited by our dashboard and (2) investigate how
these insights relate to students’ self-perceptions of LLM use and
their subsequent behavioral intentions.

Other HCI systems are more specific for one application area. For
example, Reveal-it! [76] prompts reflection on personal energy con-
sumption levels in a public display setting. Users could upload their
energy use data, which was subsequently visualized on the public
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display to enable social comparison between individual consump-
tion patterns and neighborhood statistics – fostering awareness
and public discourse through situated reflection.

Closer to our domain is the use of reflective technologies for
understanding and regulating smartphone use, particularly screen
time, through self-monitoring and visualization techniques [49, 62,
73]. For example, meTime is a lightweight widget that helps users
reflect on their technology usage patterns. The system supported
users in identifying distractions and improving their focus over
time [79]. Another system, ScreenLife, tracks technology use – aka
screen time – among multiple digital devices, showing “the user
when their devices were on and in active use” [63].

The listed tools act as mirrors, showing individuals their data
and fostering insights through visual representation in various ar-
eas of application, such as fitness, health, energy consumption or
smartphone usage. However, despite the seemingly detrimental
consequences for learning, similar to the effect of extensive tech-
nology use on digital wellbeing, the application of reflecting on
LLM use has remained an under-explored area.

We first address this gap by collecting potentially useful LLM
tracking metrics for reflection on LLM use. This is followed by the
development and evaluation of PromptMirror, a visual dashboard
that aggregates historic LLM usage data to raise awareness and
encourage students to reflect on their LLM usage behavior.

2.3 Analytics and Visual Dashboards for
Learning

Learning Analytics Dashboards (LADs) have long been designed
to make invisible learning processes visible, thereby fostering stu-
dents’ reflection, self-awareness, and self-regulation. Early systems
such as the Student Activity Meter (SAM) visualized time and activ-
ity traces to support awareness of effort and engagement [28, 34].
Subsequent reviews have mapped how LADs aggregate multiple
indicators—such as grades, participation, time spent, and progres-
sion—into unified visualizations, typically derived from structured
datasets such as Learning Management System (LMS) logs orMassive
Open Online Course (MOOC) traces [65, 71].

Verbert et al. [77] trace the evolution of LADs from early aware-
ness tools to multimodal and participatory approaches, and propose
a research agenda that moves beyond usability to explicitly sup-
port reflection, behavior change, and learning impact. Building on
this trajectory, later work has emphasized dashboards as tools for
reflection and sensemaking rather than prescriptive feedback. For
example, Ahn et al. [2] introduced journaling features to embed
dashboards into teachers’ reflective routines and cautioned against
“signals of correctness,” which risk undermining user sensemaking
and turning dashboards into judgment tools.

Because LADs are rooted in institutional contexts and structured
indicators (e.g., logins, submissions, grades), they are limited in
capturing students’ use of LLMs. Such use is fluid because it spans
diverse goals and contexts, exploratory as students iteratively probe
and reformulate prompts, and affective since it is entangled with
emotions such as anxiety, guilt, or confidence, as shown in studies
of the “secret use” of LLMs [82].

While recent systems have begun to operationalize LLM traces,
they focus mainly on instructor- or expert-facing goals. For ex-
ample, PAD analyzes prompts to inform teachers’ understanding
of writing processes [39], StuGPTViz visualizes student–ChatGPT
conversation patterns for assessment [18], and PromptHive pro-
vides a platform for subject-matter experts to collaboratively refine
prompts for educational content [13]. These works demonstrate
the feasibility of analyzing and visualizing LLM interactions, but
overlook students’ own reflective needs.

Our work builds on the LAD tradition of supporting reflection
but contributes a student-centered dashboard design space, tai-
lored to LLM use. PromptMirror shifts the focus from institutional
progress metrics toward personal usage patterns, sentiment, and
meta-reflection, extending prior analytics approaches into a novel
and increasingly critical domain of student–LLM interaction.

3 Metrics for LLM Use
To investigate which metrics bear the potential to support reflection
on LLM usage, we conducted two focus groups: one Expert and
one Student Focus Group. We ran the two focus groups as parallel
efforts (although they took place at different times) to avoid findings
from one group influencing the other and to prevent any biases
from being introduced. The two focus groups should therefore be
seen as complementary, rather than one iteratively informing the
other. For both focus groups, we report the procedure, analysis
and resulting metrics, next to design elements proposed within the
Expert Focus Group. To address RQ1, we synthesize findings from
both focus groups in a resulting design space for LLM reflection, as
in Section 3.3.

3.1 Expert Focus Group
3.1.1 Method.

Procedure. We conducted a 70-minute expert focus group with
four researchers. After a brief introduction and obtaining consent,
we introduced the focus group’s aim on exploring the role of self-
reflection in the use of LLMs such as ChatGPT within educational
contexts. We clarified our intention to identify relevant metrics and
co-design elements to support student reflection on LLM use.

The focus group was structured into three discussion rounds.
First, we asked participants to reflect individually and then collec-
tively discuss the overall benefits and challenges associatedwith stu-
dent self-reflection on LLM usage, focusing particularly on whether
LLM over-reliance exists in students’ usage, barriers to accurate
self-awareness, and opportunities for enhancing reflective practices.

In the second round, we introduced theoretical frameworks from
Baumer et al. [10], the Dimensions of Reflection Coding Scheme,
and Bentvelzen et al. [12], the Four Design Resources for Technolo-
gies that Support Reflection, to guide the discussions. Participants
individually brainstormed and then collaboratively identified key
metrics, reflection indicators, and data-collection methods using a
digital whiteboard (Miro) [52].

The third round involved a live demonstration of the very early
PromptMirror prototype. Participants provided critical feedback,
specifically discussing usability, clarity of analytics, potential cog-
nitive overload, privacy considerations, and the prototype’s overall
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effectiveness in facilitating student reflection. The entire session
was recorded for transcription and subsequent qualitative analysis.

Participants. We recruited four experts (2M, 2F, age 𝑀 = 31.5
years) with backgrounds in education, cognitive science, HCI, and
privacy research to ensure a diverse and comprehensive explo-
ration of metrics for reflection and LLM use. Table 1 provides a
demographic overview of the participating experts.

3.1.2 Results. Overall, experts agreed on the usefulness of a tool
that visualized LLM use metrics: “Having insight into your data
always makes room for reflection.” (E4) We further identified and
categorized the expert suggestions into three main clusters of met-
rics: (1) usage and agency, (2) motivation and satisfaction, and (3)
prompt evolution and emotional dimensions. Across these clusters,
experts emphasized that reflection should move beyond simple
usage counts toward indicators that capture deeper engagement,
critical awareness, and affective experience.
Usage and Agency Experts emphasized that reflection requires

distinguishing surface-level use from deeper learning activ-
ities. “Agency is super important,” proposing metrics that
separate “low-level” tasks (e.g., extracting information) from
“high-level” learning goals. (E3) They also stressed the need
to reflect on potential biases in LLM outputs and their influ-
ence on attitudes. “Younger people are often not aware of these
biases and would need to be made aware before they could
fully self-reflect.” (E3)

Motivation and Satisfaction Experts suggested metrics that cap-
ture why students engage with LLMs, how satisfied they feel,
and how they compare to others. “Why they chose to use an
LLM in the first place, how satisfied they felt with its output,
and whether its quality or usefulness encouraged them to adopt
it for other tasks beyond the immediate assignment.” (E1)
At the same time, they questioned what such comparisons
mean without a ground truth. “Even if I see other people use it
this much and I use it more or less, what does this information
really tell me?” (E2)
Others proposed extending reflection to broader domains
such as environmental awareness. “LLM use constantly uses
up resources . . . people are not very aware of it when they use
it.” (E2)

Prompt Evolution and Emotional Dimensions Experts proposed
metrics that track how prompts evolve to reveal learning pro-
cesses. “Differences in wording or added information” across
iterations show how students refine their thinking. (E2, E4)
“Students may form an emotional attachment with ChatGPT
that influences how they reflect on its use.” (E4)

In addition, experts envisioned design elements that could
shape how reflection tools support students. Their suggestions
varied in required effort, guidance, and interaction style.
Explicit User Feedback Experts recommended lightweight feed-

backmechanisms, such as a satisfaction checkboxwith Likert-
scale answers. An optional open-ended follow-up like “Why
were you satisfied?” could deepen reflection. (E1)

Personalization and Actionable Suggestions Experts stressed
the importance of turning data into action. “People are not
satisfied if you only present them data and leave it to them to

make sense out of it.” (E2) For example, frequent translation
prompts could trigger a recommendation: “If you’re doing a
lot of English–French translations, would you like to look into
this free course?” (E2)

Prompt Evolution and Reflection Experts highlighted the value
of visualizing prompt iteration. “How often [one] refined a
prompt until [...] the final result” can help students review
their own progression. (E2)

Guidance versus Neutrality Experts debatedwhether dashboards
should remain neutral or guide reflectionmore directly. “What
if it’s just like a tool to get the shocking moment of, ‘oh, I’m
really spending much more time with it’?” (E3) “Guide them
towards reflection in the least amount of guiding that you can,
but still some kind of guiding.” (E1)

Based on the expert focus group, we developed four wireframe
prototypes (Figure 2). These visualizations illustrate motivation
tracking, satisfaction trends, and micro-reflection prompts, and
represent directions for extending PromptMirror. Future work will
implement and evaluate these features at scale.

3.2 Student Focus Group
3.2.1 Method.

Procedure. We ran the focus group online via Zoom for around
90 minutes. After a brief introduction to the project goals (“talk
about a dashboard, a visualization, to reflect on your large language
model use, in particular for learning” ), we asked participants to
brainstorm potentially useful metrics for tracking their own LLM
use. Participants generated individual sticky notes for each metric
in a shared Miro board, which they subsequently presented in a
group setting to prompt discussion and clarification. Participants
then prioritized the generated metrics using the MoSCoW method,
a prioritization technique that categorizes items into Must have,
Should have, Could have, and Won’t have requirements [21].

We transcribed the focus group for qualitative analysis, with one
author conducting a content analysis. The analyzing author then
extrapolated the resulting metrics with the metrics’ clusters that
emerged within the Miro board and discussed their findings with a
second author upon agreement.

Participants. We recruited four students, aged 23-25 (2M, 2F),
from a technical university setting (see Table 1). All participants
were frequent LLM users, employing tools such as ChatGPT, Co-
pilot or integrated search assistants (e.g., Gemini in Google search).

3.2.2 Resulting Metrics. We identified 14 distinct LLM use metrics
categorized into three main clusters: 1) usage patterns and time
allocation, 2) topics and tasks, and 3) quality and effectiveness of
LLM interactions. The identified metrics are not always exclusive
to their respective categories. For instance, participants wanted to
see how much time they spent on a single LLM in total, as well as
how much time they spent on each task or topic (intertwining the
categories time usage patterns and topics and tasks).

Beyond the three primary clusters, one participant raised the
issue of environmental impact, pointing out that LLM usage may
carry greater energy costs than alternative tools – thus wishing for
a visual presentation of the fact in order to raise awareness. Per
scope of this paper that aims to reflect individual LLM use patterns,
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Table 1: Overview of Background of Focus Group Participants

Expert Focus Group Student Focus Group
ID Age Gender Expertise and Research Focus ID Age Gender Study Background
E1 34 M Linguistics, Education researcher S1 23 M Computer Science
E2 26 W Cognitive Science, Teaching S2 25 W Medical-Engineering
E3 35 W HCI Researcher S3 24 W Human Factors Engineering
E4 31 M Privacy, Smartphone Sensing S4 23 M Computer Science

(a) Post-prompt micro-reflection (E1) (b) Reflection-in-action (E2)

(c) Usage overview (E3) (d) End-of-session dashboard (E4)

Figure 2: Four wireframe prototypes extending PromptMirror with reflection features, based on expert suggestions: (E1)
post-prompt micro-reflection with satisfaction rating, efficiency tracking, and trends; (E2) reflection-in-action triggered by
meta-questions on process and LLM reliance; (E3) usage overview with task categories, prompt refinement timeline, and
alternative learning methods; (E4) end-of-session dashboard with motivation breakdown and prompt type distribution.
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we illustrate the three main clusters and their specific metrics with
corresponding quotes below. However, we acknowledge the impor-
tance of a wider societal impact of LLMs and the need to include
societal metrics in subsequent versions of the visual dashboard.

Usage Patterns and Time Allocation All participants emphasized
the importance of tracking either the individual and com-
bined time spent interacting with LLMs (S1, S3 & S4), the
frequency of opening/using LLMs (S1, S2), or the message
exchange rate (S3). Participants subsequently wanted total
usage time and session statistics visualized.
“What am I spending my time on, how much time I’m studying,
how much time I am just asking random questions, kind of
like screen time also for tracking. How well I’m spending my
time basically.” (S4)
For S2, this metric presents a proxy for their dependency
over LLMs, as stated:
“Frequency of opening the [LLM] app [...] kind of reflects [...]
my dependency on [the LLM] tools, I guess.” (S2)
S3 also briefly discussed latent, unintentional AI use and
the importance of tracking exposure time to those: “Also, for
example, for Google search, every time I Google something,
I also get this LLM answer instead of clicking on different
websites”.

Topics and Tasks The second cluster of metrics evolved around
categorizing the content and purpose of the interactions
with LLMs. Students want to know about the topics they are
asking LLMs about (crossed with time spent on each topic,
as per S4) and the tasks they use LLMs for, depending on the
different contexts – “do I use it more in a professional way for
university or my work or private?” (S3)

Quality and Effectiveness of LLM Interactions Finally, all par-
ticipants wanted some sort of metric to show whether they
are satisfied with the LLM interaction or whether the LLM
had helped them solve a problem. S4 acknowledged the diffi-
culty of calculating such a metric:
“The percentage of helpful responses. So, how often do I have to
correct ChatGPT? I imagine this is probably not super easy to
measure because I also, when I get a wrong answer, I just stop
asking it.”
S1 suggested using the sentiment of chats, i.e., the amount
of positive or negative messages, to quantify how successful
the responses were or even adding a post-interaction pop-up
for user feedback stating “Was this chat actually helpful to
you?” (S1)

3.3 Resulting Design Space for LLM Reflection
(RQ1)

To answerRQ1, we combined insights from the Expert Focus Group
and Student Focus Group into a design space of reflection metrics
and features (Figure 3). This space organizes participant suggestions
into five categories for operationalizing reflection on LLM use.

Core Metrics of Usage Participants stressed the importance of
tracking time spent with LLMs, the type of task (e.g., writing,
coding, brainstorming), and the frequency of prompts and
openings. They considered these “must have” baselines that

help students identify intensive-use periods and recognize
patterns of dependence.

Dependency Indicators Participants proposed metrics that re-
veal how much students rely on LLMs. Students suggested
tracking how often they correct or abandon LLM outputs,
treating this as a proxy for over-reliance when they accept
results uncritically. Experts recommended comparing LLM
activity with other forms of work (e.g., manual writing or
other learning platforms) and highlighting shifts in reliance
over time.

Quality and Affective Dimensions Experts pointed to the role
of emotional satisfaction (e.g., frustration, confidence, relief),
while students emphasized perceived usefulness and produc-
tivity. Sentiment-based measures can trigger meta-reflection
by showing when and why LLMs feel supportive or over-
whelming.

Thematic and Contextual Perspectives Participants valued or-
ganizing LLM use by themes and context rather than only
by time. Students proposed clustering prompts into topics
or visual word clouds, and distinguishing between profes-
sional and personal content, to reveal where they rely most
on LLMs. They also wanted comparisons across peers or
courses to identify whether heavy use related to specific as-
signments or practices. These thematic and contextual views
situate reflection in broader educational and social settings,
highlighting not just how much students use LLMs, but also
why and where they matter most.

Reflection Prompts Experts, in particular, envisioned features
that move beyond metrics to foster reflection. They sug-
gested disclosing which AI models students used, showing
examples of effective prompting, and asking reflective ques-
tions (e.g., “Could I have completed this task without the
LLM?”). Such support aims to foster intentional engagement
and guide students toward metacognitive reflection, rather
than leaving them with raw usage data.

4 PromptMirror
4.1 Design Rationale
Guided by the design space, PromptMirror’s implementation in-
tegrates four metrics that span usage, affective, task-level, and
contextual perspectives (Figure 4). For the purposes of this study,
we did not include all elements of the design space, particularly
some stemming from the Expert Focus Group, as these require more
effort to reflect on. These will be kept for future work.

We developed PromptMirror in two iterations (named v1 and
v2 in the following). The metrics from Figure 4 were persistent in
both versions, however we improved the classifier for the sentiment
and intent analysis in a second iteration and resolved performance
issues so participants could upload all their conversation data from
up to three sources instead of ChatGPT only. Furthermore, in a
second iteration, we added a Filtering option.

4.2 System Architecture
4.2.1 Implementation Details. PromptMirror is a web dashboard
that helps students reflect on their LLM usage by analyzing their
conversation histories. The system consists of two main parts. The
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Figure 3: Consolidated design space of student-centric reflection metrics and features for PromptMirror, derived from the
Expert and Student Focus Groups. Sticky notes represent proposed measures and ideas contributed by participants, clustered
into different categories.

Metric 1 - Time of Use

Identified by both experts and
students as a baseline metric,
surfaces periods of intensive use
and patterns of dependence. 

Metric 2 - Sentiment

Captures affective dimensions;
prompts reflection on when LLMs
feel supportive versus
overwhelming.

Metric 3 - Intent

Reveals task purposes (e.g.,
writing, coding, brainstorming);
encourages reflection on what
activities drive reliance. 

Metric 4 - Thematic Clustering

Groups prompt by topic or domain
(e.g., academic vs. personal);
helps students see broader
contexts and reasons for their
LLM use. 

Figure 4: Design rationale for the four reflection metrics in PromptMirror, with illustrative screenshots.
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backend, implemented in the .NET framework [51], provides web
services that locally run a lightweight natural language processing
model, DistilBERT [64], for sentiment and intent analysis. These
models are converted into the Open Neural Network Exchange
(ONNX) format [55] and executed with ONNX Runtime.

The frontend is built with the ReactJS library [50] and uses
Ant Design [6] components for the UI. We used data visualization
libraries such as Recharts [61] and D3 [24] for charts, and the react-
d3-cloud library [81] to generate word clouds.

4.3 Features
Data Upload. Students can export their organic, historic con-

versations from ChatGPT (in v1) or up to three LLM services in
v2 – ChatGPT, Gemini and Claude – as JSON and upload them
to PromptMirror for a single analysis view. A date-range selector
filters which conversations are analyzed before upload.

Usage Patterns. Messages are grouped by timestamp to com-
pute daily/weekly/monthly counts, hour-of-day distributions, and
conversation-length distributions (messages per conversation). Re-
sults render as line and bar charts.

Sentiment Analysis. The sentiment analysis feature has under-
gone two iterations. In both, each message is classified as positive,
neutral, or negative using a fine-tuned DistilBERT. Text is normal-
ized (lowercasing, punctuation removal) and tokenized to align with
what the model was trained on. The model outputs two scores; we
report the higher-confidence label and its confidence. However, in
the first iteration that was presented to the first eight participants,
the sentiment model tended to over-predict negative labels, espe-
cially in problem-solving exchanges where technical vocabulary
may be misinterpreted as negative tone. This bias could have dis-
torted the aggregate sentiment metrics, which is why we enhanced
the DistilBERT fine-tuning process by providing classification ex-
amples. This produced more neutral message categorizations.

Intent Detection. We use a separate DistilBERT model again, and
assign each message to one of several pedagogical intent categories,
based on the taxonomy from previous related work Bodonhelyi et al.
[14]. The model returns a single top class per message. Distributions
are summarized as stacked bar charts.

Topic Extraction. Word clouds visualize frequent terms after nor-
malization and stop-word removal. Term sizes use logarithmic scal-
ing to reduce domination by very common words. Separate word
clouds are shown for users and AI messages, respectively.

Visualization Toggles. Each visualization can be included or ex-
cluded — the system provides toggles that allow users to customize
the visualization features according to their preferences. By default,
all toggles are set to show visualizations.

Filtering (v2 only). Users can filter all metrics by LLM tool, model,
date range, and intent, as shown in Figure 5.

Privacy-Preserving Design. The tool processes conversation text
on demand, not persisting it server-side. Basic aggregations were
computed client-side; the server produced sentiment and intent
labels in memory and returned only derived results. The client
discards uploaded data on reload or session end. While user/project

metadata support access control, raw conversation content itself
was not stored.

5 User Study: Think-Aloud Evaluation
To investigate whether PromptMirror can foster students’ reflection
on their use of LLMs, we derived RQ2: “How does PromptMirror
influence students’ awareness of their LLM usage and the depth
of their reflection?” We addressed this question through an online
think-aloud evaluation of the tool. We conducted the study in two
rounds. In the first round, we recruited 8 participants and used an
early version of the system that exhibited some issues. Based on
participant feedback, we improved the system – most notably ad-
dressing performance, as well as sentiment and intent classification
problems – and added a filtering option next to uploading LLM use
data from multiple sources ChatGPT (v1 and v2), Gemini, Claude
(v2 only). We then ran a second round with 12 participants using
the revised system. In both rounds, the study procedure remained
unchanged, and we report results jointly across all 20 participants.

5.1 Study Design & Procedure
We conducted all think-aloud sessions remotely via Zoom. The
study procedure is presented in Figure 6.

After registering for the study, participants were sent a welcome
email that asked to download their organic, historical LLM use data
to reflect participants’ actual, longitudinal use. The email contained
instructions on how to export their LLM data from the respective
LLM services’ official website, using the data export function for
ChatGPT [17] and Claude [7], as well as a tutorial for Gemini
exports (see Appendix B). The exported files were in a JSON format,
containing a tree-like structure of users’ previous conversations
and messages with the LLMs. Participants kept the JSON-files on
their machines locally for the study and did not send us their raw
data in any way. One to two days prior to their scheduled session,
participants were sent their participant ID (PID) and a link to a
demographic survey administered through Qualtrics [60].

At the beginning of each study session, we welcomed partic-
ipants and obtained digitally signed and verbally confirmed in-
formed consent for both video and screen recording. Before starting
the think-aloud activity, we spent approximately two minutes on-
boarding participants. Following the practice from Ericsson and Si-
mon [31], we explained what the think-aloud method entails, made
clear that there were no right or wrong answers, and reminded
them of the overall study goal. Once participants confirmed that
they understood the task, we provided access to the PromptMirror
dashboard and supported them in registering and uploading their
LLM usage data. However, we did not introduce the PromptMirror
tool beforehand nor explain its functionalities and features, in order
to grasp participants’ initial reactions to their LLM usage statistics
and not to shape their PromptMirror usage patterns. Participants
imported their previously exported LLM use data (only conversa-
tion files) from their local machine and were reassured that all data
was processed on and by our university’s servers (i.e., no API calls
to external services) and deleted at the end of the session.

During the think-aloud session, participants explored their per-
sonal analytics (e.g., usage frequency, temporal patterns, spikes,
and intent analysis) while verbalizing their thoughts. The facilitator
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Figure 5: The Filtering feature at the top of the page.

occasionally asked clarifying questions or provided prompts to sus-
tain reflection (e.g.,“What does this trend or number tell you?”, “Are
there patterns you notice here?” ).

Following the exploration, a short debriefing interview invited
participants to summarize their impressions. The facilitator also
asked questions about perceived insights and concerns (e.g.,“What
do you like most about the dashboard?”, “Do you have any privacy
concerns when using such a dashboard?” ). After the debrief, the
recording was stopped, and participants completed a technology-
supported reflection inventory (TSRI) [11] via Qualtrics.

Each session lasted approximately 30–45 minutes, depending
on the depth of discussion. All sessions were video-recorded for
subsequent transcription and analysis.

Survey
Obtain

consent
Onboarding

Dashboard
Setup

Think-Aloud
Session

Debrief &
Survey

Demographic survey
(Before session)

10 mins

Welcoming

2 min

Think-aloud
instructions

3 min

Account registration
and data upload

7 min

Participant reflects
on analytics,

facilitator probes

20 min

Short interview +
reflection inventory

10 min

Session recorded

Figure 6: Session flow and timing of the think-aloud study.
The demographic survey was conducted before the ses-
sion, while the subsequent phases composed the 45-minute
recorded session.

5.2 Participants
In the first study iteration, we recruited 10 students. One did not
attend, and another withdrew due to concerns about sharing sensi-
tive personal data. For the second iteration, we sought to recruit 12
additional participants. Of the 12 students who initially expressed
interest, four dropped out after receiving instructions to download
their LLM data: one cited privacy concerns, one incompatibility
with our data collection process (e.g., using other LLM services
such as Perplexity) and two students were a no-show. We were able
to recruit an additional four participants, bringing the total pool
from both study batches to 𝑁 = 20.

Participants were required to be (i) at least 18 years old, (ii)
currently enrolled in a university, and (iii) active users of Chat-
GPT, Gemini or Claude. Recruitment was conducted through con-
venience sampling. To address privacy concerns, we explicitly in-
formed participants that no uploaded data would be stored. Each
participant was compensated with a 15€(v1) or 20€(v2) gift-card.

The demographic survey collected both demographic informa-
tion and participants’ prior LLM use experience. Table 2 reports
the key demographic and usage characteristics relevant for contex-
tualizing our sample.

Participants’ ages ranged from 21 to 38 years (𝑀 = 25.8, 𝑆𝐷 =

3.85). The sample included ten male and ten female participants,

all of whom reported using LLMs for more than one year. Corre-
spondingly, all participants used LLMs for a variety of tasks, with
writing being not selected only in two participants.

Table 2: Participant demographics and LLM use character-
istics (𝑁 = 20). All participants had more than one year of
LLM experience; six reported paying for access (typically
€10–50/month, one >€50).

Demographics LLM Use Behavior
ID Age Gender Use Frequency Paid Version Regular LLMs

P1 29 M Daily Yes ChatGPT
P2 21 F Daily Yes ChatGPT, Copilot
P3 25 M Daily Yes ChatGPT
P4 29 M 4–6/week No ChatGPT, Claude
P5 22 F Daily No ChatGPT
P6 25 M 4–6/week No ChatGPT, Other
P7 30 M Daily No ChatGPT, Grok
P8 26 F 4–6/week No ChatGPT, Claude

P9 30 F Daily Yes ChatGPT, Gemini
P10 23 F Daily No ChatGPT, Gemini

P11 22 M Daily Yes ChatGPT, Gemini, Claude,
Copilot, DeepSeek

P12 23 F Daily No ChatGPT, Gemini
P13 26 F Daily No ChatGPT, Claude
P14 25 M Daily Yes ChatGPT, Gemini, Copilot
P15 24 M 2–3/week No Gemini

P16 24 F 4–6/week No ChatGPT, Gemini, Claude,
Copilot

P17 23 F 4–6/week No ChatGPT, Gemini
P18 27 F Daily No ChatGPT, Gemini
P19 23 M Daily No ChatGPT, Gemini, Claude
P20 38 M Daily No Gemini

5.3 Analysis
We analyzed questionnaire responses, audio recordings of think-
aloud sessions, and screen recordings of participants’ interactions.
Audio recordings were transcribed using Condens [23], and ques-
tionnaire responses were exported and cleaned prior to analysis.

For the think-aloud sessions, we performed a content analysis
as follows: two researchers first independently open-coded three
think-aloud sessions using a mixed approach (i.e., both deductive
and inductive coding). For deductive coding, we followed the codes
developed by Choe et al. [19] on the types of insights that emerge
with visual data exploration. Within this step, we discovered four
new codes compared to the work of Choe et al. [19].

At the same time, we inductively coded participants’ emerging
LLM use patterns and opinions on (the use of) LLMs. After coding
the three sessions, the two researchers compared their findings in a
co-located session, discussing discrepant observations upon agree-
ment resulting in a shared code structure. As per [8], we decided
not to calculate inter-rater reliability because the units of obser-
vation in the think-aloud sessions were not comparable enough
to apply standard measures. We then proceeded by splitting up
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the remaining sessions among the two researchers, who indepen-
dently coded the sessions based on the developed code structure.
We repeated the same procedure for the second study run, now
coding two recordings separately and comparing our findings. This
process yielded no new codes.

The final step included a joint refining of the codes into higher-
level themes. These themes describe how participants engaged with
PromptMirror and how they reflected on their LLM use, resulting in
four overarching themes that we present in the following section.
We present the results of the post-study TSRI scale (Figure 7) as
complement to the qualitative findings.

6 Results
Our mixed coding approach first adapts Choe et al.’s insight tax-
onomy for data-driven reflection [19]. We used this taxonomy to
inform the emerging reflection patterns. This approach resulted in
the identification of four codes distinct to the taxonomy of Choe
et al. [19], namely: Holistic Judgment, Assumption, Consequence
and Meta-Reflection (see Table 3). Our inductive coding resulted in
Table 4, presenting a taxonomy with LLM-specific reflection cate-
gories grounded in our focus groups and think-aloud evaluations.

In the following sections, we first present our findings on the
reflection processes and the types of insights participants gained
through visual exploration of their usage data, building on prior
work from Choe et al. [19]. These reflections often led to increased
self-awareness and prompted reconsideration of personal LLM-use
habits. We then focus on findings specific to learning with LLMs, as
detailed in Table 4, where the visual dashboard served participants
as a useful aid to notice patterns in their LLM interactions. While
not prompting immediate change, the visualization made abstract
behaviors, such as frequency, timing, or reliance on LLMs, more
concrete, thereby offering participants a starting point for reflecting
on and potentially adapting their use over time, as the results from
the TSRI suggest in Figure 7.

6.1 Reflection Patterns
Our participants employed similar reflection patterns to those found
by Choe et al. [19]. To the best of our knowledge, PromptMirror is
the first tool to visualize LLM use patterns in a visual dashboard.
As such, our participants were for the first time confronted with
their LLM use, which resulted in interesting observations.

After initial upload, all participants started by simply naming val-
ues and references in the upper part of PromptMirror, that presents
the exchanged messages and started conversations (echoing the
basic level of reflection, R0 [32]). However, as soon as they moved
further down to the temporal distribution of messages and con-
versations, participants would identify peaks and start discussing
whether these make sense and how they overlap with their own
awareness, expressing either confirmation (“Intent analysis, techni-
cal and professional intent. Yeah, that mostly checks out” (P15)) or
surprise about their LLM use (“for some days I [...] haven’t used [AI],
which is quite a surprise to me. Maybe I’m on a different platform,
on Claude or something.” (P19)). The majority of participants then
strove to provide external context to their interaction patterns and
produce correlations between the data, identify temporal trends or

explain the causes for the data variability or contradictions opposed
to their impression, as with P14:

“I feel like the more recent we get, the smaller the breaks are because
I feel like I use ChatGPT daily.” (P14)

Some participants felt invited to judge their values or overall
data, both positively and negatively:

“Technical, professional intent. Yeah, that makes a lot of sense for
me actually, because I use it daily for like coding and other questions
in that sense. Also, it’s good to see for me that I don’t really share a
lot of personal information.” (P11)

These patterns correspond to what Fleck and Fitzpatrick [32]
characterize as R1 and R2 – descriptive and dialogic reflection –
in which individuals return to earlier experiences or data, using
contextual cues to make sense of or rationalize particular findings
and subsequently establish relationships between data or context.

Although our think-aloud protocol did not include questions
about the benefits and challenges of LLMs for learning, many par-
ticipants themselves, by providing context to the detailed intent
analysis, initiated critical evaluations of the influence of LLMs on
their learning processes, problem-solving abilities, and their overall
approach to study and work tasks. Several participants expressed
actionable change points (“I might like reconsider whether I want to
subscribe to [the LLM service] or not.” ), demonstrating transformative
intentions (i.e., R3 levels of reflection [32]).

Finally, in two instances, P5 and P9 referred to the environmental
impact of excessive LLM use (“waste a lot of resources [...], like energy
[with] high amounts of queries” ) (P5), displaying a level of reflection
equivalent to R4, i.e. “critical reflection with wider implications” [32].

6.2 (Un)Awareness of Interaction Patterns
While visually exploring their LLM use data, participants articulated
their observations and realizations on how and how much they use
ChatGPT. This led to insights about their reliance and the nature
of their interactions with the LLM, next to the emerging desired
behaviors around LLM interaction patterns.

Some participants recognized the sheer volume of messages
or conversations exchanged with ChatGPT as surprising, with P5
stating “what shocked me most was the number of queries I’ve used it
for” (P5) – the participant found having 140 conversations in three
months.

Resembling the thought, P2 expressed “’I didn’t expect it to be so
high, but it seems it actually seems true.”’ Interestingly, P2 at first
seemed “quite happy with how I currently use ChatGPT. I think it’s
helpful, but at the same time, we don’t overuse it”, however leaning
towards a need for a behavior change towards the end of the think-
aloud session: “My observation is that maybe I should limit my
usage a little when it comes to work is to, you know, not to follow
into the, not to end up in the situation where ChatGPT does all the
thinking for me and I just copy and correct its answers”. Although
the dashboard reportedly reflected their expectations (judged as
being “on the right way” ), P6 also reported a need to reduce their
educational intent due to ChatGPT’s seeming disability to help with
more complex study topics in higher semesters. P4 highlighted the
dashboard’s usefulness to observe “how dependent [they] are [...]
on the large language models” and is keen to see “how much [they]
have changed in [the last] 2 years” regarding their usage patterns,
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Table 3: New data-driven insight types (compared to Choe et al. [19]) used to analyze ChatGPT usage reflections.

Category Description Example Quote

Holistic judgment Evaluation of overall data rather
than single data points

“My dashboard really represents, I’m using it for technical appli-
ances and not like for random conversations.” (P3)

Consequence (Prospective) action on the reflected
data

“Maybe I should delete [the conversations] after the study.” (P2)

Assumption What would have happened, if the
external context was different

“So maybe if I use this thinking mode, maybe I use it more often
also when I have more complex things and then these complex
things, they have more emotions.” (P14)

Meta-Reflection Reflect on how the tool itself is help-
ing in reflection

“So maybe for AI usage [the dashboard] is useful also because we
are [using AI] more and more. So maybe it’s going to addiction.
So like we can control here. That’s what I like.” (P18)

Table 4: Consolidated categories of student reflections on LLM use.

Category Subcategory Description Example Quote

LLM Use
Practices

Conversation manage-
ment

Practices of organizing interactions,
e.g., deleting, keeping, or splitting
chats

“I usually delete conversations with ChatGPT
that are long or irrelevant, but keep ones I
might return to.” (P2)

Task-specific use Using LLMs for academic, non-
academic, or technical tasks

“When writing job applications, I relied heav-
ily on ChatGPT for text reformulation.” (P2)

Role assignment Naming or framing the model for
specific functions

“I named it “Mail Generator” so I could quickly
draft professional emails.” (P6)

User habits Prompting styles or rituals “For some reason I always add “please” in my
prompts.” (P3)

Opinions on AI Trust and reliability Perceptions of accuracy, hallucina-
tions, and source fabrication

“I do not usually trust ChatGPT to do my prob-
lem solving because it makes up sources.” (P2)

Persona perceptions Views on ChatGPT’s tone or style “It is sometimes too friendly; I would prefer a
more objective style.” (P2)

Coping
Mechanisms

Prompt engineering Learning how to prompt for optimal
results

“[I learned to] make my prompts more specific,
almost perfecting them” (P6)

Alternative resources Preference for traditional sources
alongside ChatGPT

“I can always go back to books for deeper un-
derstanding.” (P6)

Privacy-preserving
practices

Avoiding personal data disclosure “I never use real names or addresses; I replace
them with placeholders.” (P6)

Liability awareness Keeping records for accountability
or protection

“I save prompts in case I need to show what
was asked later.” (P5)

with P15 exercising a similar thought “to see how one’s use develops
over time to see if you’re becoming totally addicted or something.”

P11, with their 1572 conversations exchanged with ChatGPT,
explained their surprise by making parallels to human conversa-
tions: “Because that’s more than 1/2 of probably most humans doing
that entire time. [...] Also because you can’t really enumerate how
many conversations we’ve had with humans because there’s no real
counter to it. And also [...] it’s not that big of a like a hassle to click
new conversation rather than starting a conversation with humans.”

By contrast, P10 was surprised by the low number of messages
and the short activity streak (i.e. the number of consecutive days
of use): “I’m actually surprised that it’s just 14 days. [...] because I
consider myself a regular user. [...] maybe weekends spoil the streak.”

The same goes for P18 and P13, who diversify their accounts
or use LLMs when they are not logged in. This could explain why
they have a lower number of interactions than they expected:

“I have my work which I use a lot because I also have premium in
there and I have my personal one which is this one which I uploaded
which I didn’t use in a while.” (P13)

Although P11 and P12 expressed surprise about the number of
messages exchanged and conversations started, they were quite
content with the way of their usage – mostly for technical and
educational purposes and not for personal and emotional support.
Other participants, such as Participants P1, P7, P8, P15 or P16,
got their holistic use expectations confirmed – both for the usage
numbers, as well as the use contexts of LLMs, which were for
technical (i.e., coding) and educational intents mostly.
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Figure 7: Results of the TSRI.

The listed participants centered their reflections on rather instru-
mental LLM use patterns. P1 focused on the cost-benefit analysis
of using LLMs and the practical value of PromptMirror on making
subscription decision: “Is it really worth it that I subscribe to the
premium version? Then I can take a look here and like decide, oh,
like I’m using this a lot for technical and professional intent. Maybe,
probably it’s going to be like worth it to subscribe to the services” (P1).

Participants additionally recognized the diverse range of topics
for which they employ ChatGPT – from everyday questions like car
functions (P2), medical reports, job application letters or interview
preparations (e.g., P7, P9, P14) or grammar correction (e.g., P7,
P8, P9) to more complex code logs debugging (e.g., P3, P11, P15,
P20) or academic studies (all participants). The conversation topic
often led to an additional discussion on the wide variability in
conversation length. These range from “really short conversations
for quick, random questions” (P5) to “20 plus” messages for complex
tasks, such as debugging code or working on a thesis (P7). This
pattern is also consistent for studying or programming, where
participants expressed the need to stay on one topic for an extended
period of time (P2, P8, P11).

Some participants additionally commented their recent increase
of use, with a more skeptical approach at the beginning, but now
embracing the technology, as with P15 and P17, respectively:

“[It] seems I’m using it more and more, at least so far.” (P15)
“in the beginning I didn’t really trust ChatGPT because I was, I

was used to use Google. But in 2025, I used it a lot because it’s like
maybe it improved or started giving better information.” (P17)

6.3 Reflection on Learning Strategies
Our general observation of all participants is that they use LLMs
for learning and work purposes to a significant extent – as a highly
adaptable tutor – reflected in the high number of educational intents
presented within the dashboard.

Participants acknowledged both the benefits and the challenges
of LLMs for learning, drawn from their own experiences. P3’s state-
ment echoes our observation: “I’m using it almost exclusively for
learning, analyzing [code] logs [...] it really helps because if [...] you
have like a log that is really long, [...] it can easily spot the issues or
whatever.” (P3) The majority of participants mentioned significant
use during exam periods. Participants perceived LLMs beneficial
for thesis writing and programming, concept explaining, summa-
rization and data organization, brainstorming and code generation
or language learning.

A prominent concern by P2 is that ChatGPT can lead to “lazi-
ness”, in particular for programming, admitting that they “don’t
remember when the last time was that I actually wrote the code from
scratch by myself” instead using ChatGPT for blueprints. They
highlighted this dependency by recalling a computer-based exam
requiring code from scratch that became “a little bit more difficult
than in pre-ChatGPT times”. At first, P5 viewed using ChatGPT as
a helpful “baseline”, explaining that it “points me in a direction, for
example, by suggesting a library. From there, I can go to Google or
the documentation to understand how the function works, building
on what ChatGPT has provided.” By the end of the session, however,
P5 expressed opposing views for their learning processes and drew
parallels to wider societal implications: “Maybe [...] I’m a little bit
too dependent on ChatGPT sometimes to be like my first point of
interaction towards solving a problem, which I don’t know if it’s good
because I also know that ChatGPT queries like waste a lot of resources
[... energy-wise].”

Initially, P4 used LLMs daily, but their usage has since shifted
specifically for programming-related tasks: by reverting to tradi-
tional methods of self-exploration like executing a Google search
or reading through Stackoverflow. This shift stems from a con-
cern that they “didn’t learn that much” from problems solved by
LLMs. Despite this, P4 finds LLMs particularly useful for learning
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languages (e.g., grammar corrections, translations or synonym un-
derstandings). Similarly, P18 drew parallels to pre-LLM times: “So
now for everything, I think they’re going to do AI and asking every-
thing even without thinking. So in my opinion, [...] AI is useful, but
in somehow it’s also reduced the ability of thinking and maybe some
basic abilities. If we are just using AI, it’s I mean like maybe I can
not do any more.” P20 commented on their observation on how
Google-ing has changed since the emergence of AI: “when I really
needed information, I go direct to Google that in any ways you are
using Gemini somehow, right? Because when you read, I just read now
the the that AI answer on the top. (P20)”

In our first study run, the sentiment analysis tended to categorize
messages as mostly negative, which however lead to two interesting
observations: first, some participants nonetheless tried to find sense
in the categorization by reflecting on their own behaviors and
how these might have produced the negative sentiment; second,
by sharing their past observation that ChatGPT is overly friendly
(“prioritizing user happiness over objective answers”, P2), P2, P6 and
P8 expressed their desire for a more objective, “raw” (P6) and critical
feedback from ChatGPT: “Normally they try to be neutral or positive
like in this sense, which is sometimes not good because I would need
a critical evaluation of some things, even though it would be negative.
But a lot of times ChatGPT doesn’t do it at all.” (P8) For P6, ChatGPT
is an “instrument, a working instrument [...] [like] a hammer or
screwdriver”.

There exists a strong awareness of LLMs’ limitations and fal-
libility among our participants’ pool, evident in Participants P12
and P15 were skeptical about the LLMs’ hallucination property,
being cautious not to use it for “informational problems. They might
hallucinate, they might have a lot of misleading information because
we don’t know where the sources are from. So I really don’t use it for
this. And when I have a something informational, I just go to Google
directly and look for more reliable sources.” (P12) P15 explained how
the insufficient amount of available training data for LLMs around
certain topics has presented a true problem for them: “I use Rust
which is growing and quite popular but nowhere near as much data
I guess, and also maybe more complex to write than something like
Python. But yeah, I found it was just easier not to use it instead of
having to go back and then recheck and rewrite.” (P15) P2’s state-
ment that “ChatGPT is not a single source of truth for everything.
It makes mistakes and it makes a lot of mistake.”, makes it all the
more important to take a critical approach to the output of LLMs
for learning purposes, as per P2.

P11 was much more optimistic, praising the capability of AI to
teach: “you learn a lot more through AI than you learn through other
means, which I think is really interesting. And the responses are not
shorter, but the problems are getting longer, meaning the answers
must be more specified and the responses are more neutral as it just.”
(P11) The same participant expressed how they use AI for all their
learning, correlating their inactivity streak to the only times they
have not been learning or working:

“My last longest inactivity streak went in July. That was actually
the only time ever since that I’ve not had my laptop with me because
I usually don’t just chat with my phone.” (P11)

6.4 Student Adaptation and Coping Mechanisms
In a reflection sparked by PromptMirror, our participants delved
into the deliberate strategies they use to manage their LLM in-
teractions, optimize their learning performance, and mitigate any
perceived negative impacts.

Interestingly, our first two participants P1 and P2, as well as P12,
expressed following a pattern of curating/deleting “most of [the con-
versations] once the question is completely answered” if they “won’t
meet this conversation in the future” (P2) – in order to “prevent [the
LLM] from being biased toward a specific subject” (P1) or out of “pri-
vacy reasons” (P12). With a similar goal of maintaining context and
preventing the LLM to overfitting responses – i.e., to “[think] much
much much longer” – P6 stated segmenting their conversations,
treating each dialogue to practically fill out one task. In contrast,
P11 never deletes anything but rather starts a new conversation for
each task and copies prompts that worked beforehand.

Prompt engineering emerged as a key coping strategy – partic-
ipants learn to “make my prompts more specific, almost perfecting
them” (P5). P6 employed a specific system prompt to encourage a
“skeptical questioning approach” to receive more objective answers.

P4, P7 and P8 described exhibiting a strategic approach to diversi-
fying their LLM toolset for different tasks – Grok for philosophical
questions, as per P7 and Claude for programming tasks as per P4
and P8. In our second study run, many participants used more than
one LLM – as Gemini was not long before giving free yearly Pro
subscriptions for students. P16 explains how they diversify their
toolset as follows: “Claude reasoning I really like. So I usually trust
that more for like academic stuff than ChatGPT. I used to use it a lot
until I discovered like Claude and Gemini, which I prefer.”

Privacy concerns lead users to anonymize personal data or to be
very careful about not entering them at all. P8 consciously avoids
“giving the names, the real names of persons” or “real mail addresses”
and “depersonalizing my messages” due to past “leaks of ChatGPT”.
On the other hand, P14 wondered how the LLM knew their name,
whichwas prominent in theword cloud representation. P9 exercised
no true concern, as eminent in their statement: “but some of my
friends are telling me that no, you shouldn’t upload your own selfies.
You don’t know how it like what could have happened in the future,
so they don’t do it at all. But it’s a personal choice, so I do it.” (P9)

Some participants activelymonitor and correct LLMoutputwhen
in doubt of LLM hallucinations. P7 recalled to “see through the code,
read through the code myself and point to the exact specific parts
where it had to make corrections” or if an answer “is completely off,
I would just do those same steps by myself” (P5). P2 relies on their
“enough, enough knowledge to see that [the response is] OK.”

6.5 Meta-Reflection and Dashboard
Improvements

Some of our participants exhibited self-reflection and reported on
the dashboard’s usefulness for this purpose, which we refer to as
meta-reflection. Alongside meta-reflection, we present participants’
suggestions for improving PromptMirror’s features to enhance the
dashboard’s reflective capabilities.

Participants valued the dashboard as it provided “useful infor-
mation” to help them “make a judgment” about the utility and
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dependency of their LLM use. While some find it merely “interest-
ing to see” (P3) rather than directly useful for changing behavior,
others appreciate that it “confirms what I expected” and shows them
they’re “on the right way” (P6). According to the TSRI results (see
Figure 7), the majority of participants found exploring their LLM
use with PromptMirror easy and enjoyable. Whereas participants
see no value of PromptMirror (in its current form and metrics)
in overcoming challenges or making changes in their life, some
participants intend to change how they approach LLM use in the
future: either by reducing LLM use, or by using the dashboard to
optimize their LLM use, as per P9: “Using AI better would definitely
help me out and it is my main motivation.”

Regarding dashboard improvements, many participants expressed
interest in peer comparison of usage, to “upload your own [data]
and someone else’s and just have it directly give you the... comparison”
(P3). In fact, a third-person effect [25] is evident in some partici-
pants’ reflections, where they observe or assume certain LLM use
patterns more strongly in others than themselves. For example, P3
speculated on their partner’s use, expecting “a lot more conversa-
tions, but a lot, a lot smaller depth for each conversation” compared
to their own longer, more in-depth conversations related to deep
work. P2 also displayed this effect by noting that “many people,
especially many young people, use ChatGPT Kind of as a psycholo-
gist”, but explicitly stated, that they “don’t rely on ChatGPT for these
purposes”.

Participants wished for more detailed and comparable usage sta-
tistics. P1 suggests “recap statistics” similar to Grammarly, showing
metrics such as “how many documents you have... corrected... how
many mistakes you faced, how many words you wrote”. This would
also help them assess “how much I’m using them” (P1) to justify, for
example, subscription costs.

The sentiment analysis elicited surprise and contradiction. Some
participants questioned its accuracy, noting that debugging ques-
tions might be classified as negative even when their overall inter-
action is neutral or positive (P5). P3, who “always uses please in my
prompts”, was surprised when the sentiment analysis did not reflect
positive interaction. Several participants mentioned wanting to see
examples of classifications and snippets of their raw data showing
how it has been classified, as P9 echoes:

“sentiment analysis I would like to have more details on that be-
cause it just because it confused me. [...] I feel like that should be a
reason for me to use that dashboard, but if I cannot like get the reason
why I’m seeing it or [...] if I don’t know how to react to that analysis,
I don’t think it would be helpful. [...] again [if] I’m a negative prompt
user and if I know the reason and if I think that oh maybe being neg-
ative results AI to response in this way, I might change my behavior.”
(P9)

Privacy is a significant consideration for dashboard improve-
ments. Participants appreciated that the dashboard “doesn’t [save]
any personal data” and has “anonymization in place” to prevent
private conversations from being “revealed or analyzed by third
parties”. P2 suggested to integrate the dashboard directly into the
ChatGPT interface, similar to phone screen time statistics, making
usage analysis easily accessible at its source.

Some participants expressed a wish to improve their LLM use
based on the dashboard and made several suggestions. Whereas P11
would prefer a cost-benefit analysis – “how much would that cost

me an API spending versus what I pay for the ChatGPT subscription.”
– P9 and P12 wish for a prompt quality analysis, with P12 stating:

“How precise are [...] my prompts [...]? Can I just [] get the response
from ChatGPT or the response that I expect immediately? Or do I have
to [] ask the same question multiple times to get [] a response back? ”

7 Discussion
Our work contributes to the growing body of HCI and educa-
tion technology research by exploring how students engage in
self-reflection around their interaction with LLMs. We develop
PromptMirror, a personal analytics dashboard mirroring LLM use,
and examine how it can support reflective practices and increase
awareness of LLM use among students. Drawing inspiration from
previous work in personal informatics and digital wellbeing, we
present findings from a one-shot think-aloud session, where par-
ticipants uploaded and reflected on their historic LLM use data via
PromptMirror. We structure our investigation around two research
questions: (RQ1)Whichmetrics and design elements might support
students’ self-reflection on LLM usage within a personal analyt-
ics dashboard? (RQ2) How does PromptMirror influence students’
awareness of their LLM usage and the depth of their reflection?

First, we discuss the potential impact of an expanded set of met-
rics on reflection depth and variability of insights (RQ1). We then
introduce the term estimation gap (RQ2) to describe students’ ten-
dency to misjudge their reliance on LLMs, before discussing our
findings in relation to other technologies. Our think-aloud studies
reveal a pattern of unprompted discussions about the broader im-
pact of AI, surpassing the R2 level of reflection in visual dashboard
exploration (RQ2).

7.1 Supporting Continuous Reflection (RQ1)
Currently, PromptMirror embodies rather basic metrics across the
deduced five metrics categories, presented in Section 3.3. Particu-
larly the emerged dimension Reflection Prompts (embodying Con-
versation from [12]) was left out. Despite this simplicity, the imple-
mented metrics (presented in Figure 4) have shown sufficiency in
triggering several layers of reflection, as per [32]. Moreover, partic-
ipants expressed emotions ranging from curiosity, enjoyment and
surprise, followed by articulating behavior change goals. As such,
even low-threshold feedback bears the potential to foster reflection
and surface discrepancies between perceived and actual use.

At the same time, our study raises the question of how richer
or more diverse metrics, next to design decisions around format
and timing, might further shape students’ reflections and sustain
engagementwith PromptMirror over the long term.While our study
participants enjoyed exploring their LLM use data, many noted that
the current format lends itself more to a one-time experience than to
an ongoing, dynamic resource that supports continuous reflection
– both on and in action.

Addressing these points can happen on several layers. The first
layer, in its closest extension of including additional (mostly visual-
ized) metrics, such as temporal patterns of use, types of prompts
entered, or correlations between LLM use and task performance,
implemented straight at the source of interaction, could provide ad-
ditional entry points for self-assessment. The second layer – as the
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expert focus group’s results suggest – concerns howmetrics are pre-
sented, which matters as much as which metrics are chosen, with
particular emphasis on the potential of reflective prompts and guid-
ing questions. For instance, a recent related study [42] examined
the integration of LLM prompts into the learning process to help
students engage in post-learning self-reflection (instead of LLM
use itself, as in our work). Their participants achieved higher exam
performance and self-confidence compared to control-condition
assigned students, suggesting a more supportive role of LLMs for
learning. Even ChatGPT itself now offers studymode [56] and break
prompts [57] to facilitate learning and reflection during LLM use.

While our work within this iteration assigns PromptMirror a
rather passive mirroring role (though the name PromptMirror),
experts and related research envision a more active and sugges-
tive role for such a system – one that poses questions, highlights
anomalies, suggests behavior change tips or prompts peer and tem-
poral comparisons towards more deliberate LLM use, which lead
to the third layer where PromptMirror could also support not only
reflection-on-action but also in-action.

7.2 Own Estimation Gap and the Third-Person
Effect (RQ2)

Earlier studies on digital wellbeing revealed that users frequently
underestimate the amount of time they dedicate to engaging with
digital technologies [45, 53]. In the context of LLM use, recent
studies suggest a similar tendency among students [22], with com-
parable patterns observed in our study as well.

We extend this line of research to coin the term of an estimation
gap, that describes students’ tendency to misjudge their own use
of LLMs. According to our findings, the dashboard can make this
estimation gap visible for some people and thereby invites reflec-
tion and potential behavior change. Nonetheless, our study did not
include any repeated measures to operationalize a potential behav-
ior change effect. Future work should therefore investigate this
question in longer-term deployments that investigate and compare
both perceived and actual LLM use.

Interestingly, the estimation gap became most apparent towards
the end of the think-aloud session. In fact, participants that demon-
strated the estimation gap expressed initial satisfaction with their
LLM use patterns, while shifting their concerns over LLM misuse
towards others. This mirrors the third-person effect [25] – where
individuals misjudge their own and flag other people’s behavior –
notably apparent in other recent studies on LLM use in research
and informal learning [47, 74]. Given the value of social comparison
in self-reflective practices [11, 12], which our dashboard does not
currently facilitate, we plan to include a comparative reflection
feature in a future version of PromptMirror. This will enable stu-
dents to compare their LLM use with anonymized peer patterns,
as recommended by P3, and allow us to verify (or disprove) the
persistence of the estimation gap and third-person effect.

7.3 Deeper Levels of Reflection (RQ2)
Our analysis strongly leans on the analytical concept of Visual-
ized Self [19]. Choe et al. [19] observe that interacting with visual
dashboards on personal data typically elicits reflection up to the
R2 level [32]. Our think-aloud sessions yielded instances of more

advanced forms of reflection (i.e., R3 and R4 from Fleck and Fitz-
patrick [32]). P5 reached R4 by demonstrating critical engagement
with their own practices of overuse, citing the impact of LLMs’ high
energy demand on the environment. Moreover, without explicit
prompting from our side, several participants discussed the broader,
transformative role of LLMs in their learning, aligning with the R3
level of reflection described by Fleck and Fitzpatrick [32].

One explanation for why our participants exhibited higher-order
reflection might lie in the unique nature of LLMs and the narratives
surrounding their use. Unlike step count or screen time, LLM use di-
rectly touches on questions of authorship [27], accomplishment [40]
or academic integrity [37], introducing high stake concerns for stu-
dents. Participants evaluated their own use in terms of whether
they were using LLMs in the right way, often expressing hesitation
and occasionally contrasting their responsible use with perceived
misuse by others. These behaviors suggest that such reflection sur-
passed self-awareness towards navigating larger themes such as
potential liability and repercussions. At the same time, the cultural
and media discourse around LLMs (including academic discourse,
which Pang et al. [58] frame as the LLMification of CHI), may am-
plify the described reflective behaviors. Just as public narratives
about smartphone overuse shaped individuals’ perceptions and
self-assessment [44], the pervasive narratives around LLMs may
have primed our participants to critically examine their LLM use
practices – resulting in reflective behaviors that reached levels R3
and R4, exceeding those typically observed in more neutral self-
tracking contexts. Finally, university guidelines for the use of AI
in learning often let individual instructors decide on the policies
being set [5]. In turn, the potential heterogeneity created in norms
might leave students set their own innate rules about what (and
what not) constitutes acceptable practice, with our study bringing
students’ inner dilemma to the surface.

7.4 Curated Data for Reflective Practices
Prior research in personal informatics emphasizes the inevitability
of imperfect data. For instance, Rooksby et al. [63] describe how
personal tracking systems often produce incomplete records due
to technical limitations such as devices failing to log activities or
software bugs. In these accounts, gaps in the record are typically
unintentional, stemming from infrastructural shortcomings rather
than from the user.

Our findings, on the other hand, point to a distinct pattern;
rather than merely accepting imperfect data, several students in
our study intentionally curated their data traces. This included delet-
ing past conversations (P1, P2, P12 and to some extent P6), deleting
to avoid hallucination or streamlining/diversifying their conversa-
tions. These practices resulted in gaps or distortions in the visual-
izations surfaced by PromptMirror, where usage timelines did not
necessarily reflect the full extent of interaction. Such intentional cu-
ration raises the question of whether reflection tools should aim for
completeness at all, or instead acknowledge the selective ways in
which students want their LLM use to be remembered, represented,
or hidden. This aligns with Elsden et al.’s notion of Documentary
Informatics [29], which frames self-tracking not only as a means
for regulation but also as a form of documentation and long-term
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self-expression. From this perspective, curated or partial data is not
simply a flaw but a resource for narrative and remembering.

Recent work on the secret use of LLMs [82], demonstrates that
users conceal or downplay their reliance on LLMs due to concerns
about external judgment, competence, or morality. While Zhang
et al. [82] describe concealment primarily in social and institu-
tional contexts, our results suggest a complementary layer of self-
concealment, students curate traces not only to hide LLM usage
from others, but also to manage how their future selves encounter
these records. This dynamic aligns with our earlier observation
that students often underestimate or reframe their own reliance on
LLMs. In contrast to, e.g., health tracking, where deleting past data
is rare, curation appears to be a meaningful practice in LLM use,
shaped by privacy concerns and anxieties around overreliance.

We argue that intentionally curated data should not be dismissed
as “loss” but rather seen as a potential opportunity for supporting
reflection. Designers of personal analytics for LLMs might consider
ways to make curation practices visible, for instance by highlighting
deleted or missing entries, or by prompting students to reflect on
what motivated them to erase or fragment their traces. In this sense,
“absence” itself can become a reflective artifact, pointing tomoments
where students grapple with tensions between transparency, self-
presentation, and accountability in their LLM use.

7.5 Limitations and Future Work
Context and Generalizability. We designed and evaluated Prompt-

Mirror in an educational setting with university students. This focus
allowed us to uncover the estimation gap in learning, but it also
limits the generalizability of our findings to this user group. Other
contexts, such as professional, creative, or everyday personal use,
may equally benefit from such a dashboard and could give rise
to different reflection needs and interaction patterns with LLMs.
Future work could explore how PromptMirror scales beyond educa-
tion and whether similar reflection mechanisms foster awareness
in non-academic settings.

Objective Behavior Change Measures. Our estimation gap and
the subsequent intentions to change behavior have not been fol-
lowed by an objective or follow-up evidence (e.g., reduced usage or
changed prompt practices). We suggest including these for future
studies to examine an actionable effect of PromptMirror reflection.

Participant Population. Our study included students from Science,
Technology, Engineering, and Mathematics (STEM) disciplines. The
sample size and disciplinary focus limit the transferability of our
insights, as learners in other domains, such as the humanities or
social sciences, may rely on LLMs differently and develop distinct
reflection practices. Expanding to more diverse and larger cohorts
would strengthen the validity of our findings and help capture
domain-specific reflection needs. Additionally, future work could
investigate how younger students (e.g., middle or high school)
engage in LLM reflection activities using PromptMirror, as this age
group may be particularly sensitive to emerging patterns of LLM
use and developing reliance.

Sentiment and Intent Analysis. The sentiment analysis model did
not always perform as expected, in particular in the first iteration
of our study. In several cases for these participants, automated

classifications conflicted with participants’ own perceptions of their
conversations. For example, participants generally anticipated more
positive than negative sentiment in both their own and the AI’s
responses. Such mismatches may have shaped their reflections
in unintended ways. For the second iteration, we improved the
sentiment detection method but future work could involve learners
in the co-design of analytic categories to better align system outputs
with subjective experiences.

Visualization Literacy and Interpretation. PromptMirror assumes
that users can interpret visualizations such as temporal trends,
statistical summaries, and sentiment classifications. However, dif-
ferences in visualization literacy or statistical understanding may
influence how participants make sense of these representations and
the depth of their reflection. While most participants were able to
engage with the dashboard, we did not systematically assess poten-
tial difficulties in interpreting specific visual components. Future
work should investigate the effect of varying levels of visualization
literacy on reflective engagement, to support diverse user groups.

Static Design Rationale. Although PromptMirror has a feature
that allows users to include or exclude individual visualization
types, only one participant discovered this functionality. This may
have been a direct consequence of the decision not to provide ac-
tive onboarding to the system. In the long term, however, we plan
to actively encourage participants to include or exclude features
according to their preferences. Furthermore, some participants high-
lighted the sensitivity of the word cloud feature — this could have
been addressed with consent-based visibility in our study setting;
however, we would potentially have lost the initial reaction of the
participants to the visualization.

8 Conclusion
We design, develop and evaluate PromptMirror, a student-facing
dashboard to mirror students’ everyday use of LLMs. PromptMir-
ror’s design is informed through two focus groups with experts
and students resulting in visualizing temporal, sentiment, intent,
and thematic dimensions of student-LLM interaction logs.

Our key insight is that making everyday LLM use visible enables
learners to recognize and reflect on their own LLM use practices,
revealing an estimation gap for some: a disconnect between stu-
dents’ perceived and actual reliance on LLMs. However, we suggest
that HCI’s interest in reflecting on LLM use should go beyond only
encouraging students’ more responsible adoption and integration
of LLMs.

In evaluating PromptMirror, we have learned and gained insights
that we believe are valuable for ongoing design work in this space.
We see strong potential for further innovation in reflective tools
that help studentsmake sense of, and act on, their AI use in learning
settings – be it reduction or increased proficiency in the use of AI
tools.
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A First Version of PromptMirror Dashboard

Figure 8: The PromptMirror dashboard visualizes students’ AI usage through five reflection-oriented components: (A)
Customizable navigation sidebar for accessing different analytics views; (B) Usage Statistics showing temporal patterns
(daily/weekly/monthly activity, time-of-day distribution, conversation length); (C) Sentiment Analysis on user prompts and AI
responses; (D) Detailed Intent Analysis classifying message purposes (e.g., technical, educational, creative...); and (E) Word
Cloud visualizing prompt topics scaled by frequency.

B Tutorial for Exporting Gemini Conversation Data
• Go to Google Takeout.
• Click "Deselect all" at the top (otherwise, it will try to download your entire Google life).
• Crucial Step: Do NOT just select "Gemini" from the list. Why? Selecting only "Gemini" often exports only your saved "Gems" or
settings, resulting in an empty or nearly empty file.

• Instead: Scroll down and find "Gemini Apps". If you cannot find it, find "My Activity".
• If selecting "My Activity":
– Check the box next to "My Activity".
– Click the button labeled "All activity data included".
– In the pop-up, click "Deselect all" again, then search for and select "Gemini Apps". Click OK.

• Scroll to the bottom and click "Next step".
• Choose your file type (Keep it as .zip) and delivery method (usually "Send download link via email").
• Click "Create export".
• Note: It may take hours or days for Google to compile the file. You will receive an email when it is ready.
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