
Exploring a Design Space of Interventions That
Promote Reflective Use of Conversational
Generative AI Among University Students

by

Fairuz Shaiara

A thesis submitted to

The Faculty of Graduate and Postdoctoral Studies of

The University of Manitoba

in partial fulfillment of the requirements of the degree of

Master of Science

Department of Computer Science

The University of Manitoba

Winnipeg, Manitoba, Canada

August 2026

© Copyright 2026 by Fairuz Shaiara



Thesis advisor Author

Andrea Bunt Fairuz Shaiara

Exploring a Design Space of Interventions That Promote

Reflective Use of Conversational Generative AI Among

University Students

Abstract

The use of conversational Generative AI (GenAI), such as ChatGPT, in higher educa-

tion raises concerns around cognitive offloading and academic integrity, particularly

when students engage with AI-generated content with limited reflection. This thesis

uses a Research Through Design (RtD) approach to explore how reflective support

can be integrated into conversational GenAI interfaces for academic use. Through

low-fidelity sketching, engagement with prior literature, and research team discus-

sions, we formulate an initial design space around two dimensions: degree of exter-

nalization and level of friction. We instantiate this space through four contrasting

design concepts and examine students’ perceptions of them in a qualitative elicita-

tion study with 20 undergraduate students from diverse disciplines. Findings show

that no single intervention is universally preferred; rather, receptiveness is shaped

by perceived reflective abilities, academic integrity concerns, external accountabil-

ity, disciplinary context, task characteristics, and workflow constraints. Building on
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these findings and prior literature, we extend the design space with the type of moti-

vation as a potential third dimension and introduce a speculative mockup of a fifth

design concept. Overall, this thesis contributes an initial design space, five contrast-

ing design concepts, and empirical insights for designing context-sensitive reflective

GenAI interventions in higher education.
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Chapter 1

Introduction

Conversational Generative AI (GenAI), such as ChatGPT and Gemini, has rapidly

become embedded in university students’ academic work. Students are increasingly

using these systems for a range of tasks, including idea generation, summarization,

and revision [10; 23; 68; 80; 83]. A 2025 survey indicates that GenAI use in post-

secondary education is now ubiquitous, with 92% of students reporting use for at

least some aspects of their academic work (up from 66% in 2024) [47].

Conversational GenAI introduces an interaction paradigm in which students can

pose questions and issue directives through natural dialogue, receiving near-instant,

polished, and often elaborate responses [33; 57; 58]. These characteristics make

such tools particularly appealing in competitive, fast-paced academic environments

[103; 106]. However, these same affordances can also negatively impact students’

cognitive engagement with educational material. When responses are fluently ar-

1



2 Chapter 1: Introduction

ticulated and immediately available, students may shift from active sensemaking to

passive acceptance, mistaking coherence for comprehension [4; 87]. This dynamic

can foster an illusion of understanding, reducing opportunities for students to crit-

ically reflect on AI-generated content and to examine their sense of ownership over

work produced with its assistance [1].

The use of conversational GenAI in education has introduced a complex ten-

sion between institutional guidelines and students’ actual practices. Universities

are actively developing and refining policy frameworks to guide the responsible and

ethical use of GenAI in academic contexts [74; 104]. However, factors inherent to

academic environments (e.g., time pressure, heavy workloads, and performance de-

mands) can lead students to prioritize efficiency over careful adherence to such poli-

cies [2; 39]. In parallel, a growing body of work is exploring how interaction design,

in the form of interface-level interventions, can foster more reflective use of these

systems [11; 61; 72; 93; 97]. Such interventions can help in shaping students’ be-

havior at the point of interaction and provide immediate scaffolding for reflective

engagement [94]. While efforts to design such interventions are underway, comple-

mentary research is needed to identify and explore pertinent design dimensions. It

is also critical to investigate factors that might influence students’ receptiveness to

such interventions in academic settings.

In this thesis, we contribute to the above interaction design challenge by examin-

ing how reflective support could be embedded into conversational GenAI interfaces
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for academic use. Rather than assuming that a single intervention would be ap-

propriate across students, tasks, or contexts, we explore a broader space of possible

interface-level interventions and investigate how university students perceive them

in relation to their academic work.

1.1 Research Questions

To guide this exploration, my thesis seeks to answer the following research ques-

tions:

1. What potential design dimensions can guide the development and integration

of reflection-oriented interventions into conversational GenAI systems for uni-

versity students’ academic use?

2. How can the proposed design dimensions be leveraged to generate reflection-

oriented design concepts for conversational GenAI systems?

3. How do university students perceive different reflection-oriented design con-

cepts that represent different combinations of the design dimensions of exter-

nalization and friction?

4. What factors shape students’ receptiveness to such reflective interventions in

conversational GenAI systems?
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1.2 Methodology and Approach

To address our research questions, we used a Research Through Design (RtD)

approach [115] to: i) develop an initial design space for reflective interventions in

conversational GenAI systems, ii) create four contrasting design concepts from this

design space, and iii) conduct a qualitative study in which we presented the concepts

to university students as video prototypes and identified factors shaping receptiveness

to the proposed interventions. The following sections give a summary of each of these

thesis components.

1.2.1 Initial Design Space Exploration and Formulation

To explore how reflective support could be integrated into conversational GenAI

interactions, I generated a broad set of low-fidelity sketches exploring possible interface-

level mechanisms for prompting reflection during GenAI-assisted academic work.

These sketches were discussed with my advisor through multiple research meetings,

where we compared the ideas, identified recurring characteristics, and considered

how they could be organized into a design space. This process led to two design

dimensions: degree of externalization and level of friction.

1.2.2 Development of Design Concepts

We used the design space to develop four contrasting design concepts: Predict

Before Reveal, Quick Check, Workload Balance Slider, and Workflow Mapper. Each
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concept represented a different combination of externalization and friction and sup-

ported reflection in a distinct way. To present the concepts consistently, we created

medium-fidelity prototypes within a simulated ChatGPT environment and devel-

oped short video demonstrations situated within an academic scenario. These video

prototypes were used as probes to elicit students’ perceptions of the proposed inter-

ventions.

1.2.3 Qualitative Study

We conducted a qualitative elicitation study with undergraduate students who

had prior experience using GenAI for academic work to examine their perceptions

of the proposed design concepts and the factors shaping their receptiveness to those

concepts. Participants viewed the video prototypes, responded to semi-structured

interview questions, and ranked the concepts according to different criteria. We

analyzed the interview data using reflexive thematic analysis [18; 19], while treating

the design dimensions as sensitizing concepts [15] that informed our interpretation

of the data.

1.3 Contributions

This thesis makes the following contributions:

1. We present an initial design space for exploring how reflective support can be
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integrated into conversational GenAI interactions in higher education settings.

The design space is organized around three dimensions: degree of externaliza-

tion, level of friction and type of motivation.

2. We instantiate the design space through five contrasting design concepts: Pre-

dict Before Reveal, Quick Check, Workload Balance Slider, Workflow Mapper

and Reflection Credits. These concepts demonstrate different ways of prompt-

ing students to reflect on AI-generated responses, their own understanding,

and their contributions to AI-assisted work. The first four concepts formed the

main design set examined in this thesis, while Reflection Credits is presented

as a speculative mockup illustrating the extrinsic end of the type of motivation

dimension.

3. We present initial insights into how undergraduate students perceive reflection-

oriented design concepts through a qualitative elicitation study using the first

four design concepts as our design probes. The findings identify perceived

preferences, concerns, contextual factors and trade-offs associated with the

proposed interventions and highlight the need for reflective GenAI interventions

that are sensitive to students’ academic contexts and motivations.

The remainder of this thesis is organized as follows: In chapter 2, we review

background and prior work related to this thesis. In chapter 3, we present the

design space exploration and concept development process, including the low-fidelity

sketches, the two design dimensions, and the four final design concepts. In chapter
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4, we describe the qualitative study and its findings. In chapter 5, we reflect on the

design space by drawing on both study findings and prior literature, and discuss a

potential extension to the original design space. In chapter 6, we conclude the thesis,

discuss its limitations, and outline directions for future work.



Chapter 2

Background and Related Work

In this chapter, we first review literature on the challenges introduced by conver-

sational GenAI use in higher education, particularly focusing on cognitive offloading

and academic integrity, while also situating these concerns alongside related issues

of misinformation, hallucination, and bias. In response to these concerns, we then

review approaches to designing interventions that promote more reflective use of

conversational GenAI across educational and broader HCI contexts.

2.1 Challenges of GenAI Use in Higher Education

Conversational GenAI systems offer instant, fluent, and often elaborate responses

to a wide range of academic queries, making them highly appealing to students [43].

In higher education contexts, this appeal is further amplified by factors such as heavy

8
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workloads, time pressure, and performance incentives (e.g., grades) [106]. These

conditions can shift students’ priorities from meaningful learning toward efficiency

and task completion [1].

The extensive use of GenAI in academic settings has introduced or amplified sev-

eral challenges, one of which is cognitive offloading [84]. Cognitive offloading occurs

when students delegate the mental effort required for learning to GenAI systems.

This reliance reduces opportunities for critical thinking and can lead to outcomes

such as diminished problem-solving abilities [63], more superficial engagement with

educational material [7], and a reduced capacity for independent thinking [110].

Longer-term impacts may include poor knowledge retention [9], erosion of higher-

order thinking skills [28], and diminished creativity [76]. These findings motivate

research on approaches that encourage more critical thinking when students use

GenAI systems.

Another widely discussed challenge is maintaining academic integrity in the face

of prevalent GenAI use [81]. Violations of academic integrity occur when students

use GenAI in unauthorized ways, such as submitting work largely generated by

these systems and presenting it as their own [60; 105]. Such behaviour can be

intentional, for instance, when students seek to avoid engaging in reflective thinking

and rely on GenAI to complete their work [2]. However, violations are not always

deliberate, as students may lack clarity about when their use of these tools crosses the

boundary of acceptable academic practice [82]. Regardless of intent, these practices
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can undermine learning by reducing opportunities to develop core skills such as

writing and problem-solving [96]. Beyond individual learning outcomes, they can also

affect the credibility of grades and degrees when assessments no longer accurately

reflect students’ mastery of course material [37]. These concerns underscore the

importance of supporting students in reflecting on their own intellectual contributions

when working with GenAI.

A further challenge concerns the reliability and fairness of GenAI outputs. Con-

versational GenAI systems can produce inaccurate, misleading, or fabricated infor-

mation, often referred to as hallucinations, while presenting such outputs in a fluent

and authoritative manner [3; 6; 14; 41]. These systems may also reproduce or am-

plify biases present in their training data, leading to outputs that reflect stereotypi-

cal, exclusionary, or otherwise problematic assumptions [88; 100; 112]. In academic

contexts, this is particularly problematic because students may struggle to evalu-

ate generated content, especially when engaging with difficult or unfamiliar subject

matter or working under time pressure [35; 48; 113].

Prior work has explored a range of interventions for addressing concerns such

as misinformation, hallucination, and bias in GenAI outputs and to support users

in recognizing and evaluating such outputs. GenAI literacy and bias-focused tools

have been designed to surface model defaults and biases [36; 71]. Other interventions

support hallucination awareness through confidence indicators, source links, model

comparison, repeated questioning, and output verification [66; 67; 98]. Automated
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approaches have also been developed to detect, attribute, and revise unsupported

outputs through evidence retrieval and grounding [49; 50]. In contrast, less attention

has been given to interface-level interventions that address whether students remain

cognitively engaged and maintain a meaningful intellectual contribution when using

GenAI, even when the generated output is accurate. In this thesis, we therefore focus

on this gap by investigating how interface-level design interventions can encourage

university students to think more reflectively with GenAI while preserving their own

intellectual contribution.

2.2 Design Interventions to Promote Reflective Use

of GenAI

Researchers have begun to explore various ways of supporting reflective engage-

ment with conversational GenAI in educational contexts. One prominent approach

involves using text-based prompts, hints, or scaffolded feedback to keep students ac-

tively involved in the learning process and support their critical thinking [11; 32; 73;

93]. For example, Chia and Frattarola’s Waai system used pre-engineered prompts

tailored to course assignments to guide students toward relevant research topics

rather than direct answers, with findings showing that this supported perspective-

taking and idea generation during writing tasks [32]. Similarly, Singh et al. used

metacognitive prompts that encouraged students to explore more topics, pursue
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deeper follow-up inquiry, evaluate AI responses, and consider overlooked perspectives

[93]. Other work has designed conversational GenAI systems to provide instructional

support during the interaction, for example by providing teacher-designed hints in-

stead of unrestricted answers [11] or sentence-framing response strategies [73] that

helped learners construct more substantive responses and engage in critical think-

ing. Together, this body of work shows how text-based scaffolding can support more

active engagement with GenAI. Our work extends this line of research by exploring

more interactive forms of reflective support, including checklists and mapping tools,

that aim to make students’ reasoning and intellectual contributions more explicit.

A second set of interventions explores introducing friction-based mechanisms into

learners’ interactions with GenAI, particularly by shaping when and how users can

access AI-generated answers. To support self-directed learning among children aged

7–13, Xie et al. propose hypothetical design features that scaffold different phases of

child-AI interaction, including mechanisms that block direct answers and instead en-

courages hints, strategies, delayed reveal, or prompts for learners to explain what they

have tried before receiving a solution [108]. Related work in programming education

introduces friction through structured reflection and cognitive engagement [42; 61].

For example, Fang et al. conducted a quasi-experimental study with senior high

school students comparing a reflective GenAI-supported debugging approach with

a conventional GenAI-supported debugging approach [42]. The reflective approach

prompted students to consider the causes, corrections, and prevention of program-
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ming errors after completing a coding task, and was shown to improve programming

learning performance compared with the conventional approach. Kazemitabaar et

al. explore a design space of cognitive engagement techniques such as asking learners

to explain code before using it, trace and predict code execution, or engage in a lead-

and-reveal interaction in which the AI guides learners through the problem-solving

process before revealing the corresponding code [61]. Building on these friction-

based approaches, we explore designs that embed reflective activities directly into

the interaction flow, either before students access or after they receive AI-generated

responses. We further investigate how students perceive such forms of friction in

relation to their everyday academic workflows.

Beyond educational contexts, prior HCI work has explored how conversational

GenAI interfaces can be redesigned to elicit greater user reflection and support users’

own thinking processes [72; 95; 97]. For example, Tankelevitch et al. propose in-

structional scaffolds embedded within systems such as ChatGPT, Microsoft Copilot,

and GitHub Copilot [97]. These scaffolds take the form of embedded suggestions

and guiding questions that support metacognitive processes such as planning, self-

monitoring, and self-evaluation (e.g., prompting users to specify aspects of their

task, such as content, tone, and length, before generating a response). Maier et al.

examine different interaction modes in which the AI prompts users with questions

or suggestions for idea generation rather than taking over the creative process [72].

Their experimental findings show that question-based interaction encouraged deeper
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elaboration and helped preserve users’ perceived ownership of their ideas. Sensecape

takes a different approach by replacing the standard linear conversational format of

a GenAI interface with an interactive 3D spatial interface that supports more struc-

tured exploration and sensemaking of ideas than conventional chat-based interaction

[95]. Drawing on Sensecape’s use of spatial organization, one of our design concepts

uses structured mapping to support students in reflecting on ownership of AI-assisted

work.

2.3 Summary

In this chapter, we reviewed key challenges associated with conversational GenAI

use in higher education, focusing on cognitive offloading and academic integrity while

situating them alongside concerns about misinformation, hallucination, and bias. We

then examined prior interventions that support more reflective GenAI use through

text-based scaffolds, friction-based mechanisms, metacognitive support, and alterna-

tive interaction structures. This literature highlights the need to support students’

reflective engagement with conversational GenAI and demonstrates several ways of

promoting more reflective use. However, these efforts also point to opportunities

for complementary design research that explores a broader range of interface-level

interventions and examines how students perceive such interventions in academic

contexts. Building on this opportunity, our thesis develops an initial design space

for reflection-oriented GenAI interventions, instantiates it through multiple interface-
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level design concepts, and examines how university students perceive these concepts

in relation to their everyday workflows, motivations, workload, and concerns about

ownership and academic integrity.



Chapter 3

Design Space Exploration and

Concept Development

In this chapter, we describe how we explored the design space and developed

concepts to understand how reflective support could be integrated into conversa-

tional GenAI systems for academic use. Rather than beginning with a predefined

intervention, our work adopted a Research Through Design (RtD) approach [115] to

support open-ended exploration of possible design directions. Through low-fidelity

sketching, review of relevant literature, and research team discussions, we generated

and examined a range of early interface ideas aimed at encouraging reflection dur-

ing GenAI-assisted academic work. This process helped us identify recurring design

characteristics, which we used for the development of a structured design space. The

chapter traces this progression through three stages: early sketch-based exploration,

16
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identification of key design dimensions, and development of four final design concepts.

3.1 Research Through Design Approach

To explore potential ways of encouraging reflective use of conversational GenAI

in academic settings, our work adopted a Research Through Design (RtD) approach

[115]. RtD uses the creation and refinement of design artifacts as a means of inves-

tigating complex problems and generating research insights. Rather than treating

design solely as an outcome, RtD considers the design process itself as a method for

understanding a problem space and identifying opportunities for intervention. This

approach has been widely used in Human-Computer Interaction (HCI) research to

explore emerging problems and design spaces where requirements and solutions are

not yet well defined [114].

RtD was appropriate for our work because the goal was not to optimize a single

interface design or evaluate a predefined intervention. Instead, the objective was to

explore how different forms of reflective support could be integrated into students’ in-

teractions with conversational GenAI systems. Students’ use of conversational GenAI

in academic settings is still evolving, and existing work provides limited guidance on

how reflective support should be designed for these interactions. In particular, fur-

ther work is needed to understand what design characteristics may shape students’

perceptions of reflective interventions and their willingness to engage with them.

Following an RtD process, we began by generating a broad set of preliminary low-
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fidelity sketches to explore possible interface interventions for supporting reflection

during GenAI interactions. These sketches were discussed with my advisor through

multiple research meetings, where we compared the ideas, examined recurring char-

acteristics across them, and considered how they could be organized into a design

space. While this sketching and discussion process was ongoing, we also reviewed

prior literature on students’ use of GenAI and concerns associated with AI-assisted

academic work [1; 2; 43; 80; 81; 82; 84; 105; 106], as well as literature related to

reflection [25; 55; 85], metacognition [45; 64; 70; 97; 107], self-regulated learning

[65; 78; 92; 109], and reflective interventions [11; 40; 59; 61; 72; 93; 111]. This lit-

erature helped us better understand the problem space and identify why reflective

support may be relevant for students’ use of conversational GenAI.

3.2 Low-Fidelity Sketching for Design Exploration

To begin the design exploration process, we conducted open-ended brainstorming

focused on generating a wide range of interface ideas and possible intervention strate-

gies. To support this exploratory process, we used low-fidelity sketching as a way

of rapidly generating and communicating ideas. Prior work suggests that sketching

plays an important role during early stages of design by enabling ideas to be explored

quickly and inexpensively while avoiding premature commitment to specific solutions

[24]. Sketches are intended to be plentiful and disposable, serving as a means for

generating and exploring ideas rather than refining or validating them. Following
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this approach, we generated 16 low-fidelity sketches exploring different possibilities

for integrating reflective support into conversational GenAI interactions. The goal

at this stage was not to identify a preferred solution or develop polished concepts,

but rather to generate a broad set of possibilities and investigate many alternative

directions.

We explored substantial variation across the sketches in both form and interaction

approach. In some sketches, we embedded lightweight prompts within conversational

interactions. In others, we examined more explicit activities such as self-assessment

tasks, visual representations of user contributions, and reflective activities placed

at different points in the interaction process. We also explored different ways in

which reflection might be integrated, including before users accessed AI-generated

responses, after they had viewed AI output, or through mechanisms intended to

support awareness of patterns of AI use and personal contribution over time.

We include a subset of the generated sketches in Figure 3.1 to illustrate the

exploratory phase of the design process (the complete set of sketches is provided in

Appendix A). Rather than converging early toward a small number of ideas, the

purpose of this process was to encourage breadth of exploration and investigate a

diverse range of possible intervention strategies. Through research team discussions,

we identified recurring characteristics across the sketches that later helped us to

develop the design dimensions discussed in the following section.
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Figure 3.1: Selected examples from the broader set of low-fidelity sketches generated during design

exploration phase.



Chapter 3: Design Space Exploration and Concept Development 21

3.3 Emergence of Design Dimensions

As we progressed with our sketching phase, we began identifying broader patterns

across the explored concepts. Through research team discussions and comparisons

across sketches, we identified recurring characteristics that consistently differentiated

concepts from one another. For example, some of the concepts required students to

make their thinking process more visible compared to others. To further refine our

understanding of these characteristics, we drew on Tankelevitch et al.’s metacogni-

tive demands framework [97], which helped to explain why users may need support

in monitoring and regulating their own thinking when working with GenAI. Along

with that, we also revisited relevant literature that explored mechanisms such as self-

explanation [34], structured prompts [72; 93], visual representations [79], lightweight

scaffolding [8; 30], and cognitive forcing mechanisms that interrupt habitual interac-

tion patterns to encourage more deliberate thinking [21; 61]. We iteratively compared

the sketches and considered several candidate characteristics, such as, how explic-

itly students were asked to represent their thinking, when reflection should occur,

or how strongly an intervention disrupted the interaction flow. Through research

team discussions and repeated comparison against the sketches, we refined these

characteristics to two dimensions that most clearly differentiated the concepts: de-

gree of externalization and level of friction. Together, these perspectives helped us

interpret the recurring patterns as broader dimensions for organizing a design space.

We view these dimensions as a promising initial set for organizing and exploring
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reflection-oriented interventions in conversational GenAI rather than an exhaustive

design space.

3.3.1 Degree of Externalization (Implicit - Explicit)

This dimension captures the extent an intervention requires students to exter-

nalize their thinking. This dimension can be understood as one way of supporting

metacognitive monitoring, illustrated in the metacognitive demands framework [97],

by making students’ judgments and thought processes visible to different degrees. At

the implicit end, reflection remains largely internal or is expressed through minimal

interface actions. For example, mentally predicting an answer before revealing the

AI response involves limited externalization, as students may think through their re-

sponse without producing any external artifact. Prior work in self-regulated learning

highlights that self-explanation, even with limited externalization, can strengthen

metacognitive skills as well as critical thinking abilities [16; 31; 101]. At the explicit

end, students generate external artifacts, such as workflow maps or written notes,

that more directly capture their thought processes. Research on visual mapping

suggests that such representations support learners in exploring, analyzing, and syn-

thesizing ideas, thereby strengthening comprehension and critical thinking [79; 90].

Between these extremes lies a moderate range, in which interventions prompt struc-

tured but lightweight actions, such as adjusting a slider or completing a short check-

list, offering more explicit articulation than internal reflection but less than full
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external representations.

3.3.2 Level of Friction (Low - High)

This dimension captures the extent to which the intervention imposes constraints

that disrupt a user’s typical interaction flow with a conversational GenAI system,

in which the user enters a prompt, receives a response, and proceeds to the next

prompt. By interrupting the interaction flow, friction can create opportunities for

metacognitive control [97], requiring students to pause, predict, evaluate, or adjust

before continuing. At the low-friction end, the intervention preserves this natural

workflow. Students can immediately view the AI’s response and continue interacting

without restriction, while optionally engaging with the intervention alongside the

conversational workflow. Prior work on scaffolding suggests that such minimally

disruptive support can encourage reflection without overburdening users [8; 30]. At

moderate levels of friction, the system introduces structured interruptions after the

AI output is presented. The response remains visible, but students must complete

a brief reflective activity, such as a checklist or slider, before proceeding to the next

prompt. These forms of structured friction align with prior work on “cognitive forcing

functions”, which are designed to interrupt users’ default, heuristic responses at the

moment of decision-making and prompt more deliberate, analytical thinking [21].

At the high-friction end, the system intervenes earlier by delaying or withholding

the AI’s response until the student engages with the intervention. The distinction
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between moderate and high friction lies in the timing of the interruption, whether

it occurs before access to the AI’s response or after it has been presented. In our

design framing, interventions that restrict access to the AI output are considered

higher friction than those that restrict progression to the next prompt.

3.4 Development of Design Concepts

We used the two design dimensions to guide the development and refinement of

four contrasting design concepts. We refined the concepts to improve usability, reduce

unnecessary complexity, and better align with plausible academic GenAI-use scenar-

ios identified through prior literature and research team discussions. We simplified

some concepts from their initial sketches and integrated elements from multiple early

ideas into others. Our aim was to explore meaningful combinations along the two

design dimensions while avoiding extremes that would have high likelihood of failure

either through discouraging use or offering little reflection support.

In academic settings where students often face heavy workloads and time pressure

[26; 86; 99], concepts combining high friction and explicit forms of externalization

risk being rejected outright. Conversely, designs with very low friction and implicit

externalization would resemble standard GenAI interaction and provide limited sup-

port for reflection. We therefore selected combinations that are both contrastive and

plausible for academic use. In Figure 3.2, we show the approximate placement of the

four design concepts within the design space. In the following sections, we describe
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Figure 3.2: Visual representation of the four design concepts mapped along the two design dimen-

sions: degree of externalization (vertical axis) and level of friction (horizontal axis).

each concept in detail and our rationale behind the placement of each concept along

the two dimensions.

3.4.1 Predict Before Reveal

This design concept encourages students to reflect on the AI’s response before

viewing it. When a student enters a new prompt, the AI response remains hidden

beneath a masked overlay containing a reflective cue to encourage the student to think
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about the AI’s response. Clicking the mask reveals the response (Figure 3.3A). This

A

Figure 3.3: Screenshot of Predict Before Reveal. (A) The AI-generated response is covered by a

masked overlay prompting the student to anticipate the answer. The response is revealed after the

student clicks on the mask.

concept is motivated by prior findings suggesting that temporarily masking system

outputs can act as minimal scaffolding by creating a brief interruption that prompts

spontaneous self-explanation and as a result promote deeper critical thinking [34].

This reflection remains largely internal, as it does not require students to produce

any external artifact beyond a simple click, placing it toward the implicit end of the

externalization. On the other hand, the prototype interrupts the typical workflow

by withholding the response from the student and thus introduces high friction.
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3.4.2 Quick Check

This design concept prompts students to explicitly reflect on their engagement

with the AI’s response through structured self-assessment. After each AI response,

Quick Check prompts students to reflect on their understanding of the response via

a checklist (Figure 3.4A), whose items were inspired by Bloom’s Taxonomy [62].

We selected three of the six cognitive processes outlined in Bloom’s Taxonomy for

learning to serve as practical indicators of whether the student felt they were mean-

ingfully engaging with the AI’s response. The student is blocked from entering

another prompt until they complete the checklist (Figure 3.4B). Quick Check pro-

vides access to weekly summary reports to enable students to reflect more holistically

on their learning patterns with AI responses. Within the design space, we position

Quick Check as involving a mid-to-high degree of externalization, because it requires

students to articulate their judgments through structured inputs. The concept cre-

ates moderate friction by interrupting progression to the next prompt, but without

withholding access to the current AI response.

3.4.3 Workload Balance Slider

This design concept focuses on supporting students in identifying and reflecting

on their own contributions to AI-assisted work. After each AI-generated response,

students use a slider to indicate their level of contribution relative to that of the

AI (Figure 3.5). Based on their selection, the system provides brief feedback, for
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A

B

Figure 3.4: Screenshots of Quick Check (A) The panel has three statements in the form of a

checklist prompting students to indicate whether they understand, can evaluate, and can apply the

AI’s response, with a Generate Weekly Report button that summarizes the student’s selections over

time. (B) The prompt input field remains disabled until the user interacts with the Quick Check

and saves the response.

example, when a higher AI contribution is indicated, students are prompted to con-

sider how they might contribute more to the task. The concept also includes weekly

summary reports that visualize the distribution of contributions between the stu-

dent and the AI over time. Similar to Quick Check, students must complete this

self-assessment before entering a new prompt, placing the design within a moderate

level of friction. However, compared to Quick Check, which requires evaluating and

selecting multiple checklist items, Workload Balance Slider involves a slightly lower

degree of externalization.
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B

A

Figure 3.5: Screenshots of Workload Balance Slider. (A) The panel consists of a slider that allows

students to indicate their perceived contribution of work between themselves and the AI. After

the student positions the slider, a contextual message appears at the bottom. The weekly report

visualizes patterns of AI-driven, collaborative, and self-driven interactions. (B) Similar to Quick

Check, the prompt input field remains disabled until the interaction is completed.

3.4.4 Workflow Mapper

This design concept encourages students to visually map out how their contri-

butions and the AI’s contributions are distributed across a task. Inspired by prior

work on mapping-based interfaces for supporting complex thinking processes [95],

this concept adapts the idea of structured visual mapping to support reflection on

ownership in AI-assisted work. Students use simple visual elements (e.g., color-coded

sticky notes and arrows) to externalize how the task unfolds and how responsibility

is distributed (Figure 3.6). Within the design space, we position Workflow Mapper

toward the explicit end of the externalization, as it requires students to actively con-
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A

B

Figure 3.6: Screenshots of Workflow Mapper. (A) The toolbar contains different shaped and color-

coded draggable sticky notes representing user contribution and AI contribution respectively, along

with arrows for linking steps. (B) The map is where the student can visually organize and connect

their contributions with AI-generated content across different stages of a task. The greater number

of squared notes compared to rounded notes indicates a heavier AI contribution relative to the

student.

struct a representation of their process. Unlike the previous concepts, interaction

with the AI is not interrupted, enabling reflection to occur in parallel with the task.

Accordingly, we place the concept toward a low level of friction. Similar to Workload

Balance Slider, this concept focuses on prompting reflection on ownership rather

than AI-generated content, but requires a much higher degree of externalization.



Chapter 3: Design Space Exploration and Concept Development 31

3.4.5 Video Prototyping

Given the exploratory nature of our work and the novelty of the design space,

we adopted video prototyping as a way of representing and comparing alternative

design visions. Video prototypes provide flexibility for exploring different interaction

possibilities while avoiding the need to implement fully functional systems at an

early stage [116]. For each concept, we created a short video prototype illustrating

how the intervention would function within an academic scenario. To provide a

consistent context across concepts, all videos followed a common academic scenario

in which a student uses a conversational GenAI system to complete a 1500-word

essay assignment under time pressure. Using a shared scenario allowed participants

in our subsequent study to focus on differences between the reflective interventions

rather than differences in task context, while also helping them understand how the

concepts would be integrated into a realistic workflow.

The use of video prototypes enabled us to compare multiple concepts in a practi-

cal and rigorous manner while reducing the likelihood that participants’ perceptions

would be influenced by implementation-specific issues or interface limitations [22].

Prior work suggests that video prototyping can effectively communicate envisioned

interactions and support the evaluation of proposed experiences before implementa-

tion [5; 52; 102].

We developed the prototypes using Figma [46] within a simulated conversational

GenAI interface that resembles existing chat-based AI systems. We then created
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video demonstrations of each prototype using Microsoft Clipchamp [75], which later

served as stimuli for our elicitation study described in the following chapter.

3.5 Summary

In this chapter, we described the design exploration and concept development

process used to investigate reflective support within conversational GenAI systems.

Using a Research Through Design (RtD) approach, we reviewed relevant literature

to understand concerns surrounding students’ academic use of GenAI and used low-

fidelity sketching to explore diverse intervention ideas. Through research team dis-

cussions and analysis of prior literature, we identified two recurring design dimen-

sions: degree of externalization and level of friction. These dimensions helped us

to organize the design space and guide the development of four contrasting design

concepts. We then created medium-fidelity prototypes and video demonstrations to

illustrate these concepts within an academic scenario, which formed the basis for the

qualitative study described in the following chapter.



Chapter 4

Qualitative Study

Following the development of the design concepts, we conducted a qualitative

elicitation study using video prototypes of the four design concepts. The goal of

the study was not to identify a single best design, but to gather in-depth insights

into participants’ perceptions of the concepts. Specifically, we sought to understand

whether participants could envision integrating these designs into their own academic

workflows, as well as the factors that would influence their willingness to adopt them.

4.1 Study Objectives

The purpose of the elicitation study was to explore students’ perceptions of the

proposed reflective design concepts and understand how different forms of reflec-

tive support might be received within conversational GenAI interactions. Since the

33
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concepts were intended as exploratory design probes rather than fully implemented

systems, the focus of our study was to understand participants’ interpretations, re-

actions, and perceived implications of the interventions rather than evaluating their

effectiveness.

Specifically, we designed the study with the following objectives:

1. To understand how students perceive different approaches for integrating re-

flective support into conversational GenAI interactions;

2. To identify perceived benefits, concerns, and potential barriers associated with

each design concept;

3. To explore how variations across the two design dimensions influence partici-

pants’ preferences and perceptions; and

4. To gather insights that could inform the refinement of the concepts and con-

tribute to a broader understanding of designing reflective interventions for

GenAI-supported academic work.

4.2 Participants

We recruited 20 undergraduate students (8 men, 12 women) from our university

through social media channels (e.g., Instagram and Slack) (see Appendix B), ad-

vertisements posted across campus (see Appendix C), and snowball sampling [53].
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Participants represented a range of academic disciplines, including Computer Sci-

ence/Engineering (6), Science (5), Arts (6), and Business (3). We intentionally

recruited students from diverse disciplines to capture varied patterns of GenAI use

and to examine whether differences in disciplines influenced receptiveness to the de-

sign concepts. To be eligible, participants had to be an undergraduate student at

our university and have prior experience using GenAI for academic work. We ad-

ministered a short pre-screening survey during recruitment to confirm eligibility and

ensure diversity in academic discipline (see Appendix D). Each participant received

a $25 honorarium in appreciation of their time. The study was approved by our

institutional Research Ethics Board (see Appendix E for approval certificate).

4.3 Procedure

We began each session with a short survey to collect baseline information about

the participant’s experience with the use of GenAI in academic contexts, along with

basic demographic information (see Appendix F). We then introduced the partici-

pant to a common example scenario used across all demonstrations (see Appendix

G). The scenario described an undergraduate student using ChatGPT to help with

an essay assignment that had a pressing deadline. We presented the four video pro-

totypes one at a time in a counterbalanced order using a Latin Square design [17] to

mitigate ordering effects. Before each demonstration, we encouraged the participant

to consider how they might integrate the design concept into their own academic
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workflows. After each video demonstration, we conducted a brief semi-structured

interview to capture the participant’s initial reactions, including perceived useful-

ness, concerns, and overall impressions of the concept (see Appendix H). In the final

phase, we asked the participant to rank the four design concepts from most to least

preferred along the following criteria:

1. How well the designs fit with their typical workflow;

2. The extent to which the designs would influence their sense of ownership over

their work;

3. The extent to which the designs would prompt them to pause and reflect on

AI’s response before using it

We concluded the session with a broader discussion about their overall experience

across all concepts and their general views on interventions supporting reflective use

of GenAI for academic work (see Appendix I). The entire session was audio recorded

for subsequent analysis.

4.4 Data Analysis

Our primary data source consisted of audio recordings of the study sessions, which

captured participants’ reactions to the video demonstrations, responses during semi-

structured interviews, and their rankings of the design concepts. We used Reflexive
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Thematic Analysis [18] to identify recurring themes and patterns from our sessions.

Our analysis was framework-informed while still allowing themes to be developed

inductively from participants’ responses [19]. Specifically, the design dimensions of

externalization and friction functioned as sensitizing concepts [15] as they informed

the interview context and our interpretation of the data, but were not used as fixed

coding categories. Sensitizing concepts can provide initial directions for attending

to the data without prescribing what the analysis should find [15]. I began the

analysis by repeatedly reviewing the transcripts to gain familiarity with the data

and conducted iterative open coding [27] to capture meaningful segments related to

participants’ perceptions of the design concepts. I then identified initial patterns

by grouping related codes into candidate themes. Through several rounds of dis-

cussion and refinement, my advisor and I collaboratively reviewed and revised these

themes, continually cross-referencing the original transcripts to ensure interpretive

consistency and grounding in the data.

4.5 Findings

We begin our findings by summarizing the responses from the baseline survey on

existing practices with GenAI within academic settings. We then report participants’

overall preferences for the proposed design concepts based on ranking data. Finally,

we present findings from our thematic analysis of the interview data.
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4.5.1 Current Practices with GenAI

Responses from the baseline survey provided insight into participants’ prior expe-

rience with GenAI for academic work before exposure to the design concepts. Nearly

all participants reported using ChatGPT (19/20), followed by Gemini (12/20) and

Microsoft Copilot (9/20) for academic work. Most participants had more than one

year of experience using GenAI (16/20), and many reported using it regularly, such as

a few times per week (13/20). The most common use case was summarizing readings

or lecture notes (16/20), often as a way to extract essential information efficiently.

For example, P12 described using ChatGPT to get “the core gist without necessarily

reading the whole material.” More than half of the participants (13/20) also reported

using GenAI to solve academic problems, particularly under time pressure. As P07

noted, they “copy pasted the entire handout to ChatGPT” just to get the answer

directly when managing multiple deadlines. Together these findings suggest that our

participants often prioritize efficiency and rapid comprehension when using GenAI

in academic contexts.

4.5.2 Overall Preferences for the Design Concepts

To get a sense of participants’ overall preferences, we asked them to rank the

four design concepts based on how well each would fit into their typical use of tools

like ChatGPT. As shown in Figure 4.1A (Workflow Fit), rankings were relatively

distributed, with no single concept emerging as the clear winner. Clearer prefer-
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ences emerged for the other two criteria. For reflection on ownership (Figure 4.1B),

Workload Balance Slider was most frequently ranked first (13/20), while for reflec-

tion on the AI’s response (Figure 4.1B), Predict Before Reveal was the dominant

top choice (13/20). Notably, both of these concepts fall toward the lower end of the

externalization spectrum, suggesting that participants may have been more recep-

tive to interventions that require less explicit articulation. In contrast, Quick Check

was most frequently ranked second across all the criteria, suggesting that partici-

pants might have viewed it as a balance between enabling reflection and maintaining

manageable levels of externalization and friction.

Figure 4.1: Participants ranked the four design concepts from most to least preferred separately for

three criteria: (A) workflow fit (to what extent the concept might be integrated into their typical

GenAI use); (B) reflection on ownership (to what extent the concept would be able to influence on

their sense of ownership over AI-assisted work); and (C) reflection on AI response (to what extent

the concept would be able to prompt users to pause and reflect on AI-generated responses before

using them).
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4.5.3 Perceptions Towards the Design Concepts

In this section, we present findings from our thematic analysis, which revealed

that students’ receptiveness to reflection-oriented interventions is shaped by a combi-

nation of perceived metacognitive skills, external motivations such as accountability

and academic integrity, and design characteristics. Importantly, these preferences

were not uniform, but rather seemed to depend on disciplinary context and task

characteristics.

4.5.3.1 Perceived Metacognitive Skills Shape Receptiveness to Reflection-

Oriented Interventions

Participants’ receptiveness to the design concepts varied based on how they per-

ceived their own ability to monitor and regulate their use of GenAI. Some partic-

ipants acknowledged that they may not always engage critically with AI-generated

responses or deliberately reflect on their own contributions to the final output. This

inconsistency is seen to be influenced by various situational factors such as time pres-

sure or a lack of habitual reflection. For example, in the following, the participant

discusses how time pressure leads them to skip reflection, appreciating that Predict

Before Reveal could help reintroduce a deliberate pause for thinking.

“under time pressure, sometimes I’m not that clear on the topic but I just want
to get going and at that time if Predict Before Reveal asks me what do I
expect [the answer to be] then I can personally reflect on it and it allows me to
pause and think.” - (P03, Engineering)

Another participant acknowledged that they had not previously considered re-
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flecting on their ownership when using GenAI, but having the Workload Balance

Slider would help to make this typically unmonitored behaviour more visible.

“Whenever I’m using AI, I usually don’t keep track [of my contribution] like
this because whatever is in my mind, I just prompt it to AI and usually I
just take the answer, customize it accordingly and submit it. But having the
Workload Balance Slider will make me aware and cautious of how much
the work is done by me and how much I’m using the AI. So it’s good for keeping
a track [...] Because I don’t want to be completely dependent on AI and it will
also encourage me to do most of the work by myself instead of using AI.” -
(P20, Science)

In contrast, other participants perceived themselves as already capable of self-

regulating their use of GenAI and therefore saw little added value to external re-

flection support. However, these sentiments were typically articulated in broad or

implicit terms, with participants rarely describing explicit or systematic strategies

for reflection. Some participants relied on a subjective sense of understanding, as-

suming that using or rejecting an AI response already implied sufficient evaluation.

P06 describes how they view additional reflection prompts as unnecessary:

“I’m thinking that the Quick Check is just a nuisance,[...] because to use
the response in my work, I’ll obviously have to understand the response and
evaluate it. If I don’t end up using the AI’s response, that means that I did
the understanding and evaluating steps already.” - (P06, Computer Science)

Notably, even among participants who expressed confidence in their ability to

self-regulate, occasional moments of uncertainty suggested that their perceived level

of metacognition may not always align with actual reflective behaviour.

“I feel like I do enough of the critical thinking myself, but maybe I’m naive and
I actually don’t do enough critical thinking. I don’t know.” - (P18, Science)
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Overall, the above sentiments suggest that while participants value opportunities

for additional reflection, others may reject reflection-oriented design concepts because

they are confident in their own reflective abilities.

4.5.3.2 Reflection on Ownership Is Often Motivated by Academic In-

tegrity Concerns Rather than Intrinsic Learning Goals

Across participants, reflection on the ownership of AI-assisted work was frequently

motivated not by a desire to critically examine one’s contribution, but by concerns

surrounding academic integrity and the possibility that their work would be inter-

preted as overly AI-dependent. As an example, one participant described wanting

to use the Workload Balance Slider as a way to adjust their wording to align with

their personal voice. In doing so, their goal was to avoid suspicion by instructors as

opposed to ensure sufficient independent contribution or to support their learning.

“When I am positioning the slider, I would think of [...] the type of words I’m
using. Teachers, professors and educators can tell a lot of the time if it’s AI
or if it’s us because they listen to how we speak and know how we write. So
they can see something on the text and know this isn’t my vocabulary so then
that’s when it can pretty much expose us.” - (P05, Arts)

We did see contrastive views in our data, where authorship reflection was viewed

as an important component for helping to maintain academic integrity, particularly

due to participants’ awareness of potential consequences.

“using Quick Check would influence how I engage with AI responses. When-
ever I say I’m going to apply it in my own work, it will make me think how
many times I used AI’s responses. It’s not good if I use AI’s responses all the
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time when it comes to academic integrity.[...] Suspension is not something you
want in your life.” - (P03, Engineering)

There were participants who also reflected on ownership for more intrinsic reasons,

such as ensuring that they had made a meaningful contribution to their work or that

they were maintaining their own personal standards.

“If I found that the report in Workload Balance Slider was leaning towards
mostly AI or all AI, then I [would] need to change things up because it’s my
assignment. Instructors are not expecting an AI assignment. Even for the
Workflow Mapper, if I see that there’s a lot of purple [sticky notes], which
means there’s a lot of AI contribution in my assignment, [...] then I would re-
move some stuff [from the assignment] and write it myself.” - (P13, Business)

“Sometimes I catch myself too lazy to even write grammatically correct sen-
tences because I know ChatGPT is probably going to understand me.[...] But
after I see the weekly report in the Workload Balance Slider and [realize]
that I’m mostly not using my own brain power, I would maybe consider [...]
what I want to get back from ChatGPT and engage into the work more.” -
(P14, Science)

Overall, while some participants focused on ensuring meaningful personal contri-

bution, authorship reflection was more often framed as a strategy for avoiding nega-

tive consequences than for supporting deeper engagement with the learning process.

4.5.3.3 Reflection Is Often Driven by External Accountability and In-

centives Rather than Intrinsic Motivation

Participants, particularly those from Business, often expressed limited intrinsic

motivation to engage with reflection-oriented interventions, instead emphasizing the

need for external accountability or incentives to justify their use.
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“I think if there was an AI system provided by the university where they actually
track these sorts of things, then that I’d probably say is a big factor that would
affect how I would use the Workload Balance Slider. But if it’s just between
me and the AI, then I probably wouldn’t use it.” - (P15, Business)

“Maybe it could be an incentive kind of thing where after a certain period of
time you get points for using Quick Check and that might encourage people
to use it and reflect on how they’re relating with the AI responses.” - (P13,
Business)

Similarly, others indicated that when reflection is tied to external structures, such

as grading or monitoring, it becomes recontextualized as meaningful and necessary

work. For these participants, the value of reflection is not derived from its role in

supporting learning, but from its alignment with evaluative or outcome-driven goals.

“I would think that this is a great thing if also the teacher could see it. Because
if it’s just for me, then I don’t see any reason to use it. I think it would
encourage me to think more critically [if I’m being monitored by a teacher].
Then I wouldn’t just rely on copy-pasting, but I would actually have to write
my own input. Because the teacher could see directly how much AI I actually
used.” - (P16, Business)

These sentiments highlight how engagement with reflective interventions may be

shaped by a cost–benefit logic, where users might be more likely to participate when

reflection is externally justified rather than intrinsically motivated.

4.5.3.4 Preferences for Degree of Externalization and Level of Friction

Varied Across Academic Disciplines

Participants’ preferences for both design dimensions varied across academic dis-

ciplines. Across the design concepts, disciplinary background appeared to shape
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how participants perceived meaningful reflection and productive engagement with

conversational GenAI.

Science-oriented participants generally preferred more implicit forms of reflec-

tion while also expressing greater receptiveness towards high-friction interventions.

Participants described mentally predicting or reasoning through a problem before

viewing the AI’s response as more aligned with their learning practices than ex-

plicit forms of reflection that required articulating contributions or expectations. In

the quotes below, participants describe how implicit reflection would align with the

objective or procedural nature of their tasks.

“I’m mostly asking [ChatGPT] for a one-sentence answer, so I feel like the
Workflow Mapper would be kind of a bit too much and has a lot of unnec-
essary extra [steps] where you have to type in or add your contribution, what
you contributed and what the AI contributed.” - (P11, Science)

“Predict Before Reveal is definitely the best. Being able to think critically
before [viewing] the AI’s response helps you to use the AI as a supporting beam.
[...] if you don’t get the same answer as the AI’s, then you can go back and
think where did I go wrong? And you could go find that journey before coming
back to the AI [for help].” - (P09, Science)

Additionally, the participants from Science noted that friction that interrupts

access to the answer early on could be beneficial for promoting cognitive engagement.

Some participants even related high-friction interventions to their use of flashcards,

suggesting that delaying access to the AI’s response aligns with their existing practice

of active recall.

“I think Predict Before Reveal would work well because as a Science student,
I often use flashcards and I often try to use active recall. So this concept is
almost like flashcards. It’s kind of like you have to think and try your best to
remember the definition.” - (P11, Science)
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Participants from Computer Science/Engineering backgrounds expressed stronger

opinions regarding friction than externalization. These participants generally favored

low-friction interventions, often describing highly interruptive mechanisms as disrup-

tive to their workflow, possibly reflecting a more optimization-oriented view of GenAI

use.

“The Workload Balance Slider ruins the experience [of using ChatGPT]
the most. But the Workflow Mapper is the best. It doesn’t lock the chats. It
could be there and it’s not interfering [with my workflow].” - (P06, Computer
Science)

Compared to participants from other disciplines, Computer Science/Engineering

participants appeared relatively indifferent to whether reflective support required

explicit articulation or remained implicit, suggesting that minimizing workflow dis-

ruption may have been more important than engaging in reflective articulation itself.

Participants from Arts and Business, on the other hand, were more vocal about

their preferences regarding externalization than friction. They often perceived highly

implicit interactions as insufficient for meaningful reflection. Out of the concepts

shown, participants in these domains frequently preferred concepts such as theWork-

load Balance Slider or Quick Check as they required some form of self-expression.

However, the participants also suggested modifications that would allow them to

demonstrate their understanding via written articulation, indicating a preference for

reflection mechanisms that made their understanding visible and comparable to the

AI’s output.

“We can improve Predict Before Reveal by prompting the user to write the
answer over there to ChatGPT, and then ChatGPT can show the difference
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between our expectation and that of AI’s. [...] We’ll get used to just clicking
on the mask to reveal the answer and ultimately use the answer that ChatGPT
is giving instead of brainstorming. ” - (P07, Arts)

In contrast, their preferences regarding friction were more mixed, spanning both

low- and high-friction interactions depending on the context of use.

Overall, the above findings suggest that preferences along the two dimensions

are not likely to be uniform. Some disciplines in our sample exhibited relatively

consistent preferences, while others expressed varied preferences that may depend

on various situational factors.

4.6 Discussion

Our findings provide insights into how students perceive reflection-oriented de-

sign interventions for conversational GenAI that differ according to the amount of

externalization elicited and the level of friction introduced. The ranking data suggest

that participants did not view any single design concept as universally preferable for

integration into their academic workflows. Instead, support for the four concepts

depended on how well each aligned with individual reflective goals and contextual

needs.

Our interview findings show that receptiveness to reflection-oriented interventions

varied based on how participants perceived their own reflective practices. Partici-

pants who were aware of gaps in their reflection valued the design concepts, seeing

them as helpful for prompting more deliberate engagement. In contrast, those who
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expressed confidence in their reflective abilities were less receptive, although the prac-

tices they described did not appear to match evidence-based strategies [20; 29]. This

inconsistency between perceived competence and actual practice aligns with the con-

cept of cognitive dissonance [44]. A third group of participants expressed uncertainty

about whether they reflected adequately at all. Altogether, these patterns suggest

that students might lack a clear understanding of what meaningful reflection with

GenAI entails and why it could promote better learning outcomes. In this context,

the proposed interventions can play a role not only in prompting reflection, but also

in shaping a more concrete and shared understanding of what effective reflective use

of GenAI can look like in practice.

In terms of reflecting on ownership, we were surprised to hear some participants

express a motivation to do so primarily to avoid suspicion, penalties, or accusations.

These participants, even when prompted for further details, did not articulate a

clear link between reliance on AI-assisted work and learning outcomes. This pattern

might be shaped by how GenAI use is positioned within academic environments,

where concerns around academic integrity, grading, and potential penalties are often

more immediate and salient than long-term learning goals [54; 77]. In such contexts,

students may come to interpret questions of ownership primarily through a lens

of compliance and risk management. At the same time, a lack of clear guidance

around what constitutes meaningful or acceptable AI contribution can leave students

relying on surface-level cues, such as writing style or vocabulary, to judge their
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work. This ambiguity may further reinforce a defensive stance, where the focus

shifts toward avoiding suspicion rather than engaging with authorship as part of the

learning process. This pattern of compliance-driven reflection is further echoed in the

responses of participants from Business-oriented backgrounds, who appeared more

receptive to the design concepts when reflection was tied to monitoring, grading, or

incentives, rather than when it was framed as a tool for supporting deeper learning.

This consistency across findings suggests that external structures might serve as key

triggers for engaging in reflection, particularly in contexts where intrinsic motivation

to reflect on GenAI use is limited.

Academic discipline appeared to influence participants’ preferences for different

points along our two design dimensions. For example, the Computer Science/ Engi-

neering participants preferred low-friction interactions, prioritizing efficiency and un-

interrupted workflows. Given their greater familiarity with AI systems and awareness

of the rapid pace of advancement in these technologies [23; 91], they may have devel-

oped stronger expectations for seamless interactions. This attitude also matches find-

ings from studies of active learning strategies, which students can find too demand-

ing or inefficient, despite their association with deeper understanding and improved

learning outcomes [13; 38]. Our participants from Arts and Business backgrounds,

on the other hand, were more receptive to higher-friction interventions that matched

their typical active recall study practices. We also saw mixed preferences along the

degree of externalization, however, how to support those interested in a high degree
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of explicit externalization warrants further design investigation. For example, one

participant wanted to fully express their understanding with computational support

for comparing their understanding to the GenAI’s response. Considering these find-

ings collectively, manipulating the two dimensions helped reveal underlying factors

shaping students’ willingness to engage in reflection, while also suggesting oppor-

tunities for designing adaptive interventions that vary the degree of externalization

and friction based on disciplinary context, task structure, and user preferences.

Based on our findings, we suggest several provisional design heuristics aimed at

supporting students’ receptiveness to reflection-oriented GenAI interventions. These

heuristics are intended to inform how such interventions might be designed to bet-

ter align with students’ tasks, workflows, and motivations, rather than to prescribe

designs that improve learning outcomes. Designers should match friction to task

type: brief pre-response friction may be more acceptable by students for active recall

or problem-solving tasks, whereas low-friction support may be preferred in contexts

where students prioritize speed and workflow continuity. Externalization should

likewise be scaled to task complexity, with more explicit reflection potentially better

suited to multi-step or articulation-heavy tasks and more implicit forms to procedural

or objective tasks. When workflow continuity is central, designers should consider

keeping explicit reflection artifacts optional rather than making them mandatory

steps in the interaction. Finally, designers should consider both students’ perceived

need for reflective scaffolding and the motivational framing of reflection, as partici-
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pants were more receptive when interventions aligned with their perceived reflective

needs or, in some cases, with external accountability or incentives. These heuristics

are intended to guide future design exploration and concern the design of interven-

tions that students may be more willing to engage with. Determining whether such

interventions ultimately change reflective behavior or improve learning outcomes

would require further evaluation studies through functioning systems and behavioral

data in authentic academic settings.

4.7 Summary

In this chapter, we described the elicitation study conducted to examine students’

perceptions of the proposed reflective design concepts. We presented the study ob-

jectives, participant characteristics, study procedures, and methods used for data

collection and analysis. Through video-based demonstrations of the design concepts,

semi-structured interviews, and ranking activities, we gathered insights regarding

students’ reactions, perceived usefulness, concerns, and preferences surrounding the

interventions. The chapter also presented findings that emerged from the interview

and ranking data and discussed their implications for understanding how reflective

support may be integrated into conversational GenAI systems.
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Reflection on the Design Space

In this chapter, we reflect on implications arising from the findings presented in

the previous chapter and extend the design space introduced in Chapter 3. Drawing

on both study findings and prior literature, we consider how students’ motivation

may shape their willingness to engage with reflective interventions. Building on this

discussion, the chapter introduces type of motivation as a potential third design di-

mension and presents Reflection Credits as a speculative fifth design concept that

explores the extrinsic end of this dimension. We then provide an updated represen-

tation of the design space after adding the new design dimension and the fifth design

concept.

52
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5.1 Extending the Design Space

The design space presented in Chapter 3 organized concepts according to the de-

gree of externalization required from users and the amount of friction introduced into

the interaction process. While these dimensions captured important differences in

how reflection can be operationalized, our findings suggest that students’ motivation

to engage with reflection may also play an important role in shaping the acceptance

and perceived usefulness of reflective interventions.

In particular, findings from the elicitation study indicated that participants often

framed reflection in terms of external accountability rather than intrinsic learning

goals. Rather than valuing reflection solely for supporting understanding or deeper

engagement with AI-generated content, several participants emphasized incentives

such as grades, monitoring, institutional oversight, or other externally imposed struc-

tures. These findings suggest that students may not necessarily engage with reflective

activities simply because they support learning outcomes. Instead, participation may

depend on whether reflection aligns with motivations that users perceive as mean-

ingful or beneficial. To account for this pattern, the following section introduces type

of motivation as a potential additional design dimension, ranging from intrinsically

motivated reflection to externally motivated reflection.
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5.1.1 Type of Motivation (Intrinsic - Extrinsic)

This dimension captures the extent to which students’ engagement with reflective

interventions is driven by internal versus external sources of motivation. Intrinsic

motivation refers to engaging in an activity for its own sake, where the activity is mo-

tivated by interest, enjoyment, challenge, or satisfaction derived from the task itself.

Extrinsic motivation, in contrast, refers to engaging in an activity in order to attain

an external goal or meet an externally imposed constraint [56; 89]. At the intrin-

sic end of this dimension, reflective interventions may encourage students to engage

with reflection because they perceive it as valuable for learning, self-understanding,

critical thinking, or skill development. At the extrinsic end, reflective interventions

may encourage engagement by connecting reflection to external accountability, such

as grades, instructor visibility, institutional expectations, monitoring, or incentives.

Prior literature suggests that academic motivation can be an important factor in

the development of critical thinking among students [12]. In particular, intrinsically

motivated students are often more likely to engage deeply with learning materi-

als, persist through challenging tasks, and process information in more meaningful

ways. In contrast, more extrinsically oriented goals may sometimes be associated

with shallower forms of information processing, where students focus on task com-

pletion, performance, or external outcomes rather than deeper understanding [51].

However, intrinsic and extrinsic motivation should not be treated as entirely separate

or opposing categories. Prior work suggests that extrinsic motivators can sometimes
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undermine intrinsic motivation, but they may also support engagement depending

on how they are structured and interpreted by the learner [56].

Including this dimension in our design space was motivated by findings from

our elicitation study, where several participants framed reflection less as an intrin-

sically valuable learning activity and more as something they would engage with

if it were externally justified. For example, some participants described reflective

interventions as more useful if instructors could view their activity, if the inter-

vention was embedded in a university-provided and monitored system, or if it was

connected to incentives. These comments were especially visible among participants

from Business-oriented backgrounds, suggesting a possible relationship between mo-

tivation and disciplinary context. However, this pattern should not be interpreted

as evidence that disciplinary background directly causes a particular motivational

orientation. Disciplinary norms, assessment cultures, professional expectations, or

students’ pre-existing motivational orientations may all shape how students interpret

reflection and accountability.

This dimension may also interact with the existing dimensions of externalization

and friction. For instance, students may be more willing to tolerate higher-friction

interventions or more explicit forms of externalization if the reflective activity is

connected to external accountability or perceived academic benefit. Conversely, if

reflection is framed only as optional self-monitoring, students with limited intrinsic

motivation may be less likely to engage, particularly when the intervention requires
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additional effort. Future design work could explore how different motivational fram-

ings shape students’ acceptance of reflective interventions. Since the four design

concepts developed in Chapter 3 primarily rely on students recognizing the intrinsic

value of reflection for learning and self-monitoring, the following section introduces a

speculative fifth design concept that explores the more extrinsic end of the motivation

dimension.

5.1.2 Reflection Credits: A Speculative Design Concept

This speculative design concept (Figure 5.1) explores how reflective engagement

might be encouraged through an extrinsic point-based mechanism. In this concept,

each prompt submitted to the GenAI system costs reflection credits, with prompt

costs increasing as students continue to rely on the system. To earn additional

credits, students complete a brief reflection activity in which they explain how they

have used AI so far in the assignment. The reflection is saved as part of an AI-use

record that could be submitted to an instructor, connecting the activity to external

accountability rather than only self-monitoring. Within the extended design space,

we position Reflection Credits toward the extrinsic end of the motivation dimension,

while involving a moderate level of externalization and friction.
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Figure 5.1: Screenshot of Reflection Credits. (A) The side panel shows the student’s current

point balance, the number of points used for prompting, and the number of points earned through

reflection. (B) Students can earn additional points by completing a brief reflection explaining how

they have used AI so far in the assignment. (C) Each prompt submitted to the system costs points,

with the cost increasing as students submit more continuous prompts.

5.1.3 Representation of the Extended Design Space

In this section, we present the extended design space after introducing type of

motivation as a third dimension and Reflection Credits as a speculative fifth concept

(Figure 5.2). Unlike the original representation, which positioned the four concepts

only in relation to externalization and friction, this revised representation shows

how the concepts can also be interpreted through their motivational orientation.

Along this dimension, Predict Before Reveal is positioned closest to the intrinsic
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end because it relies primarily on students’ own willingness to pause and mentally

anticipate the AI response before viewing it. Workflow Mapper is positioned near

the intrinsic end of the motivation dimension, as it supports self-directed reflection

by asking students to create a visible representation of their process while they

work. Quick Check and Workload Balance Slider are positioned closer to the middle

of the motivation dimension because both provide structured self-assessment and

weekly reports that can encourage students to monitor their engagement over time.

Of these two, Workload Balance Slider is positioned slightly closer to the extrinsic

end because its contextual feedback and summary reports more directly prompt

students to adjust their AI-use behavior and reflect on the balance between their

own contribution and the AI’s contribution. Finally, Reflection Credits is positioned

closest to the extrinsic end because it connects reflection to a point-based incentive

mechanism and an instructor-submittable AI-use record.

Degree of  Externalization

Level of  Frict ion

Type of  motivation

Implicit Explicit

Low High

Intrinsic Extrinsic

WBS WMPBR QC RC

WM WBS QC PBRRC

PBR WM WBS RCQC

Figure 5.2: Extended representation of the design space with five concepts mapped across three

dimensions: degree of externalization, level of friction, and type of motivation. PBR = Predict

Before Reveal, QC = Quick Check, WBS = Workload Balance Slider, WM = Workflow Mapper,

and RC = Reflection Credits.
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5.2 Summary

In this chapter we extend the original design space by identifying motivation as

an additional dimension in the design space. Our discussion highlights that students

may not always engage with reflection because they value it as a learning activity

but rather reflection may become more meaningful when connected to external ac-

countability, incentives, or institutional expectations. To illustrate this extension,

we introduce Reflection Credits, a speculative design concept that links reflective ac-

tivity to a point-based prompting system. We also provide an updated design space

representation that shows how the new concept extends beyond the four original

concepts by exploring a more extrinsically motivated form of reflective engagement.
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Conclusion

In this thesis, we explored how undergraduate students perceive interface-level

interventions designed to promote reflective use of conversational GenAI. We ad-

dressed this question by developing an initial design space using externalization and

friction as guiding design dimensions for reflection-oriented interface interventions.

We then created four contrasting design concepts, and examined how undergradu-

ate students perceived these concepts through a qualitative elicitation study. Our

findings show that receptiveness to such interventions is not uniform, but shaped by

students’ perceived metacognition, external accountability, academic integrity con-

cerns, and disciplinary context. Building on our findings, we further reflect on the

type of motivation as an additional design dimension consideration for designing re-

flective GenAI interventions and introduce a new design concept that is a speculative

extension to the original design space.
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6.1 Contributions

This thesis contributes an initial design space for reflective interventions in con-

versational GenAI systems for higher education. We initially organized the design

space around two dimensions: degree of externalization and level of friction. These

dimensions characterize how much an intervention asks students to externalize their

thinking and how strongly it interrupts the typical prompt-response workflow. Build-

ing on the study findings and prior literature, we extend this design space by intro-

ducing type of motivation, ranging from intrinsic to extrinsic, as a potential third

dimension. This extended design space considers that reflective engagement may

depend not only on how an interface structures reflection, but also on whether stu-

dents perceive reflection as personally valuable, externally accountable, or connected

to academic incentives. To illustrate this extension, we present Reflection Credits as

a speculative fifth design concept.

This thesis also contributes five reflection-oriented design concepts: Predict Be-

fore Reveal, Quick Check, Workload Balance Slider, Workflow Mapper and Reflection

Credits. These concepts demonstrate different ways of embedding reflective support

into a simulated conversational GenAI environment, including delaying access to AI

responses, prompting structured self-assessment, encouraging students to consider

their own contribution, supporting visual mapping of AI-assisted work, and link-

ing reflection to point-based incentives and external accountability. The first four

concepts formed the design set examined in our user study, whereas we developed
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Reflection Credits afterward as a speculative concept informed by our study findings

as well as prior literature.

Finally, this thesis contributes empirical findings from a qualitative elicitation

study with undergraduate students. The findings show that students’ receptiveness

to reflective GenAI interventions varies across concepts and contexts. Participants’

responses depended on how they perceived their own reflective abilities, whether

they connected reflection to academic integrity concerns or external accountability,

and how well the interventions fit disciplinary practices, task types, and workflow

constraints. Together, these findings highlight the need for context-sensitive reflective

GenAI interventions that account for students’ academic settings, motivations, and

everyday practices.

6.2 Limitations and Future Work

While our findings offer useful implications for the design of reflection-oriented

GenAI interventions, they should be interpreted in light of several limitations. Given

the sensitive nature of GenAI use in academic contexts, some participants may have

been hesitant to fully disclose their actual practices, a challenge that has been doc-

umented in prior work [2]. Although we made efforts to reassure participants about

confidentiality and create a comfortable interview environment, this hesitation may

have resulted in partial or socially desirable responses [69].

Second, our sample size within each academic discipline was relatively small,
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limiting our ability to draw strong conclusions about disciplinary differences. The

patterns that we report across discipline should be interpreted as exploratory rather

than definitive. Perspectives from other disciplines, particularly those emphasizing

creative production (e.g., Fine Arts and Architecture) might yield different insights.

In addition, all participants were recruited from a single institution, which may limit

the transferability of our findings to other university contexts.

Third, we used video prototypes to elicit students’ perceptions of the design con-

cepts. This approach allowed us to present multiple concepts consistently and avoid

implementation-specific issues, but it did not provide behavioral data. Participants’

stated preferences and anticipated responses may therefore not reflect how they would

actually engage with these interventions in authentic academic settings, particularly

under workload and deadline pressures. Future work should investigate how such

promising interventions function in real-world deployments over time, particularly

how they influence actual learning behaviors and outcomes, and how they can be

tailored to align with diverse academic contexts and motivations.

Building on our initial insights, future work should continue to refine and extend

the design space by identifying additional dimensions of reflective GenAI interaction

and developing contrasting design concepts that instantiate them. One potential di-

mension could be intervention timing. Although timing did not emerge as a distinct

theme in our interview findings, our concepts placed reflective support at different

points in the interaction, suggesting a useful direction for future studies. Future work
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could systematically explore reflective support that appears before response reveal,

after each prompt, after several prompts, or at the end of a task or session. Future

work should also further investigate the motivation dimension and the speculative

Reflection Credits concept. Studies could examine whether point-based incentives

and external accountability encourage meaningful reflection or instead produce su-

perficial compliance, strategic completion, or resistance. Future studies could also

compare intrinsically framed and extrinsically framed interventions to understand

how the type of motivation interacts with externalization, friction, disciplinary con-

text, and students’ academic goals.

Future work should also examine how reflective GenAI interventions are shaped

by the institutional and assessment contexts in which they are deployed. Rather than

treating these interventions as standalone interface features, future studies should

consider how university policies, course expectations, and assessment designs influ-

ence how students interpret and respond to them. Institutional policies may shape

what students understand as acceptable GenAI assistance, meaningful student con-

tribution, and appropriate evidence of authorship. Assessment practices may also

affect the value of specific reflection artifacts. For example, weekly AI-use reports

or workflow maps may be more relevant in process-oriented assessments than in

contexts where evaluation focuses primarily on the final output. Therefore, future

studies should examine reflective GenAI interventions across institutions, courses,

and assessment cultures with different expectations around acceptable AI use.
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Low-Fidelity Sketches
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Appendix B

Social Media Recruitment Post

Social Media Recruitment Post 

Are you an undergraduate student at the University of Manitoba who has used tools like 

ChatGPT, Gemini, or Copilot for your academic work? 

We’d love to hear your thoughts! 

We’re looking for people to share their thoughts on how they use Generative AI tools 

and how certain features might help use these tools more thoughtfully and reflectively. 

Participation will take approximately 90 minutes. The session will include completing a 

short survey, watching short video demonstrations, a card-sorting activity and an 

interview. 

You will receive $25 (CAD) as compensation for your time! 

To get more details about the study, please visit the link below. 

study-details.pdf 

   Location: University of Manitoba, Fort Garry Campus (EITC Building, Room: E2-486) 

If you are interested or have questions, please contact: 

Fairuz Shaiara  

Graduate Student 

shaiaraf@myumanitoba.ca 

University of Manitoba 

 

The faculty advisor of the research study, Dr. Andrea Bunt, can be contacted at 

Andrea.Bunt@umanitoba.ca. 
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Appendix C

Recruitment Poster

This research has been approved by the Research Ethics Board at the University of Manitoba, Fort Garry campus.
The Research Ethics Board can be reached by phone 204-474-7122 or email humanethics@umanitoba.ca

Are you an undergraduate student at the
University of Manitoba? Have you ever used

ChatGPT, Gemini, or similar Generative AI tools
for your academic work?

We’re looking for people to share their thoughts on how they use
Generative AI tools and how certain features might help use these
tools more thoughtfully and reflectively.

Complete a short survey 
Watch short video demonstrations 
Take part in a card-sorting activity
Share your opinions in an interview

Participation will take approximately
90 minutes. You will receive $25
cash for your time.

If interested, please contact:
Fairuz Shaiara
shaiaraf@myumanitoba.ca

OR

Participation involves:

Principal Investigator
Dr. Andrea Bunt
Andrea.Bunt@umanitoba.ca
University of Manitoba
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Appendix D

Pre-Study Questionnaire

1. Email Address:

2. What is your current major or field of study? (e.g., Computer Science, Psy-

chology, Business, Fine Arts, etc.)

3. Which year of your undergraduate studies are you currently in?

4. Have you used Generative AI tools (e.g., ChatGPT, Gemini, Copilot, or similar)

for your academic work before?
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Appendix E

Research Ethics Board Approval

PROTOCOL APPROVAL

Effective: December 16, 2025 Expiry: December 15, 2026

Principal Investigator: Andrea Bunt
Protocol Number: HE2025-0373
Protocol Title: Exploring Interfaces to Encourage Reflective Use of Generative AI

Liz Millward, Chair, REB2

Research Ethics Board 2 has reviewed and approved the above research. The Office of Human Research
Ethics (OHRE) is constituted and operates in accordance with the current Tri-Council Policy Statement: Ethical
Conduct for Research Involving Humans- TCPS 2 (2022).

Please note the following important information about your protocol approval:

i. Approval is granted for the research and purposes described in the protocol only.

ii. Any changes to the protocol or research materials must be approved by the OHRE before
implementation.

iii. Any deviations to the research or adverse events must be reported to the OHRE immediately through
an REB Event.

iv. This approval is valid for one year only. A Renewal Request must be submitted and approved prior to
the above expiry date.

v. A Protocol Closure must be submitted to the OHRE when the research is complete or if the research is
terminated.

vi. The University of Manitoba may request to audit your research documentation to confirm compliance
with this approved protocol, and with the UM Ethics of Research Involving Humans policies and
procedures.
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Appendix F

Baseline Survey

1. Section 1: Demographics

(a) Age:

(b) What is your gender identity?

2. Section 2: Prior Experience with Generative AI Tools

(a) Which Generative AI tools have you used for academic purposes?

(b) How frequently do you use Generative AI tools for academic tasks?

(c) How long have you been using Generative AI tools?

(d) For which of the following purposes do you typically use Generative AI

tools?

3. Section 3: Your thoughts

(a) Please add any comments about the use of Generative AI tools (including

AI chatbots) that you would like to share with the researchers. [Optional]
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Appendix G

Context Scenario

  
 

  Page 1 of 1 

Faculty of Science 

  

 

Computer Science  

University of Manitoba  

Winnipeg, Manitoba  

Canada R3T 2N2 

 

Context Sheet 

 

Please read this short scenario before watching the video demonstrations. 

All videos you will see are based on this same situation. 

• Taylor is a first-year undergraduate student. 

• They have a 1500-word essay due tomorrow. 

• The assignment carries a significant portion of their course grade. 

• The essay has multiple parts, including: 

o explaining a concept, 

o giving an example, 

o reflecting on a personal experience, 

o and writing a conclusion. 

• Taylor has already done some work on the assignment, but not all parts 

are complete. 

• Because of time pressure, Taylor decides to use ChatGPT to help them 

work on the assignment. 

• Taylor uses ChatGPT for different kinds of support, such as: 

o asking for explanations, 

o revising or polishing text they have written, 

o and developing parts of the essay further. 

• The following videos that will be demonstrated will show different versions 

of a ChatGPT-like interface that Taylor uses while working on their 

assignment. 

Please keep this scenario in mind while watching the videos and answering the 

questions. 
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Appendix H

Interview Guide Used After Each

Video Demonstration

H.1 Predict Before Reveal

1. What are your initial thoughts about this prototype? What do you think about

the interface in general?

2. If this feature were available while you were using ChatGPT, how do you think

it would affect the way you work?

3. Are there any situations where you think this prototype might not work well?

4. How did you feel about having the AI output temporarily hidden before you

could see it?

5. How did you feel about the AI response being masked every time you entered

a prompt?
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6. Do you think this brief pause would change how you engage with AI responses?

If so, how?

7. Is there anything else you would like to add about this interface before we move

on to the next one?

H.2 Quick Check

1. What are your initial thoughts about this prototype? What do you think about

the interface in general?

2. If this feature were available while you were using ChatGPT, how do you think

it would affect the way you work?

3. How useful do you think the weekly report would be to you, if at all?

4. Are there any situations where you think this prototype might not work well?

5. Do you think answering these three statements would influence how you engage

with AI responses? If so, how?

6. How did you feel about having to complete the Quick Check before being able

to continue interacting with ChatGPT?

7. Is there anything else you would like to add about this interface before we move

on to the next one?

H.3 Workload Balance Slider

1. What are your initial thoughts about this prototype? What do you think about

the interface in general?
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2. If this feature were available while you were using ChatGPT, how do you think

it would affect the way you work?

3. Are there any situations where you think this prototype might not work well?

4. What factors would you consider when deciding where to place the slider?

5. How did you feel about having to use the slider after every AI-generated re-

sponse?

6. What did you think about having the weekly report?

7. Is there anything else you would like to add about this interface before we move

on to the next one?

H.4 Workflow Mapper

1. What are your initial thoughts about this prototype? What do you think about

the interface in general?

2. If this feature were available while you were using ChatGPT, how do you think

it would affect the way you work?

3. Are there any situations where you think this prototype might not work well?

4. How did you feel about distinguishing between your own contributions and AI

contributions using different types of notes?

5. Do you think creating this kind of visual map would influence how you plan or

structure your work? If so, how?

6. Is there anything else you would like to add about this interface before we move

on to the next one?



Appendix I

Interview Guide Used at the End

of the Study

1. Which of the factors felt more important to you when ranking?

2. Can you walk me through how you decided on this ranking?

3. Looking across all the designs, do you think any of them would change how

you use AI tools for your work?

4. Overall, how do you feel about the idea of integrating such scaffolding features

into AI tools like ChatGPT?

5. If you could improve or modify any of the designs, what changes would you

suggest?

6. Based on your experiences today, what do you think makes an AI interface

“reflective” or helpful for deeper learning?
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7. Is there anything else you would like to share about your experience, thoughts,

or suggestions related to these designs or the study?
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