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Figure 1: Overview of the Co-led condition. A. Participants were given a problem statement at the start of the study and
saw a Al-generated reflective question on it in the box below. B. Participants then filled in the 'Because’ box to address the
reflective "Why’ questions. C. The "Why’ box prompted participants to reflect on the reasons for their prior ‘Because’ answer.
(D) Participants wrote an iteration on the original problem statement, and then, (E) proposed a novel solution to address it. F.
The AI offered competing solutions; participants could add competitors manually. G. Al offered key comparative dimensions,
and allowed users to populate the columns or add new dimensions for comparison. H. Participants proposed a final solution

after analyzing the competitive space.

Abstract

An increasing number of tools now integrate Al support, extending
the ability of users—especially novices—to produce creative work.
While AI could play various roles within such tools, less is known
about how the positioning of Al affects an individual’s cognitive
processes and sense of agency. To examine this relationship, we
built a collaborative whiteboard plugin that integrates an LLM into
design templates to facilitate reflective brainstorming activities. We
conducted a between-subjects experiment with N=47 participants
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assigned to one of three versions of Al-support—No-Al, Al input
provided incrementally (Co-led) and Al provided all at once (AI-
led)—to compare the allocation of cognitive resources. Results show
that the positioning of Al scaffolds shifts the underlying cognition:
Al-led participants devoted more time to comprehension and syn-
thesis, which yielded more topically diverse problems and solutions.
No-AI and Co-led participants spent more time revising content
and reported higher confidence in their process.

CCS Concepts

« Human-centered computing — Laboratory experiments;
Empirical studies in HCI; Graphical user interfaces; Natural
language interfaces; Computer supported cooperative work.
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1 Introduction

The recent evolution of generative Al has fueled innovation in
creativity-support tools across multiple domains [42, 74, 84]. Image
editors can now replace specific objects or layers in an image with
simple queries [1]. Document readers can now extract paper high-
lights for better understanding [53]. Multi-modal AI models can
support even more advanced creative tasks like music composition
[39, 54] and video production [13].

For many creative workflows, people perform a range of different
ways of “thinking,” from reflecting and synthesizing information
to framing and reframing the problem, as well as ideating. In the
ideation context, researchers have used LLM-generated inspira-
tional text to support users to reframe or explore a design space,
and thus generate more creative ideas [22, 37]. Some have argued
that LLMs’ tendency to hallucinate can propel innovation [27, 45].
On the other hand, research also shows how LLMs can have a
homogenizing effect, leading to more similar ideas across groups
compared to using paper-based ideation cards [2]. Furthermore,
people often attribute ownership to Al-generated content but are
reluctant to publicly acknowledge AT’s involvement, reflecting a
broader conversation about agency in human-AI co-creation [23].

The different ways of situating Al in human-AlI co-creation can
greatly impact the types of interaction, communication, and collab-
oration [68] which, in turn, can affect users’ cognitive processes
and sense of agency. Designers need to think critically about any
newly discovered information [50], especially information coming
from LLMs that are known to hallucinate or have inaccuracies.
Researchers have argued that Al systems should augment, rather
than replace, human expertise by maintaining user control while
boosting productivity [36, 69]. Given the many Al roles in human-
Al collaboration, such as “creative assistant” [31, 93], “creator of
content” [16], “friend” [89], or a prompt for critical thinking [49],
it is pivotal to understand how the positioning of Al affects cog-
nition and motivation during creative work. Critical thinking in
this paper largely refers to the ability to judge, evaluate, and adopt
Al-generated content for one’s creative work.

Recent research into human-AI collaboration has often framed
this as implementing a “human-in-the-loop” technique for machine
learning [62, 87], or designing a “co-pilot” [71] or “steerable AI”
[29], where both the human and AI agents take actions which, in
turn, influence subsequent actions by both parties. Systems can
implement human-AI collaboration in a wide range of ways, from
letting the Al primarily steer work to allowing humans to drive it
while only offloading low-level tasks to Al For example, consider
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the differences in the positioning of AI within systems intended to
support reading and comprehension. The Paper Plain system [4]
can summarize passages and then read the automated summary.
The Scim system [25] can intelligently highlight papers for faster
skimming. In yet another approach, the Papeo system [53] can
locate paper content from talk videos, so readers can better un-
derstand both content. While human-AlI co-creation take on many
forms, less is know about how it affects the user’s perception of
cognitive load and sense of agency.

In this study, we aim to understand how different ways of inte-
grating Al into a creative workflow impact an individual’s ability to
reflect and iterate. Our central question is: how does the position-
ing of Al within a creative workflow impact creative outcomes, the
allocation of cognitive resources, and user perceptions of agency
and overall value of AI? Heavy-handed Al support may introduce
information that extends the individual’s existing knowledge, but
it might also mislead the user or leave them feeling less in control
creatively. In contrast, lighter, more targeted Al support might re-
quire users to put in more effort but could strengthen their sense
of agency.

To investigate this question, we developed an LLM-enhanced
plugin for FigJam (an online collaborative whiteboard). The plugin
augments the workflow for creative exercises using one of three
ways to integrate LLM support: a No-Al condition, a Co-led condi-
tion, and an Al-led condition. For the Co-led and Al-led conditions,
we integrated LLMs on the backend to help users gather external
information for two common design templates: a “Five Whys” ex-
ercise and a “Competitive Analysis” matrix, following prior work
[90]. We selected these templates not only because they require
users to find and reflect on information (e.g., competitors), but also
because their complexity allows us to explore how the different
ways of positioning Al impact deeper forms of cognition, such as
self-reflection and sense-making.

We ran a between-subjects experiment with N=47 participants
randomly assigned to one of three conditions. In the Al-led condi-
tion, the system fills out the entire template with LLM-generated
text, leaving participants with the responsibility of reviewing and
editing this information. The Co-led condition similarly integrates
LLM-generated text, but on a more piecemeal basis, allowing the
user to read and provide input box-by-box in response to ideas
within the template. As a baseline, in the No-AlI condition, partic-
ipants completed the template with the step-by-step instruction
provided by the plugin, and no LLM-generated information was
available at all. Across all conditions, participants completed two
templates: first, they completed the “Five Whys” exercise, iterated
on a problem statement, and brainstormed a potential solution;
and second, they completed a “Competitive Analysis” around their
solution and then iterated on their idea.

The research team analyzed data from several sources, focusing
on understanding the impact of Al positioning on creative outcomes,
cognitive processing, and user perspectives. To analyze creative
outcomes, we coded “idea units” in participants’ iterated problem
statements, initial solutions, and iterated solutions. To investigate
the impact on cognitive processes, the research team analyzed video
recordings to code time allocation across various cognitive activities
during the workflow. Survey responses provided insights into users’
perspectives on their creative processes and the role of AL
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The study found that the presence and positioning of Al 1) Af-
fected the creative outcomes of the design templates: The Al as-
sistance for both interaction styles led to an expanded view of
problem framing after completing the Five Whys template, com-
pared to those with no Al support. However, after the Competitive
Analysis template, we found that Al-led participants wrote final
solutions that exhibited more topic diversity than the those in other
conditions. 2) Shifted the focus of cognitive activity: Video analysis
revealed differences in how participants allocated attention to dif-
ferent aspects of the design templates. Al-led participants devoted
more time to comprehension and synthesis, while Co-led and No-AI
participants spent more time writing and revising information in
the template. 3) Shaped user perceptions: Co-led and No-Al partici-
pants reported higher confidence in their process and creativity of
their initial solutions, and Co-led participants self-reported deeper
concern for the underlying problems and focused on practical final
solutions.

In summary, this paper makes the following contributions:

o We developed an interactive plugin with varying interaction
mechanisms for integrating large language models (LLMs)
into design templates. This system enhances the cognitive
walkthrough process, enabling support for complex cogni-
tive tasks such as self-reflection and iterative design explo-
ration.

e We conducted a between-subjects experiment (N=47) with
three conditions to investigate how different human-AI col-
laboration patterns impact user perspectives, the time spent
on different cognitive activities, and the overall creative out-
comes.

e The study results align with previous research that finds
trade-offs between performance and agency, providing clues
on how to integrate Al to optimize both.

2 Related Work
2.1 Human-AI Co-Creativity

Various systems have explored human-AI collaboration to enhance
design processes. Al plays a role in inspiring, generating, exploring,
combining, and transforming ideas for later expansion [8, 9], im-
pacting the diversity, quantity, and novelty of ideas [49]. O’Toole
and Horvét [64] identify five key Al applications in creativity: cre-
ative support, ideation support, personalization, co-creativity, and
novelty. Guo et al. [30] and Zheng et al. [93] discuss AI’s role as a
“creative assistant,” allowing users to offload repetitive tasks and
focus on higher-level thinking. Tools like the Creative Sketching
Partner (CSP) [47] and FashionQ [42] identify the assistive role
of Al in supporting idea exploration and overcoming design fixa-
tion. These tools show how Al can extend human creativity during
divergent and convergent thinking processes necessary for idea
discovery [42, 72, 84]. ID.8 3], an Al tool for co-creating visual nar-
ratives, identifies lowered barriers and increased access to creative
expression as another effect of Al integration in creative processes.

AT’s role extends beyond improving creative thought to becom-
ing an active collaborator or “creator of content” [16], shaping
human-AlI relationships in idea generation. The extent of AI's in-
volvement depends on the human collaborator. Wang et al. [85]
found that the need for Al support varies by task . Wordcraft’s Al
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agent [92] exemplifies this by serving as an idea generator, inter-
polator, and copy editor throughout the design process. However,
Partlan et al. [65] argue that dependable Al results alone aren’t
enough for co-creativity; users need control over outputs to explore
diverse ideas [2], manipulation of results, and providing of feedback
[81], to keep them engaged in the process.

User control is crucial for affirming their roles as creative col-
laborators. Rajcic et al. [67] found that users feel more confident
in their creative identity when they control Al tools. Jonsson and
Tholander [46] highlight that the “friction” between inconsistent
AT outputs and human input encourages reflection and rethinking.
This interaction leads human collaborators to take on a curatorial
role [18], using Al feedback to challenge initial ideas and decide
what to keep, remove, or expand upon [26]. As a facilitator in dis-
cussions [28] or provocateur in workflows [70], or as a “friend”
[89], AT alters human creative roles as they work to integrate it as
a collaborator in their creative processes [77].

Current research highlights AT’s role in idea generation but often
focuses on how users receive information rather than how they col-
laborate with Al to create new ideas [40]. There is a need to explore
“interaction dynamics” [68], like turn-taking, to foster communica-
tion between human and Al creators rather than competition [82].
Designing effective co-creative systems requires trustworthiness,
adaptiveness [57], and alignment with user values [26] to build con-
fidence in Al collaborators. This study aims to explore how Al can
assist in early-stage creative processes, particularly in co-creative
brainstorming.

2.2 Al as an Educational Thinking Toolkit

Although formal curricula for Al have been around for decades
[15], in recent years, presence of Al in academic settings [63]—
regardless of the field of study—is rapidly approaching ubiquity.
With the growing accessibility of powerful LLMs to the average
students and educators, the widespread adoption of Al in the field
of education poses unique opportunities and challenges, such as
access to information about a wide variety of topics [79] but limited
quality control over the information [59], as well as plagiarism
and academic integrity issues [24]. Generative Al chatbots have
proved to be useful tools in learning new content [6, 56] and have
received positive feedback on their impact [17, 21, 38], but there
still remains a lot of terrain to cover when it comes to assessing
long-term impacts.

From a theoretical standpoint, generative Al could improve criti-
cal thinking by offering fundamental information, creating more
opportunities to navigate complex scenarios [83] or learn more
in-depth in other modalities [88], but it could also impede critical
thinking by generating completed results without necessitating
human involvement [33]. The proven positive impacts of Al in
academic settings include better computational thinking skills [91],
stronger learner self-efficacy [43], more opportunities for reflec-
tion [52], and higher confidence in analysis and comprehension of
complex concepts [32]. Furthermore, Al has been proven to help
users think more comprehensively and thoroughly about problems
posed in design thinking exercises [90]. However, there have also
been scenarios in which utilizing Al can exacerbate existing weak
points and challenges in critical thinking [66].
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Exercising effective critical thinking skills is largely tied to the
imperfection of Al and the awareness of this imperfection by its
users. Styve et al. [76] finds that students’ “practices of critical
thinking in programming increased” with “many students... ac-
knowledg(ing) that responses from ChatGPT should not be taken at
face value and should be critiqued further”, and Shoufan [73] finds
that “most (students) believe that (ChatGPT) requires good back-
ground knowledge to work with since it does not replace human
intelligence”. Research suggests that working in tandem with AI
yields the best results [86], using it intentionally as a tool while also
exercising one’s uniquely human intelligence [58, 75]. Brondani
et al. [12] finds that instructors could differentiate reflections writ-
ten by students versus ChatGPT 85% of the time, but that thematic
analyses of these reflections completed by qualitative researchers
did not substantially differ from ChatGPT-generated analyses. Thus,
the differences from engaging with human- or Al-produced work
remain ambiguous. We sought to investigate these differences, as
well as the impact of Al on critical thinking, in our study.

2.3 Agency in Human-AI Co-Work

The integration of Al in creativity-support tools has significantly
expanded the creative possibilities for users, driving research on
agency and control in human-Al collaboration. Agency in co-creation
involves task delegation to Al systems and the human capacity to
guide, critique, and collaborate with AI [19, 61, 78]. These frame-
works emphasize the preservation of human agency to ensure mean-
ingful interaction that shape engagement, learning, and reflective
thinking.

Agency in Al systems can range from goal-directed assistance to
autonomous actions, either assisting with set tasks or dynamically
responding to changing contexts [55]. Hwang and Won [41] show
that user perceptions of Al agency can be influenced by the system’s
embodiment, with users attributing more emotional experience to
humanoid Als and greater functional agency to cloud-based systems.
Miller [60] and Buginca et al. [14] both advocate reducing Al over-
reliance, with Miller [60] proposing “Evaluative AI” to enhance user
control and human agency , and Buginca et al. [14] emphasizing
cognitive forcing interventions for more deliberate human thinking.
These findings point to a core tension in co-creative systems: while
Al can enhance productivity, it risks undermining user agency and
critical engagement.

A key consideration for balancing human and AI agency relies
on how agency distribution affects users’ capacity for reflection
and critical thinking. Heyman et al. [37] showed that structured
prompts in human-Al interactions enhance creativity by promoting
divergent thinking and iterative reflection, helping users refine
Al-generated ideas and avoid fixation. Similarly, Lawton et al. [51]
found that mixed-initiative systems, alternating between user con-
trol and Al suggestions, effectively balance creativity and structure,
particularly in open-ended tasks like scene drawing, though they
struggle in more structured tasks where user control is essential.
Jiang et al. [44] stressed the need for human control in inductive
analysis to prevent oversimplification of complex insights. Bier-
mann et al. [7] found that writers who maintained control over
creative tasks like character and dialogue generation had a stronger

Xu et al.

sense of ownership and resisted Al interventions. These results em-
phasize the importance of designing Al systems that foster not only
productivity but also critical engagement, reflection, and contextual
adaptability. We designed our own prototype with three versions
as a research probe to rigorously examine the different balances
between human- and Al-agency in a controlled experiment.

3 System Design
3.1 Design Workflow Integration

To facilitate Al integration in design thinking, we created an in-
teractive plugin on an online collaborative whiteboard to guide
the participants through their creative process. Across conditions,
the plugin provides instructions for each step of the template to
support participant interaction with the workspace. However, each
condition provides different ways of engaging with the thinking
process, affecting how participants think, write, generate, and re-
flect. We adopted templates for two common design activities: (1)
reflective thinking for problem scoping through the “Five Whys”
template and (2) sensemaking for ideation through the “Competitive
Analysis” template [20, 90].

The “Five Whys” template (5Y) is a method for scaffolding a root
cause analysis around a particular problem. By starting with the
initial given problem statement and repeatedly asking the question
“Why” (typically five times), the nature of the problem as well as its
solution becomes clearer. This iterative technique is designed to in-
terrogate the cause-and-effect relationships underlying a particular
problem.

At the beginning of the exercise, participants are given an initial
problem statement that is generic and relatable. Their goal is to
analyze the problem and its key drivers through the Five Whys
exercise. Then, the participants come up with an Iterated Problem
Statement and brainstorm an appropriate Initial Solution.

After the participant finishes drafting their Initial Solution, their
goal is to gain a better understanding and make sense of the solution
space, particularly how their idea compares to existing solutions.
This is done through the Competitive Analysis (CA) template pro-
vided by the digital whiteboard, a strategic method used to evaluate
a new concept against the strengths and weaknesses of existing
competitors within the market landscape. This analysis explores op-
portunities and threats, alongside insights on potential competitors.
The CA templates compare the participant’s original solution to a
few competitors along comparative dimensions (e.g. the “Unique
Value Proposition”, "Advantages”, and "Disadvantages”).

Because the competitive analysis exercise has no particular order,
rather than a “press-to-continue” flow like the Five Whys, the plugin
offers different screens and intended actions for each column, row,
and sticky notes within. It supports clicking the column header
to edit comparative dimensions, clicking on a row header to edit
competitors, and clicking the sticky note within a dimension to edit
insights.

Once participants finish this exercise, they distill their insights
into an Iterated Solution for the problem statement.

3.2 Condition Design

3.2.1  No-Al. The No-AI condition serves as the control group, rep-
resenting how users typically approach a problem/solution without
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Figure 2: Study workflow broken down by human and Al roles across conditions. In the No-AI condition, participants completed
design exercises without Al assistance. In the Co-led condition, participants responded to Al-generated reflective questions
and received Al-gathered competitive analysis on demand. In the AI-led condition, participants responded to Al-generated
reflective conversations (both questions and answers) and Al-gathered competitive analysis all at once.

LLM assistance. Participants use the default empty templates, filling
them out manually based only on their current knowledge. They
self-ask questions, respond, and reflect on their answers throughout
the template. The plugin in this condition mainly serves to outline
the purpose of each step in the template and provide cues that users
can click on to move through the template. The main functions for
the plugin in this condition are interactive.

Why? ° Because

© 2ndBecause © 2nd Why

Figure 3: For the No-Al condition, every blank ‘Why’ box
prompts users to reflect and write answers in the respective
‘Because’ box, after which they will continue to the next
‘Why’.

Reflection and Problem Scoping. The plugin in the No-AlI condi-
tion provides instructions for the participants to push forward their
thinking. First, it prompts them to think of a reason ‘Why’ the prob-
lem occurs. The participants then click on a button to move onto
writing a ‘Because’ statement, a response to that ‘Why’. Eventually,
they write the ‘Root Cause’ of the problem.

Brainstorming, Sensemaking and Iteration. For the No-Al condi-
tion, the competitors and sticky notes inside the columns start out
empty. When completing this template, the participant must come
up with competitors from their own knowledge or from using web
search, filling in table properties manually. If the user wants to add
more competitors or dimensions, they can manually add their own.

3.2.2 Co-Led. The Co-led condition introduces LLM generation
features in various parts of the design templates to help users reflect
during their thought process, as well as provide alternative ideas
that could enrich users’ understanding of the problem/solution
space. Unlike the No-AI condition, participants are not required to

Figure 4: For the No-Al condition, clicking on competitor and
dimension headings prompts users to fill out the rows and
columns by typing, and clicking on an individual sticky note
prompts the user to fill that cell out by typing.

initiate all of their reflective ‘Why’ thinking or manually write all
of their responses. Reducing user initiative allows for more time to
reflect on their answers, making the workflow both interactive and
reflective.

Why? o Because

© 2ndBecause

Figure 5: For the Co-led condition, the LLM generates reflec-
tive questions in the ‘Why’ box that the participant must
manually answer in the corresponding ‘Because’ box. Then,
they can go on to generate the next “‘Why’ question.

Reflection and Problem Scoping. In the Co-led condition, to en-
hance the typical workflow of the Five Whys exercise, the plu-
gin generates thought-provoking questions based on the user’s
responses. After the participants type a response in the ‘Because’
box, they can click on the ‘Generate Why’ button. The plugin pro-
ceeds to adjust the user’s viewpoint to center the next ‘Why’ box.
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After a few seconds, the next “‘Why’ question will appear, which
proposes a guiding question about a relevant aspect of the problem
the user outlined in their reasoning.

Instead of writing the Root Cause manually, the user can gener-
ate the root cause of the initial problem by clicking on ‘Generate
Root Cause’ in the plugin after answering all the ‘Why’ questions.
The plugin will generate a concise takeaway from the template by
synthesizing all ‘Because’ responses and ‘Why’ prompts together.

(0] ®

Fill in Dimension

Review Competitor Edit Sticky Note

Generate this sticky note

Populate this Dimension

Figure 6: For the Co-led condition, once the competitors and
dimensions are generated, participants can review competi-
tors by clicking on the row headers, and populate the dimen-
sions with LLM-generated information by clicking on the
column headers. Participants can also generate information
for individual cells by clicking directly on a sticky note.

Brainstorming, Sensemaking and Iteration. When the user is ready
to move onto the CA exercise, the experimenter selects their initial
solution. After a few seconds, the plugin loads their idea into the
table, as well as generating three competitors and respective de-
scriptions authored by the LLM. While the user can continue to fill
in and edit the template manually, they also have different methods
of generating content authored by the plugin.

The user can select an individual sticky note and click on ‘Gener-
ate this Sticky Note’ in the plugin. After a few seconds, the plugin
produces insights based on the text in the competitor and dimension
headers. The user can also generate an entire dimension. In this
case, the user selects the dimension header and clicks on ‘Populate
this Dimension.

If the user wants to add another competitor or dimension, the
plugin will load three other competitors or dimensions generated
by the LLM that are related to the user’s initial solution. If the user
chooses one of the suggested items, the table will expand accord-
ingly, then add the header and empty sticky notes. Alternatively,
the user can manually create their own by clicking the secondary
button ‘Add your own competitor/dimension’ and proceed to fill it
out manually similar to the No-Al group.

3.2.3 Al-Led. When users in the Al-led condition begin their tasks,
the templates are already populated with content authored by the
LLM. Unlike the previous two conditions, the participants do not
initiate any writing, using all their time to read and mentally process
information. The plugin in this condition guides the participants
to review what the LLM generates and forms their understanding
around what is presented, leading to a purely reflective workflow.
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o Why? o Because
© 2nd Because © 2nd Why

Figure 7: For the Al-led condition, both the ‘Why’ and ‘Be-
cause’ boxes are populated with LLM-generated text follow-
ing the line of reasoning set by the problem statement.

Reflection and Problem Scoping. For the Five Whys exercise, all
Why boxes have generated guiding questions, all Because boxes
have generated responses, and the Root Cause is generated as well.
The plugin tasks the participants with reviewing the ‘Because’
boxes, the ‘Why’ boxes, and the ‘Root Cause’ (making any edits if
desired) to form a line of reasoning around the problem. Then, they
proceed to write an Iterated Problem Statement and Initial Solution
similar to the other conditions.

Figure 8: For the Al-led condition, participants can review
the LLM-generated information for competitors, dimensions,
and individual cells by clicking on the row and column head-
ers and sticky notes respectively.

Brainstorming, Sensemaking and Iteration. When the user is ready
to move onto the CA exercise, the experimenter selects their Initial
Solution. This time, the plugin will generate three competitors and
respective descriptions authored by the LLM, as well as populate
all the sticky notes under each dimension.

Similar to the Five Whys exercise in the Al-led condition, the
plugin instructs the participants to review the competitors, dimen-
sions, and cells (making any edits if desired). However, they are not
able to add more competitors or dimensions. Afterwards, the user
writes an Iterated Solution based on the insights they gathered.

3.3 Tech Infrastructure

The system was built using TypeScript and the FigJam Plugin API!
for front-end interface design, Firebase? for data storage, Python
Flask?® for a back-end server, and OpenAI’s API to access a large
language model (GPT-4)*. The system was loaded in the FigJam
environment and used as a plugin, sending requests from the front-
end interface to the Flask server. The server then prompted the

Lhttps://www.figma.com/plugin-docs/api/api-reference/
Zhttps://firebase.google.com/
3https://flask.palletsprojects.com/en/stable/
“https://platform.openai.com/docs/overview
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OpenAl API, processed the responses, and returned them to the sys-
tem’s front end. The prompt questions were inspired by a previous
study integrating LLMs into the design templates [90].

4 Study
4.1 Participants

A total of 53 individuals were recruited through the university
student research participation system. Participants were compen-
sated with extra course credits for their participation. Ultimately,
the video recordings of 47 participants’ study sessions were suc-
cessfully captured and analyzed for this study. All participants
were college students from a Western public university, with ages
ranging from 18 to 32 years old. None of the participants were
professional designers. The majority of participants were novices
in engaging in design brainstorming activities — 53.3% of the par-
ticipants had never engaged in any form of design thinking, 30%
had only minimal experience, and 16.7% felt comfortable engaging
in design thinking.

4.2 Procedure

The user study sessions were conducted in person, with one re-
searcher working one-on-one with each participant. Zoom was used
to view and record participants’ activities on the computer screen,
as well as to capture their responses during post-study interviews.
Participants were randomly assigned to one of three experimental
conditions, with each condition varying in the extent to which
it incorporated the large language model (LLM) into the design
thinking process. Of the 47 video recordings captured and analyzed,
the breakdown among all three conditions (No-AI:Co-Led:Al-Led)
was 16:16:15, indicating a near-even split of participants among the
three conditions.

After participants filled out the consent form and pre-study sur-
vey, the experimenter introduced them to the problem statement
and the generated Five Whys template, which was designed to take
no more than 30 minutes to complete. Once participants completed
the Root Cause, they were directed to iterate on the original prob-
lem statement based on their reflections and write their Iterated
Problem Statement (IPS) on a designated sticky note. Finally, they
brainstormed a solution to address the problem in their IPS, noting
it on a sticky note labeled Initial Solution.

After writing their initial solution, participants transitioned to
the sensemaking portion of the study, which took another 30 min-
utes. Participants were shown their idea in the topmost row of
the template, followed by competitors’ ideas addressing the same
problem. They were instructed to consider and fill in columns for
Unique Value Proposition, Advantages, and Disadvantages for each
solution idea.

For all three conditions, the experimenter opened a web browser
window and informed participants that they could use the internet
for real-time online research. After processing the competitive anal-
ysis, they were asked to iterate on their Initial Solution and write
their Iterated Solution on the sticky note labeled accordingly. Partic-
ipants then filled out a post-study survey. Upon survey submission,
the experimenter conducted an interview with each participant to
delve into their thought process and experience.
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4.3 Measurements and Analyses

The researchers analyzed the Initial Solution and Iterated Solution
to uncover sources of inspiration and understand how participants
developed their creativity from the initial problem framing to the
final iteration. This involved revisiting video recordings to identify
corresponding moments and interview responses, as well as exam-
ining original user work to pinpoint specific parts of the templates
where participants’ cursor movements indicated critical thinking or
decision-making moments that contributed to their solution itera-
tion. Inspirational sources were then documented for each solution
iteration, detailing specific parts of the Five Whys and Competitive
Analysis templates. These sources were also categorized and labeled
to summarize the patterns and themes that emerged, providing an
overall understanding of how participants drew inspiration and
formed their creative solutions. All quantitative analyses were con-
ducted in computational notebooks, and the code was reproducible.

4.3.1 Creative Outcomes. To understand how participants intro-
duced new concepts throughout the process, four researchers coded
idea units in participants’ framed problem statements and solutions.
A defined legend was used to clarify what constituted an “idea unit,’
with an idea unit being any new concept or added idea that was not
simply a rewording or rearrangement of the original Problem State-
ment. Idea units were then grouped into broader topic categories
[34] by related phrases, verbs, or prepositions, and represented dif-
ferent perspectives and considerations mentioned in participants’
root causes, initial, and iterated solutions.

To ensure the validity and reliability of coding, four researchers
collaborated to cross-check the coding process, discussing discrep-
ancies in weighting or recontextualization of ideas and determining
thresholds for similarity to the original wording. Each researcher
individually coded approximately fifteen root causes and solutions
across the three conditions with multiple rounds of team cross-
checking to maintain accuracy. These idea unit categories were
later used to calculate averages and standard deviations of idea
units across conditions for each problem statement, contributing to
an understanding of how participants’ creative processes evolved
during the iterations. Analysis of covariance (ANCOVA) was con-
ducted to examine the conditional differences on the quantity and
diversity of idea units coded by the experimenters, while controlling
for the version of the initial problem statement.

4.3.2  Cognitive effort seen in video recordings. Video recordings
from Zoom were reviewed to observe participant interactions and
behaviors during the tasks, with key moments and responses noted
for further qualitative analysis. The research team manually coded
the start and end of key activities in the video recordings of each
study session. The team inferred the activity at each moment based
on the participant’s cursor location within the design template
and whether they were typing in the moment. For example, ‘fill
in template’ was coded when participants typed in blank boxes
in the templates; ‘review template’ was coded when participants
moved cursor or canvas to prior responses in the templates with-
out making edits; and ‘edit template’ was coded when participants
moved back to and edited prior responses. The other categories
coded in this analysis included ‘web activity’, ‘scope/update prob-
lem’, and ‘brainstorm/revise/iterate solution’ (see Figure 9 and 10).
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Furthermore, when participants were on a certain template activity
but not typing, we coded that as “Reflection time” The analysis
excluded distracted activities such as experimenter instructions,
interruptions, and system loading.

To ensure low data discrepancy and high reliability, a group of
four researchers conducted four to six rounds of group coding
on the same video recordings, rigorously comparing results to
resolve discrepancies in both action categorization and time metrics
calculation. After compiling a standard legend for consistent use
and practicing to resolve all disagreements, each video was coded
by two experimenters. The inter-rater reliability between coders
was calculated and has reached over 89% agreement.

4.3.3 Survey Responses. The post-study survey asked participants
to rate facets of their experience such as workload [35] and critical
thinking activities [48] on five-point Likert scales ranging from
“strongly agree” to “strongly disagree”. Critical thinking activities
were assessed through self-report questionnaires adapted from
previous research on measuring critical thinking in learning con-
texts [48]. Example questions included: “I evaluated the claims,
inferences, arguments, and explanations of the ‘Why’ questions
for answering ‘Because’ statements,” and “I constructed clear and
coherent arguments in my root causes.” Additionally, participants
rated the usability [5] of the tasks with statements like: “I found

» «

the tasks easy to perform,” “I felt confident using the templates to
complete the tasks,” “I needed to learn a lot of things to use the
templates effectively,” and “I think I would need the support of a
technical person to be able to use the templates on my own in the
future” Two surveys’ data were excluded from this analysis due to

a saving error.

4.3.4 Interview Scripts Thematic Analysis. Qualitative coding was
employed using thematic analysis [10, 11] to identify common pat-
terns and themes. To ensure high reliability and low discrepancy,
four researchers paired up in groups of two and rotated responsi-
bilities to analyze the interviews. Initially, all interview transcripts
were transcribed onto a spreadsheet, documenting each partici-
pant’s information in the following order: assigned experimenter,
participant ID, and responses to individual interview questions.

After collecting key direct quotes, a detailed analysis was con-
ducted to identify similar themes and patterns in participants’ find-
ings, experiences, opinions, and key takeaways. This process in-
volved both quantitative and qualitative approaches. Quantitative
analysis included collecting data about which parts of the tem-
plates were most helpful for solution iteration and comparing the
confidence levels of participants regarding their filled-out tem-
plates. Additionally, data was gathered on how many participants
expressed positive, neutral, or negative views on the integration of
LLM concerning content accuracy and generation efficiency.

To further understand the interview responses, the research team
revisited video recordings to identify corresponding moments, as
well as examining original FigJam files to pinpoint specific parts of
the templates where participants’ cursor movements indicated crit-
ical thinking or decision-making moments that contributed to their
solution iteration. Inspirational sources were then documented for
each solution iteration, detailing specific parts of the Five Whys
and Competitive Analysis templates. These sources were also cat-
egorized and labeled to summarize the patterns and themes that
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emerged, providing an overall understanding of how participants
drew inspiration and formed their creative solutions.

5 Results

5.1 RQ1: How does the positioning of AI
scaffolds within a design template affect
creative outcomes?

All participants authored an iterated problem statement and an ini-
tial solution (after the Five Whys exercise), and an iterated solution
(after the Competitive Analysis exercise). To understand differences
in these outcomes across conditions, we measured “idea units” and
number of topic categories covered within those key bits of content
written by participants. On average, the initial brainstormed ideas
covered the same amount of ideas across conditions (~3 idea units)
(No-Al: M = 3.05, SD = 1.54; Co-led: M = 3.11, SD = 1.37; Al-led: M
=3.68, SD = 1.97) and the idea units increased by the time of the
final solution (No-Al: M = 3.7, SD = 1.52; Co-led: M = 3.74, SD =
1.28; Al-led: M = 5.11, SD = 2.66). However, the analysis revealed
no significant difference in the number of idea units in the iterated
problem statement between groups (p = 0.11). Idea units in this pa-
per are new ideas and concepts added to the responses and they are
further combined to assess the topic convergence in participants’
responses (see Section 4.3.1).

5.1.1 Al support helped expand individuals’ view of the problem
framing. Looking into the participants’ iterated problem statements,
we observed a significant difference in the number of topic cate-
gories per idea across conditions (F(2,43) = 4.23, p = 0.02). Post-hoc
analyses using Tukey’s HSD revealed that No-Al participants gen-
erated significantly fewer topic categories compared to the Co-led
condition (MD = -1.38, p = 0.02%, 95% CI: [-2.54, -0.21]) and the Al-led
condition (MD = -1.48, p = 0.01, 95% CIL: [-2.67, -0.29]). These results
indicated that information from Al assistance led to more diverse
problem frames; the No-Al participants were not as expansive in
their thinking about the problem.

In the qualitative data, participants indicated that interacting
with Al-generated responses, especially in the Co-led condition,
felt like talking to somebody or oneself. This interaction led to
more expansive thinking on different perspectives. P159 [Co-led]
mentioned that the interaction with the LLM was like

“..talking to somebody. We expanded on those thoughts
(to) clarify what you were trying to think without
trying to say too much, and so it would generate a
couple of things that I wasn’t really thinking, but it
also sparked additional questions”

P123 [Co-led] also treated the Al-generated reflection questions as
an equal dialogue partner, continuously building off each other’s
ideas so that the participant felt compelled to simply respond rather
than revise: “..what I found easy was just answering the Why
questions because it’s just... talking to myself... And it gives a lot of
thought because talking with yourself is pretty easy to do...you can
just bounce ideas back and forth” Conversely, Al-led participants
talked about struggling with writing and adding in their own ideas,
“(My only struggle) is reiterating (the) problem in my own way
because it was already really clear (P108 [Al-led])”
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Al-led participants saw little room to build on already well-
formed, completed responses. On the other hand, Co-led partici-
pants talked about how the Q&A format helped break down the
thought process. As P158 [Co-led] described, the Al support “basi-
cally answers the ‘Because’ and then giving the “Why” it helps better
understand what it breaks it down for you. It gives you different
perspectives” Although the Al-led condition instantly produced
satisfactory answers, the Co-led interaction segmented the informa-
tion, gave participants opportunities to reflect on each segment, and
potentially added new information that could change the direction
of the next Al response.

5.1.2  Al-led participants synthesized information into more diverse
solutions. There was no significant difference in the total number
of topics generated during the initial brainstorming phase across
the three conditions (p = 0.18). However, participants in the Al-led
condition covered significantly more topics in their iterated solution
after working through the competitive analysis compared to those
in the No-AI and Co-led conditions (F(2,43) = 5.33, p = 0.009). The
Al-led input during the CA exercise led to more divergent solutions,
even though Co-led participants were able to receive about the
same external stimuli. The No-Al participants—limited to their own
imagination-did not diverge as much, as expected.

The qualitative data suggests that reviewing Al-generated com-
petitive analysis becomes less of an exercise in imagination, and
more of an exercise in digesting and then remixing information.
P133 [Al-led] identified the competitive analysis as a way for them
to include new ideas not present before: “after reading the com-
petitive analysis, I got a clearer idea of... what unique things my
solution was missing. So I included that in my solution while. .. also
giving a unique twist to it and making sure that it works for... my
problem statement.” P144 [Al-led] detailed their process of taking
the information gained from competitive analysis to expand on
their initial ideas: “My initial solution was a bit broad and less fea-
sible. With my iterated solution, I thought more about what could
be feasible, and I also took one of the generated solutions. And I
basically just mix them in a way.” They highlighted the competitive
analysis and generation as an aid to their thinking: “It helped me
think about all aspects of what to look for...and I didn’t think more
about some certain disadvantages, so it helped me definitely think
about again what was more feasible and not” Both P133 [Al-led] and
P144 [Al-led] felt that their initial solutions were “very broad” but
took in a competitor or dimension from the Al-generated responses
to help them think more concretely about their ideas.

5.2 RQ2: How does the positioning of Al
scaffolds affect the way people allocate
attention to different cognitive activities?

Following the coding procedure described above, the research team
categorized each segment of participant screen video into the follow-
ing cognitive activities: ‘fill in/review/edit template’, ‘web activity,
‘scope/update problem’, and ‘brainstorm/revise/iterate solution’.
This time spent per activity is the sum of all time segments with
that code. Analysis of covariance (ANCOVA) was conducted to ex-
amine the conditional differences on the time spent on each activity,
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Figure 9: Typing Time per Activity by Condition (top) and
Reflection Time per Activity by Condition (bottom) for the
Five Whys exercise.

while controlling for the assigned version of the initial problem
statement.

No-AI and Co-led participants spent significantly more time
overall filling out the templates (F(2,43) = 54.05, p < 0.001). Al-
led participants did not fill out the templates on their own, but
comparably spent significantly more time reviewing the content
(F(2,43) = 3.37, p = 0.044).

5.2.1 Increasing Al support shifts the focus of cognitive activity.
Compared with No-AI and Al-led participants, Co-led participants
were less likely to return to and review their finished responses in
the template (F(2,43) = 3.37, p = 0.044) but still edited the finished
responses more than Al-led participants (F(2,43) = 5.17, p = 0.01).
Participants in the No-Al condition were significantly more likely to
go back and revise previous text to improve clarity and expression
compared to those in the Al-assisted conditions (F(2,43) = 5.17, p
= 0.0098). Through the lens of reviewing and editing behavior, we
saw that Al-led participants made comparatively fewer edits. In
the absence of Al support, No-Al participants spent the most time
on revising previously typed text, which often mean self-revising
half-baked ideas or fixing grammar.

According to the qualitative data, these self-corrections may
arise from moments of heightened awareness or deliberate selective
attention. No-Al participants reported that they needed to take
time to activate deeper thinking. P126 [No-Al] said that “the first
three Whys was getting through what my initial natural reactions
were. So you will see these last two contain more deeper thoughts,
as something (that) doesn’t come up to you immediately” No-Al
participants appeared to selectively focus on a subset of issues. P102
[No-AI] mentioned that “I had to go back to the original problem
statement because...the more detailed it got, the more difficult it
was to remember what the big problem / big picture was”

Qualitative data suggest that Al-led participants checked back
and forth between responses, not to ensure information integrity,
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but rather to check for information completeness. P110 [Al-led] said
they “did a lot of going back and making sure (the generated root
cause) was gathering all of the points. So (they) feel the root cause
covered everything” This focus on reading and comprehending
the AI generated text put emphasis on understanding the content.
In contrast, No-Al participants spent a non-zero amount of time
focused on the writing process (i.e., grammar, phrasing, or sentence
structure), leaving less time to explore different content areas.

5.2.2  Al-led participants devoted more time to comprehension and
synthesis. No significant difference was observed among the condi-
tions in the time spent typing a revised problem statement (p = 0.17).
However, No-AI and Co-led participants demonstrated greater flu-
ency in updating the problem statement following the Five Whys
exercise, as indicated by significantly less pause time after complet-
ing the templates and before typing the problem statement (F(2,43)
=4.14, p = 0.024).

After identifying the root cause of the problems, participants
across all three conditions spent comparable amounts of time on
thinking (p = 0.68), as evidenced by the pause time after previous
tasks and before typing their initial solutions. Even though not
significant, Al-led participants exhibited a marginal increase in the
time spent typing their initial solutions in comparison to No-Al
and Co-led participants (F(2,43) = 2.62, p = 0.084).

Qualitative data shows how even the baseline templates helped
scaffold the No-Al participants, easing their cognitive processes
and helping them approach the problem in different ways. P109
[No-AI] said: “I don’t think I've ever thought about this issue this
deeply before. But this template did help me think about not just one
problem as to why, or one cause as to why people have this problem,
but helped me approach it in different ways.” It is important to note
that the structure of the template and activities themselves provide
scaffolding even without Al support.

When Al support was available, participants talked about how
it challenged them to reflect and think in ways they would not
have on their own. P123 [Co-led] brought up that, “When I think
of something I just immediately think, wow! This is great, there’s
nothing else I can add onto that. And then when you ask a question
Why you get these, you have to think more about how you can
improve upon your initial statement”

Al-led participants viewed Al-generated responses as polished
and logical. P133 [Al-led] mentioned that the Al-generated answers
were “a tool to confirm the answer. I already knew the answer and
it was a very fleshed out, clean, very well-written answer.” P128
[Al-led] also described the responses as logical: “It’s very logical.
There’s no really big leaps of assumptions." P136 [Al-led] mentioned,
“I liked how it kept continuing once you get more in-depth into
it” But some participants also found the Al-generated responses
repetitive. P138 [Al-led] felt “some of (the Five Whys) were a little
bit similar to each other... (and) could have gone further into more
of an institutional issue than it did”

Although Al-led participants benefited from detailed and clear
background information generated by Al, they exhibited indecision
when selecting which issues to explore further. P111 [Al-led] ex-
pressed the difficulty in creating a single solution in response to
the many identified reasons for the problem:
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“Just coming up with a solution that could tackle all
the different ones was really hard, considering just
for one single problem. .. The root cause came up with
even more problems that I was thinking...how could I
come up with different solutions for those programs?
I think (what was difficult was) just trying to come
up with a clear and good sized answer”

P105 [Al-led] also found it difficult to strike a balance among the
given ideas they had to choose from: “(I) incorporated (these ideas)
because I lingered longer on these two. I think I incorporated more
of these...I also incorporated a little bit of that as well. But I think
solutions are really hard to find (like) a balance, so I don’t think
my solution is perfect” The shift in cognitive focus freed up time
for the Al-led participants to reflect more on information, and they
also needed extra time due to the abundance of possible angles.
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Figure 10: Typing Time per Activity by Condition (top) and
Reflection Time per Activity by Condition (bottom) for the
Competitive Analysis exercise.

5.3 RQ3: How does Al positioning affect user
perceptions about the value of design
templates?

5.3.1 No-Al and Co-led participants reported higher confidence in
their process and creativity of initial solutions. Participants in the
No-AI and Co-led conditions reported significantly higher levels
of cognitive engagement and decision-making during the activity
compared to those in the Al-led condition in the post-study survey
(F(2,41) = 4.90, p = 0.012). Qualitative data from Al-led participants
showed that they tended to summarize the Al responses but did
not engage in critical thinking on those responses. P128 [Al-led]
stated: “I was trying to summarize what they’re saying and what
their argument is. I'm taking it as their argument...I don’t think I
did much independent thinking”

Co-led and No-Al participants also rated their initial brainstorm-
ing solutions significantly more creative than Al-led participants
did (F(2,41) = 4.93, p = 0.012). Qualitative data suggest that Co-led
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My initial solution was a creative and innovative
response to my iterated PS
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My iterated solution has more competitive
advantage over existing solutions

Agreement Rating

No-Al Co-led Al-led No-Al

Co-led

Al-led No-Al Co-led Al-led

Figure 11: From left to right: (1) No-AlI and Co-led participants showed higher self ratings in initial solution creativity. (2) No-AI
participants provided higher ratings on whether their solution catered to a larger audience than Al-led participants. (3) Co-led
participants rated their final solutions as less novel compared to the No-AI and Al-led participants.

and No-Al participants thought deeply about the problem beyond
simply digesting external information about it, giving them more
confidence in their initial solution. P102 [No-AlI] mentioned that:
“...If I just saw the problem statement and it was ‘Students con-
stantly have a hard time keeping up with their coursework’...if
that’s the only part I saw, my solution would just be ‘become more
effective at time management, which doesn’t say much...But be-
cause you had to think deeper about it, my solution was a lot more
detailed in (like) the actual ways to be effective with time manage-
ment”

No-Al participants also believed that their initial solution bet-
ter targeted a more diverse audience in comparison with Al-led
participants from the post-study survey (MD=0.84, p = 0.016). For
example, as P146 [No-AI] analyzed the problem, they considered
other perspectives: “But then I also considered a general popula-
tion...I did consider other schools, not just universities, but also
community (and) especially high school students too.”

5.3.2  Co-led participants showed deeper concern for the underlying
problems and focused on practical final solutions. Similar to the
reflective exercise (5 Whys), No-Al and Co-led participants reported
significantly more on thinking, decision-making, and time pressure
for the sensemaking of existing design space (Competitive Analysis)
in the post-study survey. However, Co-led participants self-rated
their iterated solutions as less competitive than existing solutions
compared with No-Al and Al-led participants (F(2,43) = 5.58, p =
0.0071).

Qualitative data suggest that Co-led participants focused more
on practicality than novelty. This may also be associated with the
lower self-rating on the competitive advantages of their solutions.

As P113 [Co-led] said: “My competitive analysis state-
ment: it was much less detailed than my previous
answers. A lot of the ideas that were generated over
here give the company unique value. (But) I was not
thinking...from a company perspective. I was more
thinking of a generalization, or a cultural change that
would be required? The solving of a root cause cannot
be done by something commercial”

Individual Co-led participants indicated a more cynical view and
deep consideration of the problem. For example, P142 [Co-led]
brought up that “T came with terms of reality, and I know that my

solution is a little harsh and a little boring to a lot of people, but I
had to make it very clear...that it’s gonna take time. It’s not just
like a get rich, quick scheme. It’s more like a mindset.” The Co-led
interaction created a sort of dialogue or feedback loop that helped
this participant align their thinking with real-world constraints.

6 Discussion

Our study results provide insights into how different approaches to
positioning Al within a design thinking exercise influence creative
outcomes, cognitive processes, and user perceptions. Findings re-
vealed that Al assistance, whether interactive (Co-led) or passive
(Al-led), offered diverse perspectives and fostered more divergent
thinking during problem scoping compared to the absence of Al
assistance (No-Al), as indicated by the greater diversity of topics
covered in participants’ idea descriptions. There was no statistically
significant difference in topic diversity between initial solutions
across conditions. Additionally, completing the competitive anal-
ysis, whether with AI support (Co-led) or without (No-Al), had
minimal impact on how users incorporated competitive analysis
information into their revised solutions.

During the design thinking exercises, participants in the No-AI
and Al-led conditions spent more time reviewing and referencing
responses from previous template blocks than Co-led participants.
This was reportedly due to their attempts to recall information pre-
viously filled in the templates, though the volume of information
was overwhelming. In post-study interviews, Al-led participants
explained that they reviewed templates to verify whether informa-
tion had been accurately carried forward within the workflow. In
contrast, study video recordings showed that No-AI participants
spent time re-editing previous responses as their thoughts evolved
through rumination. There was no statistical difference in the typ-
ing time of initial solutions, but Al-led participants, who did not
contribute to the templates, spent the most time brainstorming
before typing compared to other groups.

In summary, Al-led participants spent more time reviewing LLM
responses, giving them more time to adopt information into their
ideas. However, they also provided low self-reported ratings on
their solution creativity compared to Co-led participants, suggest-
ing they did not have the same level of confidence and ownership
of their ideas. In contrast, Co-led participants benefited from in-
teracting with the Al assistance for divergent thinking but also



CHI ’25, April 26-May 01, 2025, Yokohama, Japan

had more autonomy and opportunities to express and ruminate on
their thinking in the process. Human-led participants still benefited
from the interactivity of templates that broke down an otherwise
complex activity into procedures. While they did not have Al assis-
tance, they went through the reflections and information gathering,
which took more time and effort than reviewing or critiquing.

6.1 Positioning Al to Optimize Creativity

6.1.1 Interaction Dynamics with Al for Creativity. Our study builds
upon the concept of “interaction dynamics” to highlight the role
of turn-taking and user control in building an effective human-
Al partnership by providing varying Al involvement in different
conditions. We expand the frameworks by explicitly testing three
agency models: (1) In the No-AI condition, users retain full control
to own autonomy. (2) In the Co-led condition, we use a mixed-
initiative approach that allows for shared agency to balance human
input and Al suggestions. (3) In the Al-led condition, users gain
agency through reflective engagement rather than active control.
The current work systematically compares how varying levels of
user and Al agency impact creativity, reflection, and productivity
to contribute new insights into designing Al systems that foster
balanced collaboration. This expands frameworks that often focus
on just a single agency dynamic.

Unlike some of the existing systems that provide scaffolding
reactively based on user behavior, our tool incorporates proactive
scaffolding, especially in the Al-led condition, where prompts are
pre-generated, encouraging users to reflect on pre-existing ques-
tions without initiating their own. This differs from tools like Word-
craft [92] that require user-driven initiation. The Co-led condition
provides a mix of both proactive and user-initiated scaffolding, al-
lowing participants to engage with Al-generated prompts while
still actively contributing their ideas. However, iterative interaction
with Al often leads to repetitiveness and errors, which can cause
skepticism or aversion. Despite this, the active engagement with
reflective thinking prompted by Al led participants to place more
value on the feasibility and practicality of ideas, rather than their
novelty. As a result, some of them maintained their core ideas with
minimal influence from Al as a takeaway. These findings suggest
that future Al interventions in human-Al co-creativity could inte-
grate reflective questions with specific focus areas, priming users to
develop downstream ideas in targeted directions. By aligning scaf-
folding approaches with user needs, Al systems can better foster
meaningful creativity and balanced collaboration.

6.1.2 Al as Creative Assistant. Previous frameworks often position
Al as either an “assistant” or a “collaborator,” highlighting varying
degrees of user control. Buginca et al. [14] describe cognitive forcing
interventions, where Al prompts users to deliberate more deeply.
Heyman et al. [37] demonstrate the use of Al for divergent thinking
by providing alternative suggestions to expand users’ idea space.
Implicitly, this paper explores different forms of Al assistance in a
creative context. Building on previous work [90], this paper presents
three paradigms of interaction: no Al, interactive Al scaffolding that
leaves room for user inquiries, and exemplified text generated by
Al without interactivity. Our tool incorporates an iterative scaffold
that encourages users to explore, critique, and revise their ideas,
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going beyond idea generation to broaden the idea space through
reflective questions.

Studies such as Partlan et al. [65] emphasize the importance of
narrowing down ideas to a solution through AI support, which
aligns with our tool’s approach. Our tool allows users to evaluate
their solutions against Al-generated competitive analysis to under-
stand strengths and weaknesses. Our results show that without Al
assistance, people tend to review content back and forth—either by
editing existing content or conducting web searches—to select the
most valuable information to carry forward to the next stage. The
Co-led condition scaffolds depth through iterative back-and-forth
interactions, enabling users to refine their ideas using Al-generated
competitive insights. LLMs provide impromptu guidance, prompt-
ing users to reflect on their ideas based on the current status of their
work. When workflows involve reviewing Al-generated informa-
tion, users aim to gather comprehensive or complementary insights
to proceed. They tend to perceive idea quality as a combination
of as many ideas as possible rather than focusing on refining a
single idea. Future studies could explore offering Al scaffolds as cre-
ative assistants at different intervals or through inquiries tailored
to varying information needs.

Building on existing expert schema, Al interactivity introduces
new opportunities to combine scaffolding methods for creativity.
Our tool integrates design templates as a foundation for developing
Al scaffolds, enhancing user engagement with complex cognitive
tasks such as self-reflection and iteration. More specifically, the
templates inspired the LLM prompts as well as the placement and
presentation of Al responses. Beyond the expert cognitive scaffolds
embedded in the templates, future studies could explore other media
for expanding scaffolding approaches in supporting human-Al co-
creativity.

6.2 From Accelerating Creativity to Supporting
Reflection

In prior works, frameworks for critical thinking position humans
as the facilitators. Spector and Ma [75] identify three stages in
developing human intelligence: experience, inquiry, and the 3Rs
(re-examine, reasoning, reflection). They argue that critical think-
ing is achieved only through curiosity. Wang et al. [86] explores an
Al-supported language learning tool that employs various text and
speech modalities. Sarkar [70] discusses the need to design Al as
a provocateur in human-AI collaboration. In addition to fostering
deeper thinking, users also applied organizational approaches and
found motivation from the Al Our paper expands upon these frame-
works by integrating organizational features and feed-forward Al
generation to provide users with opportunities to reflect and syn-
thesize insights.

Our observations revealed that Al-led participants felt productive
because the Al provided logical and well-written responses, aligning
with their expectations. In contrast, Co-led participants effectively
expanded their critical reflection, despite being challenged in their
thinking. Al-led participants reported the highest average ratings
for evaluating information in the template among the three groups.
However, post-study interviews indicated that participants were
more likely to agree with the provided information than engage in
independent thinking. This is noteworthy because prior research
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has shown that people tend to under-rely on Al if they do not trust
their performance [80].

In human-Al co-creativity, where ground truth may be non-
essential but practicality still matters, people may lack critical think-
ing about the information provided to them. Conversely, using Al
to generate reflective questions proved effective in encouraging
participants to consider issues they might not have otherwise ad-
dressed. Al-generated reflective questions helped participants focus
on core issues rather than superficial details. For instance, some
No-Al participants, without Al assistance, reported that their ini-
tial responses were reactionary rather than focused on solving the
problem.

However, these reflective questions were sometimes repetitive
or emphasized details unrelated to participants’ priorities, poten-
tially hindering their natural thought processes. To design future
human-AI systems for critical and reflective thinking, Al-generated
responses should be logical and meet user expectations, while re-
flective questions should be diverse and novel to stimulate deeper
engagement.

6.3 Limitations and Future Studies

Our study was conducted using common and representative design
exercises, such as reflective thinking and sensemaking templates in
a design brainstorming context. The scope of our study allowed us
to select two exercises, but there is significant potential for train-
ing people’s general critical thinking skills through interactions
with Al Future human-AI collaboration for creativity research can
continue to explore this area. Another limitation arises from the
pre-set prompts based on the templates. For example, the competi-
tive analysis prompt only offered tech competitors on the backend.
Therefore, participants who started with systemic or social solu-
tions later switched to apps and companies after seeing those were
generated as competitors. Future tools may enable users to cus-
tomize prompts to better fit their information and creative needs. In
addition, future studies can also recruit participants with varying
levels of design and AI experience. Our participant pool primarily
consisted of novices and Al laypeople, as they use novel tools based
on intuition. A balanced pool of users for these exposures to design
and Al may result in a more comprehensive observation of user
behaviors.

7 Conclusion

We integrated an LLM into existing design workflows in three ways
(No-Al Co-led, and Al-led) and used it to conduct an in-person
lab experiment with 47 participants to investigate how different
Al positioning affected creative outcomes, cognitive processes, and
user perceptions. Our results show that the positioning of Al scaf-
folds shifts the underlying cognition: Al-led participants devoted
more time to comprehension and synthesis, while the other con-
ditions spent more time writing and revising information in the
template. As a result, Co-led and No-Al participants reported higher
confidence in their process and creativity of initial solutions, but
Al-led participants wrote problem statements and final solutions
that exhibited more topic diversity than other conditions. The study
results align with previous research that finds tradeoffs between
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performance and agency, and provides clues on how to integrate
Al to optimize both.
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