
Thinking Inside the Box: Building User Interfaces with
Question-Guided Inputs

Sejal Agarwal∗
Cheriton School of Computer Science, University of

Waterloo
Waterloo, Canada

s97agarw@uwaterloo.ca

Helen Weixu Chen∗
Cheriton School of Computer Science, University of

Waterloo
Waterloo, Canada

w352chen@uwaterloo.ca

Daniel Vogel
Cheriton School of Computer Science, University of

Waterloo
Waterloo, Canada

dvogel@uwaterloo.ca

Anamaria Crisan
Cheriton School of Computer Science, University of

Waterloo
Waterloo, Canada

ana.crisan@uwaterloo.ca

(a) (b) (c) (d)

Figure 1: Examples of participant-created interfaces produced using Question-Guided Format (QGF) and Free-Form Prompting
(FFF) for the Planet Discovery Interface and the Fantasy Creature Encyclopedia tasks: (a) QGF for the Planet Interface, (b) FFF
for the Planet Interface, (c) QGF for the Fantasy task, and (d) FFF for the Fantasy task.

Abstract
Generative Artificial Intelligence (GenAI) tools are rapidly being
used to support user interface (UI) development. When building
UIs, AI chatbots are highly effective at instantiating and designing
projects; however, the quality of the AI response is highly dependent
on the user’s ability to translate their ideas into well-structured and
defined prompts. Factors like varying AI literacy, can lead to vague
inputs, inefficient iteration, and suboptimal outputs. Furthermore,
there has been little innovation in how users engage with AI chat-
bots, as most chatbots rely on free-form inputs from the user. We
investigate prompting format as an interaction design problem by
comparing a free-form format (FFF) with a question-guided format
(QGF) that helps users structure their initial requests before code
generation. A within-subjects study with 12 participants complet-
ing two comparable UI-building tasks found that the QGF enabled
significantly fewer iterations and revisions, illustrating that answer-
ing guided questions helps create a more satisfactory initial prompt.
Interview results also revealed that the QGF encouraged more delib-
erate reflection on requirements, but also introduced extra time and
a sense of constraint for some participants. Our findings highlight
a fundamental trade-off between speed and structured guidance,
informing the design of future GenAI interfaces for development.
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1 Introduction
Generative Artificial Intelligence (GenAI) is increasingly being used
to support programming and user interface (UI) development, en-
abling users to generate, debug, and refine code through natural
language interaction [9, 22, 46]. As these systems become integrated
into educational contexts, they are reshaping how individuals en-
gage with programming, design, and problem-solving [57, 58]. This
shift has prompted growing attention in AI pedagogy and AI liter-
acy research, which emphasizes not only what these systems can
generate, but how users learn to communicate with them effectively,
interpret outputs, and iteratively refine their ideas [25, 70].

Despite this, interacting with GenAI systems remains challeng-
ing, particularly during the initial prompt formulation stage [2,
4, 70]. Users must decide what information to include, how to
structure their request, and how to translate abstract ideas into
concrete instructions. Prior work demonstrates that users often
struggle with this process due to limited AI literacy, weak mental
models of system behaviour, and uncertainty about how prompts
influence outputs [70]. This challenge is especially pronounced in
open-ended tasks such as UI development, where requirements are
often underspecified, too broad, or ill-defined. [38].
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Furthermore, most existing GenAI coding assistants rely on a
free-form text chatbot interfaces. While this interaction style allows
flexibility, it places the burden on users to formulate an effective
and well-defined initial prompt. In many real-world interactions
with GenAI systems, users begin with little prior context about
how best to structure their request. This cold start problem can
lead to vague prompts, inefficient trial-and-error interactions, and
difficulty achieving the desired outcome [39, 70].

In this paper, we investigate whether restructuring the input
interface of GenAI chatbots can support users in articulating clearer
and more complete initial prompts by introducing a new interac-
tion technique: Question-Guided Format (QGF). QGF is a structured
input technique that prompts users to answer guided questions,
encouraging reflection on key aspects of their design before gener-
ating code. These questions are grounded in principles from psy-
chology and behavioural science that encourage users to consider
context, goals, interactions, and constraints when describing an
interface [41]. Prior work in AI-assisted learning and technology-
enhanced education suggests that structured guidance and scaf-
folding play a critical role in supporting reflective thinking and
improving task performance, particularly in open-ended design
contexts [30, 37]. Additionally, recent research and industry prac-
tice has begun exploring more structured and clarification-oriented
prompting workflows. Prior work has shown that asking clari-
fying questions can help language models elicit underspecified
user preferences and improve downstream response quality [5, 29].
Commercial systems, such as Claude, increasingly ask follow-up
questions when user requests are ambiguous [1], and emerging
tools and libraries support guided prompt refinement [6]. Together,
these developments suggest that users may benefit from scaffolding
and guidance during prompt construction. Therefore, QGF opera-
tionalizes guided questioning as an interaction design strategy to
support more deliberate and well-specified prompt formulation.

We present an exploratory within-subjects study (𝑁 = 12) com-
paring QGF with a standard free-form format (FFF) for GenAI-
assisted UI development. Our findings provide preliminary evi-
dence towards the effectiveness of structured prompting interfaces:
while QGF increases task time when constructing the first
prompt, it leads to significantly fewer revisions and encour-
ages more deliberate prompt construction. Participants also
reported that QGF supported reflection and idea generation, though
it introduced creativity constraints and reduced flexibility for some
users. These results suggest that prompt formulation is not just
a user skill, but it can be shaped by interface design. Rather than
constructing prompts through iterative trial-and-error, QGF re-
frames how users engage with generative systems during the initial
prompt formulation stage. This shift has important implications
for both productivity and learning, as it highlights how structured
interaction can support users’ reasoning.

Our research makes three key contributions:

• theQGF technique, which structures initial participant prompts
through a set of questions grounded in psychology and be-
havioural science;

• findings from a preliminary empirical study comparing QGF
with a standard FFF approach, highlighting the strengths
and limitations of each;

• a broader reflection on the implications of QGF for support-
ing application development and programming pedagogy.

More broadly, our work contributes to emerging discussions in
AI pedagogy and AI-assisted development by demonstrating that
interaction design can play a central role in supporting AI literacy.

2 Related Work
2.1 GenAI Chatbots for Early-Stage

Development
GenAI tools have been rapidly integrated into software develop-
ment workflows supporting code generation, debugging, and in-
terface design [14, 18, 19, 57–59]. Research illustrates that GenAI
coding assistants can significantly reduce manual coding effort
and accelerate task completion by reducing the time spent on cod-
ing, searching, and writing documentation [14, 57]. Furthermore,
GenAI tools have been integrated into UI workflows, assisting with
designing interfaces, creating mockups, and generating code [28].

Modern GenAI coding tools typically take two forms: integrated
assistants embedded within development environments and stan-
dalone conversational chatbots. Integrated systems such as GitHub
Copilot provide real-time suggestions during coding, raising chal-
lenges around when and how assistance should be presented [45].
In contrast, chatbot-based systems, like Gemini and ChatGPT, offer
flexible, natural language interaction [7], but rely heavily on users
constructing effective prompts.

Chatbot-based GenAI systems are particularly well-suited for
early-stage development tasks, as they effectively support brain-
storming, idea generation, and exploration by producing outputs
in response to prompts [12, 33, 35]. These systems can also help
translate high-level descriptions, ideas, and requirements into ini-
tial artifacts, such as code structures or interface concepts [28].
This makes conversational interfaces especially valuable at the
beginning of tasks, where users may not yet have concrete im-
plementations but can describe goals, features, or constraints in
natural language.

However, this flexibility also introduces challenges. Chatbot-
based systems rely entirely on user-provided prompts, making the
quality of initial outputs highly sensitive to how well users articu-
late their intent [10, 70]. Despite them being well-suited for early-
stage development, chatbot interfaces remain largely unchanged
as free-form text inputs, providing limited support for translating
vague, high-level ideas into well-specified prompts.

Our work addresses this gap by introducing a question-guided
interface that not only changes how users interact with GenAI chat-
bots, but also supports clearer requirement articulation during UI
development.

2.2 AI Literacy and Prompting
The effectiveness of GenAI tools in coding workflows depends
not only on model capabilities but also on how users formulate
prompts. Prior work highlights that users often struggle to spec-
ify requirements, constraints, and context when prompting GenAI
systems, particularly at the start of an interaction, leading to subop-
timal outputs and trial-and-error interactions [10, 61, 65, 70]. These
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challenges are pronounced in open-ended tasks such as UI develop-
ment, where AI solutions require substantial and frequent revision
[32, 48]. To address these challenges, researchers have begun ex-
ploring prompt engineering strategies such as zero-shot, few-shot,
and chain-of-thought prompting [36, 52, 68] to generate more ef-
fective AI outputs. While these methods can improve quality, they
require users to learn specialized strategies.

More recently, research has explored structured prompting ap-
proaches to scaffold user input. Template-based systems include UI
controls (e.g., dropdowns, fill-in fields, multiple choice questions) to
guide prompt construction [43]. These templates are useful because
they structure user input, reduce ambiguity, and draw attention
to important elements that should be considered when forming a
prompt. MacNeil et al. demonstrate how templates can standardize
requests and reduce ambiguity by developing PromptMiddleware, a
framework for creating prompts based on UI affordances [40]. Tools
like ChainForge extend this idea by supporting reusable prompt
templates, versioning, and comparison across variants, emphasiz-
ing reproducibility and evaluation of prompt designs [6]. While
these approaches reshape how users interact with GenAI, they have
primarily been studied in writing domains and often rely on static
input structures. Additionally, there is limited work investigating
how structured interfaces can support initial prompt formulation
in complex, open-ended tasks such as AI-assisted UI development.

Our study addresses this gap by introducing the QGF to help users
craft clearer, more deliberate, and effective initial prompts.

2.3 AI-Mediated Learning and Guided Inquiry
Recent research on GenAI in education suggests that its value
extends beyond simply providing answers; the educational impact
also critically depends on how learners are guided to engage with
these systems [15, 16]. A growing body of work in learning sciences,
instructional design, and AI-supported pedagogy positions iterative
questioning and reflection as an important element of effective
AI-enhanced learning [23, 56].

This emphasis aligns with long-standing educational theories on
guided inquiry to support learner development. Approaches such
as Socratic dialogue and iterative questioning encourage learners
to make their thinking explicit, evaluate multiple perspectives, and
refine their understanding [42, 49, 55]. To incorporate these peda-
gogical techniques in classroom AI tools, developers are increas-
ingly designing these systems to include frictions and constraints
to reinforce cognitive effort and engagement [66].

Empirical research from AI tutoring further illustrates the bene-
fits of structured, question-driven interactions. Systems that guide
learners through sequenced questions and provide feedback influ-
ence how students break down complex problems and reflect on
their reasoning patterns [20, 26]. For example, SocraticAI enforces
reflective engagement, leading learners to deliberate more care-
fully when decomposing problems and constructing solutions [60].
Comparisons between AI-simulated and human tutoring also show
that purely answer-centric AI dialogues often lack the richness
of guided questioning, highlighting the importance of embedding
pedagogical structure in GenAI educational interactions [31].

These ideas also align with prior work in design education and
human-centered specification practices, where structured briefs

and guided questioning help individuals articulate ambiguous goals
and shape problem framing [3, 24]. Similarly, research in human-
robot interaction shows that interactive questioning can clarify
vague intentions and improve collaboration between humans and
intelligent systems [11]. These perspectives together suggest that
structured questioning can help users refine intent and formulate
clearer specifications when interacting with GenAI systems.

These insights align with broader perspectives on AI literacy,
which frame GenAI use as a reflective cognitive practice rather than
a shortcut to solutions. Learners benefit most when prompted to
generate, critique, and refine ideas, and GenAI systems can support
this through carefully guided, pedagogically grounded questioning.

Our work builds on these principles by incorporating AI peda-
gogical–based questioning in QGF, encouraging more deliberate and
effective initial prompt formulation.

3 Design Goals
In this work, we use vibe coding to refer to a style of creating
software with generative AI in which users begin with a high-level
idea or intended feel of an interface [54], but may not yet have a
complete specification of its logic, structure, or implementation
details. Rather than writing code directly, users often describe what
they want in natural language and iteratively refine the generated
output. While this lowers the barrier to interface creation, it also
introduces new challenges: users may lack the domain knowledge
needed to specify important functional requirements [13], may
struggle to progressively articulate design decisions [50], and may
find it difficult to phrase effective prompts for downstream code
generation [34]. Prior work on generative tools and prompt-based
creation suggests that these challenges can limit users’ ability to
communicate meaningful requirements and maintain control over
the resulting system [8, 17, 67]. Based on these challenges, we
derived the following design goals to guide the design of QGF.

• DG1: Support interface design when users have incom-
plete domain knowledge. Users engaging in vibe coding
may not fully understand the domain logic behind the sys-
tem they want to build. For example, a user designing a
diving-scoring interface may not know how scores are cal-
culated, what data must be collected, or how different roles
interact with the system. Prior work shows that when users
work with generative tools, gaps in domain knowledge can
make it difficult to express meaningful requirements [62, 71].
Therefore, the tool should help users clarify core domain
concepts, data attributes, and workflows before moving into
interface-level decisions.

• DG2: Support progressive requirement specification.
Users often begin vibe coding with only a partial or vague
idea of the interface they want to create. As a result, they
may overlook important considerations such as use context,
interaction flow, priorities, and constraints. Rather than ex-
pecting users to provide a complete specification upfront,
the tool should help them progressively develop and refine
their requirements through structured guidance.

• DG3: Help users phrase effective prompts for down-
stream code generation. Even when users have a reason-
able idea of what they want to build, translating that idea
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into an effective prompt for an LLM remains difficult. Prior
work suggests that prompt-support tools often still assume
that users know the right terminology and can clearly ar-
ticulate task-specific details. Therefore, the tool should help
users transform their project description, requirements, and
preferences into a structured prompt that helps with down-
stream code generation over ad hoc writing.

4 Question-Guided Format (QGF) Chatbot
To address these design goals, we developed the QGF chatbot.
QGF combines a lightweight project intake, domain-attribute step,
category-based questionworkspace, and structured prompt-compilation
process to help users construct robust initial prompts. Together,
these components help users clarify domain concepts (DG1), pro-
gressively specify interface requirements (DG2), and transform
those requirements into a code-generation-ready prompt (DG3).

4.1 Project Intake and Domain Attributes
The interaction begins with a chat-style prompt asking users to
describe their project in 1-3 sentences (Figure 2a). Users can provide
a short description of the interface they wish to build and provide
some high-level details about what the interface should support,
such as browsing multiple items, selecting entries, or updating
content based on user input. This initial description is stored as the
project summary and used to initialize later question generation.

After intake, QGF asks for domain-specific attributes and termi-
nology needed to describe the application content. For example,
in a hypothetical fantasy-creature encyclopedia application (a sce-
nario we explore in our user study), users may specify what fields
they would like to view, such as what species the creature is or
its habitat, magical abilities, and danger level. Users who already
have a schema in mind can skip this step through an explicit SKIP
option. If provided, these attributes are stored as part of the project
specification and reused in later prompts.

4.2 Category-Based Questions
After the initial intake, the interface transitions to a structured
workspace organized into five categories: Usage Scenarios, Tone,
Core Interactions, Salience, and Anti-features (Figure 2b).

These categories come from well-established findings in psy-
chology and behavioural science. Questions about usage scenario
draw on context-of-use and situated behaviour [41]; feeling and
personality relate to emotional design and product personality [69];
core interactions align with goal-directed behaviour and mental
models [27]; salience and flow reflect limited attention and visual
hierarchy [53]; and anti-features capture avoidance [63], loss aver-
sion [47], and reactance [51]. We chose to use these categories in
our QGF design to ensure that participants would consider multiple
dimensions of the interface design when describing their desired UI.
By organizing prompts around this established framework, we help
users to articulate aspects of their design that might otherwise re-
main implicit in free-form prompting. This structured approach also
helps reduce ambiguity in user intent and supports more deliberate
and comprehensive prompt formulation.

In the QGF interface, each category is shown as a separate section
with a short description and includes three questions at a time. This

paging strategy keeps the workspace compact and allows users to
focus on one small set of decisions before moving on. Each question
is presented as a card with a question stem, a set of predefined
options, and an optional freeform text box for elaboration. The
predefined options support fast selection and make answers easier
to aggregate later. The freeform field allows users to add details that
are not captured by the listed choices. At the end of the question
block for a category, there is a Generate more button that lets
users request additional questions within the current category.

4.3 Question Generation
To generate questions for the QGF chatbot, we use a Gemini model
to generate questions from category-specific templates conditioned
on the project description and any domain attributes collected ear-
lier. The specific model used in our implementation is described in
Section 4.5. Each category focuses on a different aspect of interface
requirements. Usage Scenarios capture when and where the inter-
face will be used. Tone/Vibe asks about the desired emotional and
stylistic character of the interface. Core Interactions focuses on the
main user actions the interface should support. Salience captures
what should be visually prioritized or de-emphasized. Anti-features
record patterns, elements, or behaviours the user wants to avoid.

4.4 From Answers to Code-Generation Prompts
As users answer questions, the technique stores responses in a struc-
tured representation containing the project summary and optional
domain attributes, as well as the selected options and freeform
elaborations from the category-based questions. Once enough in-
formation has been collected, the technique compiles these inputs
into a code-generation prompt (Figure 3). The compiled prompt
summarizes the application goal, key interface features, usage con-
ditions, stylistic preferences, priorities, and non-goals, and formats
them as instructions for Gemini to generate interface code.

Instead of forwarding the raw interaction history, the tool pro-
duces a condensed specification that highlights the information
most relevant for code generation. This helps preserve useful de-
tails from the elicitation process while reducing redundancy and
ambiguity in the final prompt.

4.5 Implementation
We implemented QGF as a web-based prototype using HTML, CSS,
and JavaScript for the frontend and Node.js/Express for the backend.
The frontend presents the chat-style intake, domain-attribute step,
and category-based question workspace, while the backend man-
ages question generation, response aggregation, and prompt con-
struction. The current prototype uses gemini-3.1-pro- preview
for question generation and downstream code-generation

5 User Study
We conducted a within-subjects study to examine how two AI
chatbot formats, Free-form format (FFF; a standard baseline) and
QGF (our technique), shaped users’ experiences of building UIs with
GenAI. In FFF, participants interacted with the chatbot through
a conventional free-form text box, similar to widely used GenAI
chat systems. In QGF, participants developed their prompts by
responding to structured, category-based questions designed to
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(a) Project intake and domain clarification. (b) Category-based requirement questions.

Figure 2: A visualization of the user interface for QGF: (a) The chat-style project intake interface, where users briefly describe
the application they want to build. The technique follows up with an optional domain-understanding question to clarify key
concepts and terminology. (b) One of the five category-based question sets is shown here. This one asks questions regarding
Usage Scenarios. Users answer the generated multiple-choice questions and optionally elaborate in the provided text field.
Each category presents a small batch of questions at a time to support incremental requirement collection.

Figure 3: The final QGF code-generation view, where the sys-
tem compiles user responses into an optimized prompt and
displays generated interface code for downstream implemen-
tation.

scaffold requirement formulation. Through this comparison, we
investigated the following research questions (RQs):

• RQ1: How does chatbot input structure influence users’
prompt formulation strategies and efficiency during UI de-
velopment?

• RQ2: How do different prompting interfaces shape users’
perceptions of control, ownership, and satisfaction when
working with GenAI?

• RQ3:What tradeoffs emerge between structured and free-
form prompting in terms of efficiency, iteration, and user
experience?

5.1 Participants
We recruited 12 participants from the university community (age
range: 19 to 34; 6 self-identified as female and 6 as male). On 5-point
scales, participants reported their programming experience (Mdn =
4, SD = 0.90), web development experience (Mdn = 3, SD=0.78), and
exposure to GenAI tools (Mdn = 4, SD = 0.85). Participants reported
using ChatGPT (10), Gemini (9), Claude (8), GitHub Copilot (5),
Perplexity (2), and DeepSeek (1).

5.2 Apparatus
We ran the study in person. Participants used a web browser to
access our custom web-based interface for interacting with the
chatbots. The interface supported both study conditions: a baseline
FFF (Figure 4), in which participants entered prompts in an open-
ended chat interface, and our QGF, in which participants responded



Conference acronym ’XX, June 03–05, 2018, Woodstock, NY Sejal Agarwal, Helen Weixu Chen, Daniel Vogel, and Anamaria Crisan

to structured questions to help formulate their prompts before
code generation. This setup allowed us to compare a familiar free-
form prompting workflow against our guided prompting approach
within the same experimental environment. The whole session was
audio- and screen-recorded, and the study software logged partici-
pants’ prompts and task duration. Screen and audio recordings were
collected with consent. Participants took part voluntarily without
compensation. The study is approved by a University of Waterloo
research ethics board.

5.3 Procedure
Each participant completed two UI creation tasks (building a fantasy
creature encyclopedia and building a planet discovery interface),
one using the FFF chatbot and one using the QGF chatbot. The
order of chatbot conditions, as well as the two different tasks, was
counterbalanced using a Latin square design.

Introduction (∼2 minutes). – Participants first completed a con-
sent form and a demographic questionnaire. They were then in-
troduced to the study procedure and told that they would use two
different chatbot interfaces to complete UI-building tasks.

Task 1 (∼25 minutes). – Participants were assigned to use either
the FFF or QGF chatbot for the first UI-building task, and were
encouraged to use the chatbot. Users were allowed to iterate on
their interface by providing the chatbot with additional prompts.

Post-Task Survey (∼3 minutes). – After completing the first task,
participants completed the NASA-TLX questionnaire to assess per-
ceived workload [21]. They also responded to two 5-point Likert-
scale items (1 = strongly disagree, 5 = strongly agree): (1) The final
result reflected my intentions. and (2) I felt ownership over the final
interface that was created.

Task 2 (∼25 minutes). – Participants then repeated the process
with the chatbot they had not experienced before, and were tasked
with a similarly scoped UI-building task.

Post-Task Survey (∼3 minutes). – After completing the second
task, participants again completed the NASA-TLX questionnaire
and the same 5-point Likert-scale questions, allowingwithin-subjects
comparison between the two chatbot formats.

Semi-Structured Interview (∼10 minutes). – After completing
both tasks, participants took part in a short semi-structured inter-
view. We asked open-ended questions comparing their experiences
with QGF and FFF, including which chatbot they preferred, what
strengths and limitations they perceived in QGF, how they would
redesign QGF, and how much control or ownership they felt when
coding with each chatbot.

5.4 Design and Tasks
To avoid repetition effects, we designed two different but compara-
ble UI-building tasks and assigned one to each chatbot condition.
The two tasks were an Alien Planet Discovery Interface and a Fan-
tasy Creature Encyclopedia. Full task prompts can be found in the
Appendix A. We selected familiar and open-ended task topics so
that participants would have some knowledge, but may not be
deeply familiar with them or how to design an interface effectively

for the task. To keep the tasks comparable in scope, both required
participants to build a webpage in JavaScript, HTML, and CSS with
the same three functional requirements: (1) a way to display multi-
ple items, (2) a way for users to interact with or select items, and (3)
a detailed view of a selected item. We intentionally defined these
features at a high level rather than prescribing specific implementa-
tions, allowing us to better observe how participants interpreted the
task and interacted with the chatbot while developing a solution.

5.5 Data Analysis
We conducted quantitative and qualitative analyses. Quantitatively,
we compared task duration, prompt word count, NASA-TLX scores,
and Likert scale ratings for how the final result reflected partici-
pants’ intentions across conditions using Wilcoxon signed-rank
tests. We also report 95% bootstrapped confidence intervals for the
mean differences. Qualitatively, we conducted a thematic analysis
[64] of the interview transcripts to identify perceived tradeoffs,
prompting strategies, and user preferences.

Figure 4: A visualization of the user interface for Free-form
Format (FFF).

6 Results
This section presents the quantitative and qualitative findings com-
paring QGF and FFF across workload, task performance, and user
experience. We report both statistical results and participant per-
ceptions to provide a comprehensive understanding of how each
approach shapes UI generation.

6.1 [RQ1:] Comparable Workload with
Differences in Efficiency and Prompt
Revisions

Participants completed the UI-building tasks without major diffi-
culty in both conditions.

6.1.1 Cognitive Workload. Participants reported comparable work-
load between QGF and FFF across all six NASA_TLX dimension.
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None of the differences between conditions reached statistical sig-
nificance. Using mean differences computed as FFF − QGF, the
largest differences were in Effort by -2.33 (95%CI[-7.049, 0.900],
𝑝 = .275), Mental Demand by -2.25 (95%CI[-5.632, 1.020], 𝑝 = .193),
Physical Demand by -1.33 (95% CI[-4.612, 0.694], 𝑝 = .328), Perfor-
mance by -1.00(95% CI[-6.026, 4.034], 𝑝 = .691), Frustration by 0.08
(95% CI[-3.939, 3.595], 𝑝 = .961), and Temporal Demand by -0.08
(95% CI[-1.165, 1.162], 𝑝 = .750).

6.1.2 Task Duration. Participants completed the tasks faster with
FFF than with QGF (Figure 5). On average, task duration was 15.58
minutes shorter with FFF than QGF (95% CI [-25.91, -8.42], 𝑝 = .002).
This difference likely reflects that much of the additional time in
QGF was spent on generating and working through the category
questions before moving on to implementation.

0 5 10 15 20 25 30 35 40
Duration (mins)

FFF

QGF

Figure 5: Task duration by technique.

6.1.3 Revision Prompts. Participants produced substantially more
revision text with FFF than with QGF. We also examined the num-
ber of words participants typed when revising a prompt after being
dissatisfied with an initial generation (Figure 6). This measure cap-
tures how much text participants entered to adjust the chatbot’s
next generation. The two conditions showed a difference of 24.25
words on average (95% CI [7.86, 55.69], 𝑝 = .012).

(RQ1) Finding:While participants spent more time developing
interfaces with QGF, they also made fewer revisions using subse-
quent prompts afterwards.

0 20 40 60 80
Number of Words in Revision Prompts

FFF

QGF

Figure 6: Revision prompts word count by technique.

6.2 [RQ2:] Satisfaction, Intention Reflection,
and Ownership

Overall, most participants preferred using the QGF chatbot (66.6%,
𝑛 = 8) over the FFF chatbot (33.3%, 𝑛 = 4). Participants also reported
comparable ratings of intention reflection and ownership between
QGF and FFF. On a 5-point scale, ratings of whether the final results
reflected participants’ intentions were nearly identical across condi-
tions, differing by only -0.08 points (95% CI[-0.925, 0.840], 𝑝 = .984).
Ratings of ownership were also similar, with FFF rated 0.50 points
lower than QGF on average (95% CI[-1.116, 0.468], 𝑝 = .246).

These results were also reflected in the interview. When asked
whether participants felt more ownership over the generated web-
site, several participants (P2, P4, P6, P11, P12) reported that they
felt no difference in ownership when using either chatbots as they
“don’t feel any ownership when I produce a system, a code with AI
models” (P11) and because “you didn’t interact with the code directly”
(P12). There were participants who said that they felt more owner-
ship with QGF (P1, P3, P5, P8, P9), as they “had more input in the
process” (P1); however, several did say that the ownership they felt
using QGF over FFF was quite marginal.

(RQ2) Finding:Most participants preferred developingwith QGF;
however, they did not feel a significant degree of ownership over
the final result when developing with either QGF or FFF.

6.3 [RQ3:] Participant Preferences and
Perceived Differences Between QGF and FFF

6.3.1 Prompt Formulation and Guidance. Participants consistently
described QGF as supportingmore deliberate and structured prompt
construction, while FFF required users to determine both the con-
tent and level of detail their prompts should include. Most partic-
ipants (𝑛 = 10, 83.3%) described how QGF encouraged them to
think more critically about what their website should include and
look like. For instance, participants noted that QGF “made them
think more” (P1) and that it was “really good at forcing me to un-
derstand what my product would look like before the AI generated it”
(P10). Whereas with FFF, participants felt uncertain, as “if you’re
just using the prompt, I’m afraid of like missing any details or any
aspect.” (P6). Others similarly indicated that they “just don’t know
how much information you have to put there” (P7). These findings
suggest that QGF provides guidance that supports more intentional
prompt formulation, whereas FFF places greater responsibility on
users to structure and scope their inputs.

6.3.2 Creativity and Design Exploration. Participants described
both systems as supporting creativity in different ways. QGF was
often seen as providing inspiration through its structured options,
while FFF allowed for more open-ended exploration. Several partici-
pants (P5, P6, P7) highlighted how QGF supported creativity during
the design process. As P6 explained, “I can choose some options and
also I can get some inspiration, [and] even if sometimes the options
doesn’t work for me, I can think of something better.” This indicates
that the options provided by QGF not only guide users but can
also serve as a source of inspiration, helping them expand or refine
their ideas. However, other participants (P1, P7, P10, P11) felt that
QGF constrained their creativity. They noted that “the bounds for
what the website would look like are framed by the questions” (P1)
and that “QGF was kind of restrictive” (P11). Three participants (P7,
P10, P11) expressed a preference for more open-ended input, “so
that I could think [myself] and added... my own thoughts to it in-
stead of choosing one of the suggested options by the system.” (P11).
Conversely, FFF was associated with greater flexibility, allowing
participants to explore ideas more freely, though sometimes at the
cost of direction or clarity. For example, one participant noted that
with “[FFF], I didn’t have anything in mind” (P2), reflecting how the
open-ended format may leave users without clear starting points
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or ideas. Therefore, QGF and FFF support creativity in complemen-
tary ways: QGF provides structured inspiration that can guide idea
development, while FFF enables open-ended exploration but with
less support for forming initial concepts.

6.3.3 Iteration Speed and Workflow Efficiency. Participants de-
scribed clear differences in how the two systems supported iteration
and workflow speed. Many participants (P1, P4, P5, P8, P9, P10, P12)
reported that QGF was time-consuming when developing an in-
terface. For example, participants expressed a desire for “a faster
iteration cycle” (P1) and noted that they were “not [able] to see
where it was going” (P5), as it “took a long time to get the results”
(P4). Meanwhile, FFF allowed participants to “get an initial sense of
what it output very quickly” (P1). This immediacy supported rapid
exploration and refinement, even if it sometimes required more
revisions. These responses suggest that, while QGF supported more
structured prompt construction, participants preferred a workflow
that allowed for quicker iteration and more immediate feedback.

6.3.4 Interaction Friction and System Limitations. Participants iden-
tified different sources of interaction friction in QGF and FFF, re-
lated to structure, repetition, and familiarity. For QGF, a commonly
reported issue was the repetition of questions throughout the inter-
face (P1, P2, P3, P5). Participants pointed out “repeat[s] of [earlier]
questions” (P1) and felt that “some of the questions were really similar”
(P5). This repetition suggests a limitation in how the system main-
tains and utilizes prior context, leading to redundant interactions
and a less fluid experience. In contrast, FFF was perceived as easier
to use due to participants’ prior familiarity with similar systems.
Two participants (P1, P10) noted that interacting in a free-form
format felt more natural, with P1 explaining that “the other large
language models that I’ve gotten used to working with... ask questions
in more of a freeform format, and so it felt more familiar”. This famil-
iarity reduced interaction friction, even though FFF required more
effort in constructing prompts. Overall, participants perceived QGF
and FFF as introducing different types of interaction tradeoffs.

(RQ3) Finding: Participants liked QGF’s support for reflection
and structured prompt formulation, but disliked its increased time
cost and had mixed views on its impact on creativity.

7 Discussion
This section synthesizes our key findings and contributions, ex-
plores design implications for AI-assisted development tools, and
discusses limitations and directions for future work.

7.1 Key Findings and Contributions
This work investigates how structured and free-form prompting
interfaces shape user behaviour and experience in GenAI-assisted
UI development. Our findings highlight several key contributions.

We demonstrate that structuring prompt input through question-
guided formats (QGF) fundamentally changes how users approach
prompt construction. Rather than iteratively refining outputs through
trial and error, participants using QGF engaged in more deliberate
upfront planning, reflecting on features, constraints, and design
goals before generating a UI. This suggests that interface design
can meaningfully influence not just what users produce, but how

they think through a task. Our findings extend prior work on struc-
tured prompting templates [40, 44], which showed that scaffolded
inputs can reduce ambiguity. Our work demonstrates that these
benefits transfer to complex, open-ended UI development tasks
where requirements are often ill-defined [38].

Next, we identify a clear tradeoff between upfront guidance
and iterative efficiency. While QGF increased task duration due
to the time required to work through structured questions, it also
reduced the need for subsequent revisions. In contrast, free-form
prompting (FFF) enabled faster initial interaction and rapid iter-
ation, but required more frequent and extensive prompt refine-
ment. These findings highlight two distinct interaction paradigms:
planning-oriented prompting versus iteration-oriented prompt-
ing. This aligns with Zamfirescu-Pereira et al. [70]’s observation
that non-expert users struggle to construct effective prompts from
scratch, and suggests that structured interfaces can compensate for
limited AI literacy without requiring users to learn explicit prompt
engineering strategies.

Our results also illustrate that structured guidance shapes users’
creative processes in nuanced ways. QGF supported creativity by
providing inspiration and prompting reflection, but was also per-
ceived as constraining by limiting the space of possible designs.
FFF, on the other hand, allowed for more open-ended exploration,
though often at the cost of direction and clarity. Findings from AI-
assisted ideation research similarly illustrate that structured scaf-
folding can both support and constrain divergent thinking [35, 62].
This demonstrates that creativity in GenAI systems is not solely
a function of model capability, but it is also mediated by interface
design.

Lastly, despite minimal differences in perceived ownership and
control, most participants preferred QGF over FFF. This suggests
that users may value guidance and structure in the design process,
even when it introduces additional time costs. Together, these find-
ings contribute to a better understanding of how input structuring
influences prompting behaviour, user experience, and interaction
strategies in AI-assisted development.

7.2 Design Implications: Structuring Guidance
Without Limiting Creativity

Our findings suggest several important implications for the design
of future GenAI coding interfaces.

Structuring prompting as a guide rather than a constraint ap-
pears to be particularly effective. QGF demonstrates that guiding
users through well-organized questions can help them clarify goals,
identify relevant details, and reduce uncertainty when construct-
ing prompts. Interfaces that provide this type of guidance can be
especially valuable for novice users or those less familiar with a
domain. By prompting users to consider elements they might oth-
erwise overlook, the process ensures that important or relevant
information is included while still encouraging creative exploration.

At the same time, while QGF promotes more careful consid-
eration of design choices, it requires additional time to answer
all of the questions. Designers of GenAI interfaces may benefit
from hybrid approaches that preserve the advantages of structured
guidance while maintaining rapid feedback loops to support iter-
ative exploration. The format of the questions can also be varied
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to suit their purpose—for example, open-ended questions may be
more suitable for capturing the overall atmosphere or style of a
UI, whereas multiple-choice or selection-based questions can help
specify concrete interactions with finite options.

Finally, our study highlights that no single prompting format
is universally superior. Structured interfaces enhance deliberation
and confidence, whereas free-form interfaces support speed and
flexibility. Future designs might allow users to dynamically toggle
between structured and free-form modes, or combine elements of
both, balancing reflection with efficiency.

By evaluating QGF as a technique, we gain insight into how
structured input shapes prompting behaviour and uncover strate-
gies that can improve both user experience and effectiveness in
AI-assisted UI development. More broadly, our findings carry im-
plications for AI system designers beyond prompt engineering.
Rather than treating prompt quality solely as a user skill to be culti-
vated through training or documentation, our results suggest that
it can be directly shaped through interface-level design decisions.
AI system designers can embed requirement elicitation strategies
such as category-based questioning, progressive disclosure, and
structured compilation directly into the interaction layer of GenAI
tools. This reframes a traditionally user-side challenge as a system
design opportunity, offering concrete guidance for how future AI
development tools can be architected to support more intentional,
reflective, and effective human-AI collaboration from the outset.

7.3 Limitations and Future Work
Our findings should be interpreted in light of several limitations.
As a preliminary, exploratory study, this work was designed to
investigate whether question-guided prompting couldmeaningfully
shape how users formulate requirements and interact with an LLM
during early-stage UI generation. Accordingly, these results should
be interpreted as highlighting the potential benefits and trade-offs
of this approach, rather than providing definitive evidence of its
effectiveness across different contexts and settings.

First, this was a small within-subjects study with 12 participants
recruited from one university community. Although this sample
was appropriate for an initial investigation, it limits the generaliz-
ability of our findings to broader populations, such as professional
developers, domain experts, or users with limited coding experi-
ence. Participants in our study were also relatively familiar with
GenAI tools, which may have influenced how easily they adapted
to both chatbot formats.

Second, our study focused on two short, controlled UI-building
tasks in specific domains. While this allowed us to compare FFF
and QGF under consistent conditions, it also limits the scope of our
conclusions. The questions used in QGF were designed around the
needs of these particular tasks and domains, and may not transfer
directly to other types of interfaces or software projects. Real-world
development often involves more open-ended goals, evolving re-
quirements, debugging, and iterative refinement over time. As a
result, our findings primarily reflect early-stage requirement articu-
lation in a constrained setting, rather than end-to-end development
practice across domains.

Third, we evaluated one specific implementation of a question-
guided interface. The effects we observed may depend not only

on the presence of structured guidance, but also on how that guid-
ance was designed, including the choice of question categories, the
wording and order of questions, pacing of the interaction, and the
way responses were compiled into a final prompt. In addition, our
prototype relied on a particular model configuration. Other LLMs
may respond differently to both free-form and structured inputs.

Finally, our evaluation focused primarily on process-oriented
measures, such as task duration, workload, prompting behavior, and
perceived control.We did not systematically assess the quality of the
final generated interfaces, such as their correctness, completeness,
usability, or maintainability. Without such artifact-level analysis,
it remains unclear whether the benefits of guided prompting for
reflection and structure translate into better design outcomes.

These limitations point to several directions for future work. A
first next step is to refine the design of QGF itself. For example,
future iterations could reduce redundancy, simplify or merge over-
lapping questions, and make the questioning process more adaptive
to the user and task. Rather than presenting the same fixed set of
categories to all users, a next-generation QGF could ask fewer but
more targeted questions based on the project description, the user’s
expertise, or the stage of the design process. This may help preserve
the reflective benefits of structured guidance while reducing the
sense of burden or interruption.

Future work should also examine how question-guided prompt-
ing performs in more realistic and longitudinal development set-
tings, where users return to the same project over time and en-
gage in broader workflows that include revising requirements,
debugging, and refining generated code. In addition, it would be
valuable to explore hybrid interfaces that combine the speed and
openness of free-form prompting with the scaffolding benefits of
question-guided input. For instance, users might begin with free-
form ideation and then selectively invoke structured guidance when
clarifying requirements or resolving ambiguity. Finally, future stud-
ies should evaluate not only user experience, but also the quality of
generated artifacts across different domains, in order to better un-
derstand when and for whom guided prompting is most beneficial.

8 Conclusion
We presented a within-subjects study comparing two prompting
formats for GenAI-assisted UI creation: FFF and QGF. Our findings
show that the two formats supported different interaction styles
and tradeoffs. FFF enabled faster task completion but more revi-
sion after initial generation, while QGF encouraged participants to
reflect on design requirements and structure their requests more
explicitly. At the same time, participants reported comparable work-
load, intention reflection, and ownership across the two conditions.
Taken together, these findings suggest that prompting format is
not a neutral interface choice. Rather, it shapes how users plan,
communicate, and maintain agency when working with GenAI
systems. By surfacing the trade-off between speed and guidance,
our work contributes empirical evidence for the design of future
AI-assisted development tools and points toward hybrid interfaces
that better balance flexibility with reflective support.
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A Tasks
A.1 Alien Planet Discovery Interface
You are asked to create a simple planet discovery webpage that
allows users to explore fictional planets. Your webpage must include
the following three interactive features:

• A way to display/view multiple items
• A way for users to interact with or select items
• A detailed view of a selected item

Please use JavaScript, HTML, and CSS to develop the website.
You will use theAI tool provided to assist with your development.

We are not evaluating your coding ability. Instead, we are study-
ing how you interact with the AI tool while completing a devel-
opment task. Please try to spend no more than 25 minutes on this
task. You may stop at any time.

A.2 Fantasy Creature Encyclopedia
You are asked to create a simple fantasy creature encyclopedia
webpage that allows users to explore fictional creatures. The crea-
tures can be entirely fictional (for example: dragons, forest spirits,
shadow beasts, etc.). You may design the creatures and interface
however you like. Your webpage must include the following three
interactive features:

• A way to display/view multiple items
• A way for users to interact with or select items
• A detailed view of a selected item
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Please use JavaScript, HTML, and CSS to develop the website.
You will use the AI tool provided to assist with your development.

We are not evaluating your coding ability. Instead, we are study-
ing how you interact with the AI tool while completing a devel-
opment task. Please try to spend no more than 25 minutes on this
task. You may stop at any time.


	Abstract
	1 Introduction
	2 Related Work
	2.1 GenAI Chatbots for Early-Stage Development
	2.2 AI Literacy and Prompting
	2.3 AI‑Mediated Learning and Guided Inquiry

	3 Design Goals
	4 Question-Guided Format (QGF) Chatbot
	4.1 Project Intake and Domain Attributes
	4.2 Category-Based Questions
	4.3 Question Generation
	4.4 From Answers to Code-Generation Prompts
	4.5 Implementation

	5 User Study
	5.1 Participants
	5.2 Apparatus
	5.3 Procedure
	5.4 Design and Tasks
	5.5 Data Analysis

	6 Results
	6.1 [RQ1:] Comparable Workload with Differences in Efficiency and Prompt Revisions
	6.2 [RQ2:] Satisfaction, Intention Reflection, and Ownership
	6.3 [RQ3:] Participant Preferences and Perceived Differences Between QGF and FFF

	7 Discussion
	7.1 Key Findings and Contributions
	7.2 Design Implications: Structuring Guidance Without Limiting Creativity
	7.3 Limitations and Future Work

	8 Conclusion
	Acknowledgments
	References
	A Tasks
	A.1 Alien Planet Discovery Interface
	A.2 Fantasy Creature Encyclopedia


