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Abstract 
The integration of generative artificial intelligence (GenAI) into 
design processes raises fundamental questions about behavioral 
patterns in human-GenAI interaction. This study examines how 
16 professional designers interact with GenAI tools during con-
cept development through a mixed-methods approach including 
pre/post-task questionnaires, video-based behavior analysis, and 
digital interaction tracking. Results reveal a critical distinction be-
tween reflective usage modes and creative modes, with differenti-
ated cognitive impacts. Analysis of communication loops shows 
significant correlations between interaction difficulties and final 
design output quality. Three distinct clusters emerge: designers 
with fluid, problematic, and adaptive interaction patterns. By pro-
viding a methodological framework for evaluating GenAI tool ef-
fectiveness in design practice, this research contributes to theo-
retical understanding of behavioral processes in human-GenAI 
co-creation. Findings reveal specific strategies and workflow adap-
tations that optimize designer-GenAI collaboration, informing both 
design methodology and human-computer interaction practice. 

CCS Concepts 
• Human-centered computing → Empirical studies in HCI. 

Keywords 
Creativity Support, Design, Design Research Methods, GenAI 
ACM Reference Format: 
Elena Cavallin and Simone Spagnol. 2026. When Designers Sweat: Be-
havioral Traces of GenAI Co-Creation. In Proceedings of the 2026 CHI 
Conference on Human Factors in Computing Systems (CHI ’26), April 13– 
17, 2026, Barcelona, Spain. ACM, New York, NY, USA, 17 pages. https: 
//doi.org/10.1145/3772318.3791776 

1 INTRODUCTION 
The rapid proliferation of Generative Artificial Intelligence (GenAI) 
tools has fundamentally transformed creative industries, with de-
sign practice experiencing particularly significant disruption. Pro-
fessional designers now routinely integrate AI-powered systems 
for ideation, visualization, and concept refinement, yet the underly-
ing interaction dynamics between humans and AI agents during 
creative processes remain poorly understood. This knowledge gap 
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represents a critical challenge for the Human–Computer Interaction 
(HCI) community as we seek to design more effective collabora-
tive interfaces and to understand the evolving nature of human 
creativity in AI-augmented contexts. Prior HCI work highlights 
persistent frictions in communicating intent to AI [35], the itera-
tive and sense-making nature of prompt journeys in text-to-image 
workflows [20], and the non-linear character of human–AI cre-
ative collaboration [36], underscoring the need for phase-aware 
interaction design. 

Evidence from professional practice indicates strong interest in 
GenAI alongside concerns about control, consistency, and author-
ship in real projects [18]. At the workflow level, studies show that 
prompt formulation and evaluation are rarely one-shot activities 
but involve iterative exploration and reframing [1, 20]. Moreover, 
communication via text alone can impose translation costs on vi-
sual intent, motivating multimodal and mixed-initiative approaches 
to tighten the intent–output loop [16, 33]. These dynamics are par-
ticularly salient in concept development, a phase that demands 
both divergent exploration and convergent refinement [7]. Clas-
sic accounts of design thinking emphasize framing/reframing and 
reflection-in-action [6, 26], and contemporary HCI work shows that 
GenAI can broaden exploration, but may also increase fixation if not 
carefully steered [31]. Co-creativity frameworks further argue that 
collaboration quality depends on how agency and communication 
are organized between human and AI partners [24, 25]. However, 
empirical analyses of how professional designers navigate these 
challenges under time pressure on authentic tasks remain limited. 

Although the HCI community has advanced our understanding 
of human–AI collaboration in general, systematic knowledge of 
designer–GenAI interaction patterns during concept development 
is still fragmentary. Existing work offers insight into prompt de-
sign and communication challenges [20, 35], creative AI system 
design and co-creativity [24, 25], and professional perceptions of 
GenAI [18], but lacks an integrated, mixed-methods account con-
necting temporal interaction patterns (ideation → development → 
refinement), communication loops, and strategy profiles to the qual-
ity of outcomes on authentic design problems. Moreover, most 
studies treat design as a monolithic activity rather than examining 
phase-specific requirements and interaction needs; comparative 
evidence already suggests that sketch-guided and prompt-guided 
approaches lead to different cognitive trajectories and networks 
of ideas [16]. Finally, although iterative dialogue is recognized as 
central to co-creativity, we have limited understanding of what con-
stitutes effective designer–GenAI communication in exploratory 
work and how to mitigate unproductive looping [1]. 
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These gaps carry practical consequences for both system de-
sign and professional practice. Tools are often built without a fine-
grained model of how designers actually collaborate with GenAI 
during concept development, resulting in interfaces that under-
support phase transitions and constraint management [24, 25]. 
Likewise, practitioners lack systematic guidance on collaboration 
strategies that balance aesthetic breadth with adherence to require-
ments [18, 31]. 

1.1 Research Questions 
This study addresses the systematic understanding gap through 
three specific research questions that examine different facets of 
designer–GenAI interaction during concept development: 

RQ1: What interaction patterns emerge when professional 
designers use GenAI tools during concept development? This 
question investigates the temporal dynamics, communication se-
quences, and behavioral patterns that characterize designer–AI col-
laboration, building on theoretical frameworks from co-creativity 
research [25] while extending them to authentic professional prac-
tice contexts. 

RQ2: How do communication loops and iterative dialogue 
affect both design quality and designer experience during 
concept development? This question examines the effectiveness 
of different communication strategies, investigating when commu-
nication breakdowns occur, how they are resolved, and what factors 
are associated with successful collaborative exchanges [1, 20]. 

RQ3: What strategies do professional designers develop to 
optimize GenAI collaboration during concept development, 
and how do these strategies relate to design outcomes? This 
question focuses on the adaptive behaviors and emergent practices 
that experienced designers develop when working with AI sys-
tems, contributing to our understanding of expertise in human–AI 
collaborative contexts [18, 36]. 

1.2 Research Approach 
We address these questions through a mixed-methods study. Our 
methodological approach integrates behavioral observation, inter-
action tracking, questionnaires, and interviews to provide a compre-
hensive account of designer–GenAI collaboration, linking process 
traces to expert evaluations of the resulting concepts. This approach 
builds on established evaluation perspectives for human–AI col-
laboration and creative systems [8, 11] while introducing a phase-
sensitive analysis of interaction patterns during concept develop-
ment. The study engages 16 professional designers (1–10+ years of 
experience) in a design task using their preferred GenAI tools. The 
analytical framework combines quantitative analyses of interac-
tion patterns with qualitative accounts of strategy and experience, 
allowing both systematic pattern identification and fine-grained 
interpretation relevant to practice [16, 18]. 

2 RELATED WORK 
Research on human–AI co-creativity has shifted from viewing AI as 
a passive tool to treating it as an active collaborator that negotiates 
initiative, control, and explanation over time. A recent systematic 
review of 93 papers on designer-AI collaboration [27] identified 
three core themes: AI assisting designers, designers assisting AI, 

and the characterization of designer-AI collaboration dynamics. 
Frameworks from HCI and design research (e.g., [25]) articulate 
how collaboration quality depends on communication channels and 
agency distribution, anticipating the need for systems that adjust 
to users’ goals and to phase changes within a task. This lens is 
essential to our study: if concept development is inherently fluid, 
then collaboration must also be fluid, i.e., able to pivot between 
exploratory and convergent moves without trapping designers in 
unproductive cycles. 

Communication is at the heart of this fluidity. Work on prompt 
design shows that even expert practitioners encounter friction when 
translating intent into text instructions; users opportunistically try 
strategies, struggle to diagnose failures, and rarely receive feedback 
that clarifies whether the problem is the prompt or the model [35]. 
Studies of text-to-image workflows map this “prompt journey” as an 
iterative, sense-making process rather than a one-shot query [20]. 
Design probes and tools that externalize and scaffold this process 
(e.g., flexible prompt composition and parallel exploration) help 
people iterate more purposefully instead of looping blindly [1]. 
Complementary interfaces that go beyond text (sketches, scribbles, 
mixed-initiative refinements) further reduce the cognitive cost of 
communicating visual intent and can tighten the intent–output 
loop [16, 33]. Together, these findings motivate our focus on com-
munication loops: not as a nuisance of poor prompting, but as an 
emergent property of current interfaces that shapes quality, pace, 
and experience (RQ2). 

A second thread concerns the form of collaboration. Empirical 
accounts of human–AI co-design emphasize that creative work 
unfolds non-linearly: people bounce between partial ideas, rein-
terpret constraints, and revisit earlier decisions as new material 
appears [36]. GenAI tools can accelerate this motion, but they may 
also channel it in narrow grooves. Figoli et al. [10] found that con-
tinuous AI collaboration leads to AI-driven processes where the 
system assumes a "bossy groupmate" role, while discontinuous col-
laboration positions AI as an expert generating variance within 
human-driven processes. Other CHI studies begin to codify UX 
principles specific to GenAI (e.g., calibrated trust, capability bound-
aries, and context awareness) and show that poor calibration skews 
expectations and undermines control [34]. Professional practice re-
search echoes this ambivalence: designers value speed and breadth, 
yet fear loss of authorship and uneven quality without reliable 
ways to steer or audit the AI [18]. Our results speak directly to 
this tension: we observe operational modes that trade off aesthetics 
versus requirement adherence, and we show how meta-cognitive 
strategies (when to persist, pivot, or hybridize) separate productive 
from unproductive paths (RQ3). 

Finally, work that zooms into early-stage design clarifies why 
phase sensitivity matters. Comparative studies of sketch-guided ver-
sus prompt-guided concepting reveal qualitatively different think-
ing patterns and idea networks [16]; exposure to AI examples can 
broaden exploration but also increase fixation and reduce variety 
if not carefully managed [31]. Emerging tools attempt to bridge 
this gap through different modalities: Inkspire [19] supports sketch-
driven analogical exploration with a complete sketch-to-design-to-
sketch feedback loop, enabling designers to understand AI state and 
steer it toward innovative intentions. ImaginationVellum [21] intro-
duces a spatial canvas approach where "canvas is the prompt", 2D 
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arrangement, proximity, and composition of diverse elements guide 
generative outputs, supporting the non-linear nature of early-stage 
ideation. AIdeation [32] supports entertainment industry design-
ers through flexible reference search and image recombination, 
showing significant improvements in creativity and ideation ef-
ficiency. These systems exemplify the shift toward phase-aware, 
multimodal interfaces that our findings further motivate. However, 
Lee et al. [17] mapped existing AI design support systems onto the 
Double-Diamond model, finding that most tools concentrate on 
later phases (generating solutions) while early phases (discovering 
and defining problems) remain underserved. 

These findings foreshadow our central claim: concept develop-
ment is not one interaction mode but a sequence of micro-phases 
with different communication needs. Lightweight, rapid exchanges 
can be ideal for divergence, while refinement benefits from mech-
anisms that make constraints explicit, preserve coherence across 
iterations, and expose what the model can (and cannot) commit 
to. This gap between what current tools offer and what phases 
require frames our contributions: (i) an empirical account of phase-
specific patterns in professional GenAI use (RQ1), (ii) evidence on 
how communication loops and tool-switching relate to outcomes 
and experience (RQ2), and (iii) design implications for phase-aware 
interfaces that surface constraints, detect/mitigate unproductive 
loops, and progressively scaffold expertise (RQ3). 

3 STUDY DESIGN 

3.1 Objectives 
The experimental protocol was designed to explore the dynamics 
characterizing the interaction between professional designers and 
Generative AI systems during the ideation phase. The primary 
objectives were: 

(1) Identification and analysis of cognitive transforma-
tions: Investigating how interaction with GenAI influences 
designers’ cognitive processes, with particular attention to 
• the externalization of design thinking through prompts; 
• the capacity for idea refinement during co-creation; 
• strategies adopted to overcome communication loops when 
using AI tools for developing design solutions. 

(2) Evaluation of GenAI impact on complex tasks: Assess-
ing AI support in product concept design, a task character-
ized by 
• functional and formal complexity; 
• need for integration between practical and creative con-
straints; 

• requirement to create visual artifacts communicating tech-
nical details and usage scenarios. 

These objectives aimed to understand not only the operational role 
of GenAI, but also the cognitive implications these tools introduce 
in the design process, highlighting opportunities and limitations of 
co-creation. 

3.2 Focus on Concept Design 
The decision to concentrate research on the concept design phase is 
motivated by the cognitive relevance this stage holds in the design 
process [13]. Prior work characterizes the concept phase as a critical 

moment in which designers tackle complex, ill-defined problems 
within a “design space” shaped by the co-evolution of problem and 
solution [9]. This perspective entails a continuous redefinition of 
constraints and opportunities through iterative cycles aligned with 
the exploratory nature of idea generation. 

From a cognitive standpoint, the concept (front-end/preliminary) 
phase is particularly salient because designers repeatedly interpret, 
define, and redefine the task until a coherent problem construc-
tion and a satisfactory solution emerge [28]. Such work demands 
intensive framing and reframing, expressed through cycles of ex-
perimentation and evaluation that mirror the dynamics of problem 
solving; as Schön [26] notes, early phases are where designers, inde-
pendently of their specialization [6], actively test and probe design 
proposals, surfacing questions and doubts that guide subsequent 
moves. 

Moreover, investing in high-quality ideas early on, when changes 
are relatively inexpensive, can decisively influence project out-
comes [5]. In this context, GenAI can expand designers’ capaci-
ties by supporting ideation and evaluation, offering rapid gener-
ation of alternatives and thereby enabling broader exploration in 
compressed timeframes [1, 16]. The inherently iterative character 
of concept design thus provides an apt setting for examining de-
signer–GenAI interaction, where interfaces and communication 
modalities shape how intent is translated into workable directions. 

3.3 Methodology 
3.3.1 Participants. Sixteen professional designers were recruited 
through social media and professional networks. This sample size 
aligns with established practice in mixed-methods HCI research 
examining complex professional workflows, providing sufficient 
diversity for pattern identification while enabling deep qualitative 
analysis of individual cases. 

Participants were selected using multi-stage screening based on 
four criteria: (1) minimum one year of professional design experi-
ence; (2) positive perception of AI relevance in design; (3) at least 
six months of AI tool experience; and (4) regular AI usage in design 
practice. We prioritized recruiting designers with AI experience, 
so as to observe mature strategies and persistent challenges that 
emerge even with established familiarity. This selection strategy 
was intentionally aligned with our research questions, which focus 
on how experienced practitioners navigate designer-AI collabo-
ration challenges rather than comparing novice versus expert AI 
users. All participants were practicing designers with hands-on pro-
fessional experience, including client collaboration and real-world 
project delivery. Despite their varied specializations (including prod-
uct design, graphic design, UX/UI design, and design research), all 
participants had solid training in concept and design fundamentals. 
Table 1 reports additional participant information. 

All participants had experience with ChatGPT, with varying 
usage of image generation tools (Midjourney, Adobe Firefly, Stable 
Diffusion). Participants reported AI usage across different design 
phases: 75% during preliminary phases (moodboards, brief devel-
opment), 56% during image generation, and 44% during validation 
and refinement. 

3.3.2 Experimental Task. Participants were asked to develop an in-
novative immersion blender concept, producing three deliverables: 
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Table 1: Participant Information. 

ID Design Experience GenAI Experience Specialization Concept work involvement 
P01-E1-A3 1-3 years >2 years R&D design Concept & research 
P02-E4-A1 >10 years 6 months-1 year Product design Creative direction 
P03-E2-A2 3-5 years 1-2 years Product design Early-stage & ideation 
P04-E1-A2 1-3 years 1-2 years Graphic design Variable scope 
P05-E2-A2 3-5 years 1-2 years Product design Validation & ideation 
P06-E3-A1 5-10 years 6 months-1 year Product design Direction & 3D modeling 
P07-E2-A2 3-5 years 1-2 years Product design Visualization & image gen. 
P08-E2-A1 3-5 years 6 months-1 year Product design Sketching & UX 
P09-E4-A3 >10 years >2 years Product design Development & illustration 
P10-E2-A1 3-5 years 6 months-1 year Product design Visualization & composition 
P11-E2-A3 3-5 years >2 years UX/UI design Concept & interaction 
P12-E3-A2 5-10 years 1-2 years Product design Sketching & visualization 
P13-E1-A2 1-3 years 1-2 years Graphic design Variable scope 
P14-E2-A2 3-5 years 1-2 years Product design Concept & ideation 
P15-E4-A1 >10 years 6 months-1 year Product design Direction & coordination 
P16-E1-A2 1-3 years 1-2 years Graphic design Variable scope 

Note: Codes follow the format Pxx-Ey-Az, where E indicates design experience (E1: 1-3 years, E2: 3-5 years, E3: 5-10 years, E4: >10 years) and A indicates 
GenAI tool experience (A1: 6 months-1 year, A2: 1-2 years, A3: >2 years). 

(1) a general perspective view, (2) a technical detail view, and (3) 
a usage view demonstrating hand interaction, within a 60-minute 
time frame. 

The immersion blender was selected after careful consideration. 
This object represents optimal balance of several factors: functional 
complexity requiring attention to ergonomics, safety, and usabil-
ity; creative openness allowing multiple interpretations; sufficient 
AI training data representation; and authentic industrial design 
challenges regularly encountered by professionals. The deliberately 
generic brief, without specified brand identity, target persona, or de-
tailed market positioning, was designed to (1) focus observation on 
the divergent exploration phase rather than premature convergence 
toward predetermined constraints, and (2) enable comparability 
by observing how participants autonomously defined their own 
constraints through AI dialogue. While this approach differs from 
professional briefs that typically include brand and user specifica-
tions, it permitted cleaner observation of designer-AI negotiation 
around constraint definition. 

3.3.3 Measurement Tools. Participants worked on their own lap-
tops (with single screen, facilitating familiar workflows and simpli-
fying the screen capture setup) with their preferred GenAI tools. 
This methodological choice was deliberate, as imposing unfamil-
iar tools would have introduced learning curves as confounding 
variables, while tool familiarity maximized time available for con-
cept development. A second, dedicated logging laptop captured and 
synchronized the full-screen recording, the optional overhead hand-
camera footage and the keystroke / mouse logs. An overview of the 
measurement setup is provided in Fig. 1. Physiological data were 
also collected through a wearable device; however, these results are 
not discussed in the present paper. 

Keystroke and 1 mouse logging: WhatPulse,  a keyboard and 
mouse activity monitoring software, was employed to track user 
1https://whatpulse.org/ 

interactions with their laptop during the design task. This tool 
recorded keystroke counts, click patterns, cursor movement dis-
tances, and application focus changes, enabling quantitative analy-
sis of interaction patterns among participants. 

Screen recordings: Screen activity of all participants was cap-
tured using professional screen recording software, providing com-
plete documentation of digital workflows. These recordings cap-
tured AI tool usage, prompt formulation, output evaluation, and 
iteration patterns. 

Video recordings: Hand movements were recorded for par-
ticipants who used traditional sketching methods. A camera was 
positioned on the desk to capture gestures and sketching dynamics 
without interfering with the participant’s activity, providing visual 
reference for understanding physical tool usage and manual sketch 
development. 

Direct observation: Real-time behavioral monitoring was con-
ducted by a researcher present during sessions, adopting a dis-
creet, non-intrusive approach. Systematic annotations captured 
non-verbal behaviors including facial expressions and postures, 
and attitudes indicating concentration, frustration, or satisfaction. 

3.3.4 Protocol. The experimental protocol received ethics approval 
from the [Name of University] Ethics Committee and consisted of 
six phases, as pictured in Fig. 2: 

(1) Instructions and setup: The participants received a task 
description and a monitoring explanation. The installation 
of software (WhatPulse, screen recording) was carried out 
and the positions of the video recording were established. 

(2) Pre-task questionnaire: The questionnaire was developed 
drawing on Gmeiner et al.’s [12] interview protocol for designer-
AI co-creation, which itself was grounded in literature on 
collaboration quality and effectiveness of human teams [4, 14, 
22, 30]. These frameworks provide established approaches 
for evaluating collaboration quality in technology-mediated 

https://1https://whatpulse.org
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Figure 1: Measurement setup and data channels used during the study. Streams include screen recording, optional hand-camera 
capture, and keystroke/mouse logging (WhatPulse); all streams are aligned on a common timeline for analysis. 

Figure 2: Experimental procedure overview. The study consisted of six phases: (1) Instructions and setup, (2) Pre-task ques-
tionnaire, (3) 60-minute concept design task with concurrent data collection, (4) Post-task questionnaire, (5) Semi-structured 
interview, and (6) Data synchronization and preparation for analysis. 

design situations, knowledge convergence in collaborative 
learning, and the development of shared mental models. We 
adapted the questionnaire to assess five dimensions rele-
vant to human-GenAI collaboration, organized in groups 
of items: (a) Speed and Efficiency, capturing expectations 
about productivity gains; (b) Creative Support, addressing 
the tool’s contribution to ideation and exploration; (c) Re-
finement Effectiveness, concerning the ability to iterate and 
improve outputs; (d) Difficulties and Limitations, probing 
anticipated challenges in communication and control; and 
(e) Experience and Strategies, examining prior exposure and 
approaches to AI collaboration. Each group comprised four 
items measured on 5-point Likert scales (1=strongly disagree, 
5=strongly agree). See Table 2 for complete item wording. 

(3) Task execution: 60 minutes of autonomous work with con-
tinuous monitoring through screen and camera recordings, 
keyboard and mouse tracking, and behavioral observation. 

The 60-minute duration reflects established practices in de-
sign research, where sessions typically range from 25 min-
utes to 3 hours depending on task complexity [2], and ac-
counts for cognitive load dynamics in creative tasks [23, 37]. 
It also balanced methodological requirements (controlled 
comparison, participant availability) against ecological con-
siderations, while acknowledging that professional work-
flows typically extend across longer periods. The feasibility 
of the task within this time frame was confirmed via prelim-
inary testing. 

(4) Post-task questionnaire: Similar to the pre-task question-
naire, but using parallel wording to enable direct comparison 
of expectations versus actual experience gained during the 
activity. See Table 3 for complete item wording. 

(5) Semi-structured interview: A 15- to 20-minute exploration 
of strategies, challenges, and reflections on the designer-AI 
collaboration experience. 
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Table 2: Pre-task questionnaire (5-point Likert scales). Reverse-coded items are marked with − . 

Group Item a Item b Item c Item d 

Speed and efficiency in design pro-
cesses 

I think AI enables me to 
achieve good results in less 
time. 

AI helps me rework ideas 
more quickly. 

Using AI makes my design 
processes faster. 

AI slows down some stages 
of ideation− . 

Creative support and ideation I think AI stimulates my cre-
ativity. 

I think AI limits my 
creativity− . 

I think AI can provide cre-
ative solutions. 

AI helps me find good ideas. 

Effectiveness in refinement and idea 
coherence 

AI helps me rework ideas ef-
fectively. 

AI generates content aligned 
with the brief I have in mind. 

I think I can obtain better re-
sults with AI. 

Overall, I am satisfied with 
the results I obtain using AI. 

Difficulties and limits in AI use I find it difficult to make AI 
understand my ideas. 

There are details I cannot 
generate with AI. 

I feel frustrated when using 
AI because I often cannot 
find ways to reach my goals. 

I often encounter stall 
moments (communication 
loops) in my design pro-
cesses. 

Experience and usage strategies Today, AI is an integral part 
of my design processes. 

I have developed strategies 
to communicate my ideas to 
AI more effectively. 

My experience with AI is 
essential to communicating 
my ideas effectively to AI. 

Which AI tools would you 
like to use for the task? 
(open-ended - free-text; not 
included in reliability analy-
ses) 

Table 3: Post-task questionnaire (5-point Likert scales). Reverse-coded items are marked with − . 

Group Item a Item b Item c Item d 

Speed and efficiency in design pro-
cesses 

In this study, AI enabled me 
to achieve good results in 
less time. 

AI helped me rework ideas 
more quickly. 

Using AI made my design 
processes faster. 

AI slowed down some stages 
of ideation− . 

Creative support and ideation In this case, AI stimulated 
my creativity. 

In this case, AI limited my 
creativity− . 

AI provided creative solu-
tions. 

AI helped me find good 
ideas. 

Effectiveness in refinement and idea 
coherence 

AI helped me rework ideas 
effectively. 

AI generated content aligned 
with the brief I had in mind. 

I think I could achieve better 
results with AI. 

I am satisfied with the final 
concepts. 

Difficulties and limits in AI use In this case, it was difficult 
to make AI understand my 
ideas. 

There were details I could 
not generate with AI. 

I was frustrated because I 
could not find a way in the 
interface to reach my goals. 

During the task, I encoun-
tered stall moments (commu-
nication loops) with AI. 

Experience and usage strategies My expectations were con-
firmed during the task. 

To complete this task, my ex-
perience helped me find dif-
ferent ways to communicate 
my ideas to AI. 

My experience helped me 
communicate my ideas to AI 
during this task. 

Which AI tools did you use 
to perform the task? (open-
ended - free-text; not in-
cluded in reliability analy-
ses). 

(6) Data collection: Final concepts collected in digital/manual 
format for subsequent evaluation. 

3.3.5 Data Collection and Analysis. Data were separated into two 
categories: sensitive data (personal information stored separately 
with unique participant codes) and project content (sketches, inter-
action logs, recordings). 

The collected dataset included 

• design outputs (manual and digital sketches); 
• peripheral interaction data (WhatPulse metrics); 
• screen recordings documenting complete digital workflows; 
• video recordings capturing manual dynamics; 
• pre/post-task questionnaires; 
• interview transcripts and manual annotations from direct 
observation. 

Screen recordings, video recordings, and manual annotations were 
systematically coded and temporally synchronized using the ELAN2 

annotation software [29], enabling integrated analysis of different 
data streams with sub-second precision – see Fig. 3. Synchronization 
allowed joint investigation of design phases, tool usage patterns, 
and behavioral observations. Data were annotated with a five-layer 
codebook covering activity phases (ID, SV, RF), tool use (AI-IDEA, 
AI-VIS, SW-TRAD, SK-MAN, RS-WEB), pauses (PZ-FOR, PZ-RIF), 
communication loops (LOOP), and verbal communications (COM-
VER). Table 4 details the used codebook, and Fig. 4 illustrates an 
example of the resulting synchronized multi-track timeline. 

For the analysis of the interaction data collected through What-
Pulse, we extracted the total number of keystrokes for each par-
ticipant and examined qualitatively both the distribution of keys 
2https://archive.mpi.nl/tla/elan 
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Figure 3: Synchronization in ELAN of the collected recordings. 

Table 4: The used coding scheme for annotations. 

Category Code Explanation 

Activity Phases 
ID Ideation: brainstorming and initial concept exploration 
SV Development: concept refinement and detailed design work 
RF Refinement: final adjustments and presentation preparation 

Tool Usage Patterns 

AI-IDEA Reflective AI use for ideation support, validation, and conceptual exploration 
AI-VIS Generative AI use for visual creation and image generation 

SW-TRAD Traditional design software (e.g., CAD, Photoshop, Illustrator) 
SK-MAN Manual sketching on paper or tablet 
RS-WEB Web search for reference and inspiration 

Communication Loops LOOP Iterative refinement with AI tools via repeated prompt modifications 

Pauses PZ-FOR Forced pause: inactivity exceeding one minute 
PZ-RIF Reflective pause: observable thinking moments 

Verbal communication COM-VER Noticeable verbal reactions or requests 

pressed and their temporal patterns. Regarding mouse activity, we 
analyzed qualitatively the heatmaps generated by the software, 
which highlight the areas of the screen most frequently explored 
by the cursor. 

The internal consistency of each group of items in the question-
naire was evaluated separately for the pre- and post-task adminis-
trations using Cronbach’s alpha. Wilcoxon signed-rank tests were 
employed to compare pre- and post-task paired group mean scores. 

A thematic analysis approach was employed to code, interpret, 
and synthesize recurring patterns within the semi-structured in-
terviews, following the guidelines of Braun and Clarke [3]. During 
the coding phase, relevant excerpts were highlighted and assigned 

concise labels that captured their core meaning. After all inter-
views were coded, patterns across codes were examined to generate 
higher-level categories, which were subsequently organized into 
five overarching themes. 

Finally, three expert evaluators, i.e., university professors with 
professional design experience, independently assessed the final 
concepts using nine standardized criteria: originality, innovation, 
functional design, efficiency, comfort, aesthetic quality, rendering 
quality, adherence to requirements, and concept completeness. Each 
criterion was rated on a 5-point scale, where 1 indicated poor per-
formance and 5 indicated excellence. 
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Figure 4: Example of synchronized multi-track timeline. 

4 RESULTS 

4.1 Pre/Post-Task Questionnaires 
4.1.1 Group 1: Speed and Efficiency in Design Processes. This di-
mension assessed perceived temporal benefits of AI integration 
through four items. Pre-task responses revealed generally positive 
expectations with a group mean of M=4.05 (SD=0.696, 𝛼=0.696). 
Item-level analysis showed highest confidence in AI’s ability to 
"help rework ideas more quickly" (M=4.19, SD=1.047), followed by 
"achieve good results in less time" (M=3.88, SD=0.806) and "make 
design processes faster" (M=3.81, SD=0.911). The reverse-coded 
item "AI slows some stages of ideation" received the lowest mean 
score (M=1.69, SD=0.704), confirming that most participants did 
not anticipate significant delays. 

Post-task assessments maintained relatively positive perceptions 
(M=3.77, SD=0.661, 𝛼=0.578), though subtle shifts emerged in indi-
vidual items. "Reworking ideas more quickly" maintained the high-
est score (M=4.06, SD=0.68), while "make design processes faster" re-
mained stable (M=3.88, SD=0.719). However, "achieving good results 
in less time" decreased to M=3.38 (SD=1.31). Notably, perception of 
AI slowing down processes increased slightly (M=2.25, SD=1.125), 
suggesting that practical experience revealed unexpected temporal 
complexities not anticipated during pre-task assessment. 

4.1.2 Group 2: Creative Support and Ideation. Pre-task expectations 
regarding AI’s creative contribution showed moderate positivity 
(M=3.52, SD=0.788, 𝛼=0.754). Participants expressed balanced views 
on whether AI "stimulates creativity" (M=3.38, SD=1.258) and "pro-
vides creative solutions" (M=3.50, SD=0.966). The item "AI helps 
find good ideas" scored M=3.44 (SD=1.031), while the reverse-coded 
"AI limits creativity" received M=2.25 (SD=0.856), indicating most 
participants did not perceive AI as creatively constraining. 

Post-task values got confirmed to M=3.48 (SD=0.624, 𝛼=0.647). 
While "stimulates creativity" (M=3.31, SD=0.793) and "AI helps find 

good ideas" (M=3.44, SD=0.964) remained stable, "provides creative 
solutions" decreased to M=3.06 (SD=0.998). The perception of AI 
as limiting creativity improved to M=1.88 (SD=0.806), suggesting 
participants found AI less restrictive than initially expected, despite 
lower overall creative support scores. 

4.1.3 Group 3: Effectiveness in Idea Refinement and Coherence. This 
dimension explored AI’s capacity to support iterative design de-
velopment (pre-task 𝛼=0.708). Initial assessment showed moderate 
confidence (M=3.56, SD=0.661), with "AI helps rework ideas effec-
tively" receiving the highest score (M=3.81, SD=0.981). "AI generates 
content aligned with the brief" scored lower (M=3.31, SD=0.793), 
while "achieving better results with AI" (M=3.44, SD=1.094) and 
general satisfaction (M=3.69, SD=0.704) indicated cautious opti-
mism. 

Post-task measurements revealed a decreased group mean (M=3.27, 
SD=0.616, 𝛼=0.402). While "achieving better results with AI"(M=3.53, 
SD=1.06) and "content alignment" (M=3.27, SD=1.28) remained un-
changed, "effective reworking" slightly decreased (M=3.53, SD=0.834), 
and satisfaction with final concepts dropped markedly to M=2.73 
(SD=0.884), representing the largest negative shift observed across 
all items and suggesting a gap between expectations and actual 
deliverables under time pressure. 

4.1.4 Group 4: Difficulties and Limitations in AI Usage. This di-
mension exhibited the lowest internal consistency in the pre-task 
assessment (M=2.98, SD=0.496, 𝛼=0.373), suggesting heterogeneous 
challenge types. "Details unrealizable with AI" received the high-
est score (M=4.25, SD=0.856), indicating widespread recognition 
of technical limitations. "Difficulty communicating ideas to AI" 
(M=2.50, SD=0.894), "frustration in achieving objectives" (M=2.50, 
SD=0.894), and "communication loops" (M=2.69, SD=0.704) sug-
gested moderate anticipated challenges. 
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Post-task responses (M=3.09, SD=1.06, 𝛼=0.787) showed a higher 
consistency. Technical limitations remained high though slightly 
decreased (M=3.94, SD=1.39), while communication difficulties in-
creased (M=2.88, SD=1.31). Frustration levels changed minimally 
(M=2.56, SD=1.09), but communication loops showed slight increase 
(M=3.00, SD=1.59), indicating iterative refinement challenges dur-
ing actual use. 

4.1.5 Group 5: Experience and Usage Strategies. Pre-task assess-
ment of experience relevance showed moderate values (M=3.35, 
SD=0.977, 𝛼=0.793). Participants viewing "AI as integral to design 
processes" scored M=3.56 (SD=1.263), and "developed communi-
cation strategies" received similar scores (M=3.56, SD=0.892). The 
item "experience fundamental for effective communication" scored 
lower (M=2.94, SD=1.289), suggesting uncertainty about expertise 
requirements. 

The post-task evaluation (M = 3.60, SD = 0.712, 𝛼=0.603) re-
vealed important changes. "Expectations confirmed" scored M=3.56 
(SD=1.031), while "experience helped find diverse communication 
modes" received M=3.50 (SD=1.033). Most notably, "experience 
helped communicate ideas" increased to M=3.75 (SD=0.775), rep-
resenting the dimension’s largest positive change and suggesting 
that participants recognized the value of learned expertise through 
direct experience. 

4.1.6 Pre/post comparison. Results of the Wilcoxon signed-rank 
tests revealed no statistically significant differences across dimen-
sions: 

• Group 1: W=60.5, p=.097 (4 tied pairs); 
• Group 2: W=41, p=.906 (4 tied pairs); 
• Group 3: W=63, p=.232 (3 tied pairs); 
• Group 4: W=53, p=.450; 
• Group 5: W=33.5, p=.420 (3 tied pairs). 

The absence of significant differences suggests that the one-hour 
experimental task effectively replicated participants’ typical AI col-
laboration experiences, with observed changes reflecting individual 
variation rather than systematic shifts. The presence of multiple 
tied pairs indicates that many participants maintained consistent 
perceptions despite hands-on experience, possibly reflecting ei-
ther accurate initial expectations or insufficient task duration to 
substantially alter established beliefs. 

4.2 Video Annotation Analysis 
4.2.1 Activity Phases. Analysis of activity phases revealed that the 
ideation phase (ID) typically occurred in the first 10-15 minutes, 
though total duration varied considerably across participants. The 
development phase (SV) represented the longest phase for most par-
ticipants, with an average duration of 35-40 minutes. By contrast, 
the refinement phase (RF) was notably brief or absent in 14 out of 16 
cases. Only P01-E1-A3 and P12-E3-A2 dedicated substantial time to 
final refinement (>5 minutes), while most participants worked until 
the final moments without distinct polishing phases. This distribu-
tion suggests that the 60-minute constraint forced prioritization of 
concept development over presentation refinement. 

4.2.2 Tool Usage Patterns. The analysis revealed that RS-WEB and 
AI-IDEA clustered in early task phases, often used for clarifying 

design constraints or gathering technical specifications. The de-
velopment phase (SV) showed intensive use of AI-VIS, SW-TRAD, 
and SK-MAN, with participants adopting varied strategies. Some 
alternated rapidly between manual sketching and AI generation, 
while others maintained longer continuous blocks with single tools. 

The timeline analysis revealed varied approaches to tool usage. 
In particular, all participants except P07-E2-A2 employed AI for 
ideation and reflection (AI-IDEA) at some point during the task. 
These interactions typically occurred in brief sequences (20-40 
seconds) and were most concentrated in the initial task phases 
or at strategic moments for validation. On the other hand, not all 
participants used generative AI for visual creation (AI-VIS). Those 
who did tended to engage in fewer but longer sessions compared 
to AI-IDEA usage, dedicating blocks of time to generate and refine 
visual outputs. 

Notably, all participants converged on ChatGPT for AI-IDEA 
functions, while variation occurred primarily in AI-VIS tool se-
lection (Midjourney, Adobe Firefly). Still, all of the chosen tools 
utilized text-based prompt input, iterative refinement through mod-
ified prompts, and visual output selection, the primary differences 
being output quality, consistency maintenance capabilities, and 
subscription-dependent features (e.g., P16-E1-A2’s explicitly noted 
limitations with free Image Creator). Participants demonstrated 
varying levels of integration between AI and traditional tools, with 
some maintaining clear separation, using AI for initial exploration 
and then switching entirely to traditional methods (SK-MAN or 
SW-TRAD), and others alternating them throughout the session. 

4.2.3 Communication Loops. LOOP annotations marked instances 
where participants engaged in iterative refinement with AI tools, 
typically characterized by repeated prompt modifications to achieve 
desired outputs. These loops occurred exclusively during AI-VIS 
usage, with frequency ranging from zero (P01-E1-A3, P03-E2-A2, 
P08-E2-A1, P11-E2-A3) to multiple occurrences (P14-E2-A2, P16-E1-
A2 with 5+ loops), suggesting that visual generation posed greater 
communication challenges than textual ideation. Loop duration 
varied from brief adjustments (20-40 seconds) to extended itera-
tions lasting several minutes. Participants experiencing frequent 
loops showed visible signs of frustration in their verbal communica-
tions (COM-VER) and often switched to alternative tools mid-loop, 
suggesting recognition of diminishing returns. 

4.2.4 Pause Patterns. Forced pauses (PZ-FOR) often occurred dur-
ing AI processing or tool loading, while reflective pauses (PZ-RIF) 
typically clustered at critical decision points, particularly transi-
tions from ideation to development (ID→SV) and when evaluating 
AI-generated outputs. These pauses, though brief (typically <30 sec-
onds), appeared crucial for reorientation and strategy adjustment. 

4.3 Keyboard and Mouse Interaction 
Analysis of the interaction logs revealed substantial variation across 
participants. 

4.3.1 Keystroke Activity. Total keystroke counts showed remark-
able variation across participants, ranging from 58 to 412 keystrokes 
during the task period. 
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The distribution patterns observed in individual heatmaps re-
vealed that participants with the highest keystroke counts (P10-E2-
A1, P13-E1-A2, P16-E1-A2) predominantly engaged in text-based in-
teractions, characterized by extensive use of letter keys and spaces, 
consistent with prompt formulation and refinement for text-based 
AI tools like ChatGPT. Conversely, participants with moderate 
counts (P04-E1-A2, P09-E4-A3, P15-E4-A1) showed mixed patterns 
combining text input with keyboard shortcuts (Ctrl, Alt, Shift com-
binations), suggesting use of traditional design software alongside 
AI tools. Those with the lowest keystroke activity (P02-E4-A1, P07-
E2-A2, P12-E3-A2) concentrated their digital interaction in brief, 
focused periods, often corresponding to initial AI queries or fi-
nal adjustments, with primary work conducted through manual 
sketching. 

Cross-referencing keystroke data with screen recordings re-
vealed clear patterns. Participants who extensively used AI-IDEA 
(reflective AI use for ideation support) demonstrated higher text 
input, while those focusing on AI-VIS (generative AI for visual 
creation) showed more varied interaction patterns, alternating be-
tween text prompts and mouse-based image selection and manip-
ulation. Traditional software users (Photoshop, Illustrator, CAD) 
exhibited distinct patterns of keyboard shortcut usage rather than 
continuous text input. 

4.3.2 Mouse Activity. The analysis of mouse movements reveals 
patterns consistent with tool preferences and working methods. 
Text-oriented designers utilizing chat prompts and web searches 
show frequent clicking on chat submission buttons. Designers work-
ing with 3D or 2D software register numerous toolbar clicks for 
menu navigation and tool selection. In contrast, designers employ-
ing hand sketching exhibit minimal mouse activity, concentrating 
their work on paper or tablets with limited digital interaction. 

4.4 Concept Evaluations 
4.4.1 Overall Performance. Mean evaluation scores across all crite-
ria ranged from 2.9 to 5.0, revealing substantial variation in concept 
quality despite identical task parameters and time constraints. 

• Exceptional performance (5.0): P01-E1-A3 achieved maxi-
mum scores across all nine criteria. 

• High performance (4.3-4.7): P06-E4-A2 (4.7), P04-E1-A2 
(4.6), P07-E2-A2 (4.6), P10-E2-A1 (4.4), P15-E4-A1 (4.3). 

• Moderate performance (3.6-4.1): P03-E2-A2 (4.1), P12-E3-
A2 (4.1), P13-E1-A2 (4.0), P11-E2-A3 (3.6). 

• Lower performance (2.9-3.3): P02-E4-A1 (3.3), P05-E2-A2 
(3.3), P08-E2-A1 (3.2), P09-E4-A3 (3.2), P14-E2-A2 (3.0), P16-
E1-A2 (2.9). 

4.4.2 Criterion-Specific Analysis. Evaluation across the nine crite-
ria revealed distinct patterns of strength and weakness. 

(1) Originality of concept: Scores ranged from 2 to 5, with 
seven participants achieving scores of 4 or higher. P01-E1-A3, 
P03-E2-A2, P10-E2-A1, P12-E3-A2, and P13-E1-A2 received 
maximum scores (5), while P05-E2-A2 and P16-E1-A2 scored 
lowest (2). 

(2) Innovation in solutions: Similar to originality, showing a 
range of 2-5. P01-E1-A3, P02-E4-A1, and P13-E1-A2 achieved 
maximum scores, while P05-E2-A2 scored lowest (2). 

(3) Functional design: More consistent across participants 
(range 2-5), with seven participants scoring 4 or 5. P01-E1-A3, 
P04-E1-A2, P06-E4-A2, P10-E2-A1, and P15-E4-A1 achieved 
maximum functionality scores. 

(4) Efficiency (perceived from delivered images): Eight partici-
pants scored 4 or 5, with P01-E1-A3, P04-E1-A2, P06-E4-A2, 
P07-E2-A2, and P15-E4-A1 achieving maximum scores. P14-
E2-A2 and P16-E1-A2 scored lowest (2). 

(5) Comfort (perceived): Similar distribution to efficiency, with 
P01-E1-A3, P04-E1-A2, P06-E4-A2, and P07-E2-A2 scoring 5. 
P14-E2-A2 and P16-E1-A2 again scored lowest (2). 

(6) Aesthetic quality: Showed highest variance among criteria. 
P01-E1-A3, P06-E4-A2, P07-E2-A2, and P10-E2-A1 achieved 
maximum scores (5), while P09-E4-A3 scored 1, indicating 
extreme variation in visual execution quality. 

(7) Rendering quality: Also highly variable, with P01-E1-A3, 
P07-E2-A2, and P10-E2-A1 achieving 5, while P08-E2-A1 
and P09-E4-A3 scored 1, reflecting substantial differences in 
visual presentation skills or tool mastery. 

(8) Adherence to requirements: Most consistent criterion, 
with thirteen participants scoring 5 and the remaining three 
scoring 4 (P03-E2-A2) or 3 (P12-E3-A2). This uniformity in-
dicates clear task comprehension across all participants. 

(9) Concept completeness: Generally high scores, with eight 
participants achieving 5, indicating they most successfully 
delivered all three required views despite time pressure. 

4.4.3 Quality Correlations. Comparing the highest-performing 
participants (P01-E1-A3, P06-E4-A2, P04-E1-A2, P07-E2-A2) with 
lower performers revealed several patterns. In particular, high per-
formers 

• achieved balance across evaluation criteria, with particular 
strength in adherence to requirements (all scored 5); 

• demonstrated diverse tool usage (P01-E1-A3 used ChatGPT, 
Midjourney, Photoshop, Vizcom; P06-E4-A2 combined Chat-
GPT with Vizcom); 

• showed minimal communication loops in their timelines. 
By contrast, low performers 

• showed greater variance across criteria, with aesthetic and 
rendering quality particularly weak; 

• P16-E1-A2 explicitly noted limitations of the free Image Cre-
ator tool; 

• P14-E2-A2 experienced extensive loops and shifted between 
multiple approaches. 

An exploratory analysis of experience-outcome relationships 
revealed tentative patterns. Participants with longer AI experience 
(≥18 months) showed fewer communication loops on average. De-
sign experience alone does not correlate with performance; the 
exceptional scores of P01-E1-A3 combined moderate design experi-
ence (1-3 years) with established AI fluency (2 years), suggesting 
that AI-specific expertise may be more predictive than general 
design seniority in current GenAI collaboration contexts. 

4.5 Semi-Structured Interview Analysis 
Thematic analysis revealed distinct patterns in AI utilization ap-
proaches and perceived value. 
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4.5.1 AI Usage Strategies. Three primary usage strategies emerged 
from interview data. 

Validation and Verification (P04-E1-A2, P05-E2-A2): These par-
ticipants employed AI primarily to validate conceptual feasibility 
rather than generate ideas. P04-E1-A2 explicitly stated: "I don’t use 
it much to find ideas but to validate what I’m thinking... to under-
stand if my direction, especially dealing with physical principles, 
when I think I don’t have the foundations, to understand if what I’m 
thinking could be feasible." This approach treated AI as an expert 
consultant for technical verification. 

Ideation and Exploration (P03-E2-A2, P06-E4-A2, P11-E2-A3): Par-
ticipants used AI as a brainstorming partner. P03-E2-A2 described 
using AI "for research," while P11-E2-A3 employed it "only for brain-
storming" on this task, though noting more extensive use in other 
design contexts like game design. P06-E4-A2 characterized AI as 
"a collaborator who helps and provides solutions," emphasizing its 
role in accelerating concept development. 

Visual Generation and Refinement (P07-E2-A2, P10-E2-A1, P12-
E3-A2, P13-E1-A2, P15-E4-A1, P16-E1-A2): These participants fo-
cused on AI’s image generation capabilities. P15-E4-A1 described 
using Midjourney as "an interactive moodboard," employing tech-
niques like "inserting famous designer names in prompts" to direct 
stylistic output. However, several reported coherence challenges, 
with P10-E2-A1 noting inability to "create coherent images between 
views" and P16-E1-A2 reporting that the free Image Creator tool 
"doesn’t allow taking the same image like ChatGPT does." 

4.5.2 Communication Challenges. Participants identified several 
recurring communication difficulties. 

Prompt Formulation Complexity: P06-E4-A2 emphasized that 
"most of the time it’s because we’re not able to ask correctly," 
highlighting the skill required for effective prompting. P13-E1-A2 
reported that "ChatGPT works better when it formulates prompts 
for Midjourney," suggesting multi-tool strategies to overcome indi-
vidual platform limitations. 

Visual Intent Translation: Multiple participants struggled convey-
ing visual requirements. P13-E1-A2 stated: "I have difficulty making 
AI understand my ideas, especially visual requests. ChatGPT didn’t 
understand the photo I inserted." P05-E2-A2 similarly noted chal-
lenges with Photoshop and Illustrator AI features: "I try to be as 
precise as possible to get what I want, but despite trying, I can’t get 
results." 

Consistency Maintenance: P12-E3-A2 highlighted ongoing chal-
lenges "maintaining consistency between views" even with ad-
vanced tools, describing it as "still too complicated to do" despite 
time-saving benefits in other aspects. 

4.5.3 Perceived Benefits and Limitations. Participants identified 
the following benefits and limitations. 

Efficiency Gains: P06-E4-A2 noted AI’s ability to provide "almost 
realistic renders in such reduced time, I couldn’t have done it with 
traditional tools like Rhino." P12-E3-A2 confirmed dramatic time 
savings for certain tasks, though not for maintaining visual consis-
tency. 

Creative Catalyst: P02-E4-A1 described how AI helped discover 
unconsidered aspects: "while I was asking about how the blender 
cleaning could happen, that’s when the light bulb went on a bit." 

This serendipitous discovery through dialogue represents AI’s po-
tential for expanding design thinking. 

Trust and Verification: P06-E4-A2 raised concerns about uncritical 
acceptance: "I rely heavily on what it tells me, taking for granted 
that it’s a professional voice. I don’t question the information that 
actually arrives." This highlights risks of over-reliance without 
verification. 

4.5.4 Tool-Specific Observations. Participants demonstrated clear 
preferences and strategies for different AI platforms: 

• ChatGPT: used primarily for conceptual exploration, techni-
cal validation, and prompt generation for other tools; 

• Midjourney: employed for high-quality visual generation 
but criticized for consistency challenges; 

• Adobe Firefly: mixed reception, with P07-E2-A2 reporting 
specific difficulties rendering hands realistically; 

• Vizcom: P01-E1-A3 and P06-E4-A2 successfully integrated it 
for concept visualization, suggesting potential for specialized 
design AI tools. 

The interviews revealed that effective AI collaboration requires not 
just technical proficiency but strategic thinking about when and 
how to deploy different tools, recognizing their complementary 
strengths and limitations within time-constrained design tasks. 

4.5.5 Performance Patterns and Tool Usage. Comparison of the 
evaluation scores with the usage of documented tools revealed in-
teresting patterns. Participants achieving the highest overall scores 
(≥4.5) demonstrated balanced approaches, combining AI tools with 
traditional methods. For instance, P01-E1-A3 utilized ChatGPT, 
Midjourney, Vizcom, and Photoshop in an integrated workflow, 
while P06-E4-A2 combined ChatGPT with Vizcom for concept de-
velopment. In contrast, lower-scoring participants often showed 
either over-reliance on single tools or fragmented tool-switching 
without coherent strategy. P16-E1-A2, achieving the lowest score 
(2.9), reported difficulties with the free version of Image Creator, 
particularly in maintaining visual consistency across views. 

The correlation between aesthetic/rendering quality scores and 
AI-VIS usage suggested that generative AI tools could enhance 
visual output when effectively integrated, though this benefit was 
not universal and appeared contingent on user expertise and tool 
selection strategy. 

5 OBSERVATIONS 
Analysis of the experimental data – screen recordings, ChatGPT 
logs, and tool interaction patterns – revealed systematic differences 
in how designers communicate with and integrate generative AI 
during concept development. This section examines two key di-
mensions: prompting strategies that characterize designer-AI com-
munication, and operational modes that distinguish how designers 
leverage AI capabilities. These observations reveal the behavioral 
patterns, adaptation strategies, and friction points that shape design 
outcomes in human-AI collaboration. 

5.1 Prompt Categorization 
Analysis of ChatGPT logs and AI-VIS requests revealed a taxonomy 
of prompting approaches that evolved throughout the task. These 



CHI ’26, April 13–17, 2026, Barcelona, Spain Cavallin and Spagnol 

patterns provide insights into how designers communicate with AI 
systems and adapt their strategies based on response quality. 

5.1.1 Prompt Structure Categories. We observed the following 
trends within the participants’ prompts. 

Linguistic Structure. Prompts varied from imperative com-
mands to explicit questions to contextual declarations. Initial inter-
actions showed diverse approaches: 

• Direct commands: P02-E4-A1 began with “Hi, I need to de-
sign a new type of immersion blender for a client; give me 
information on what an immersion blender is. What are the 
basic functions? Which elements could be revised?” 

• Conversational openings: P10-E2-A1 started with “Hi! Would 
you help me create a product benchmark?” 

• Context-setting: P15-E4-A1 introduced themselves with “I 
am a product designer; a company has commissioned me 
to design an immersion blender, and I have little time to 
develop the project.” 

Communicative Intent. Three primary intents emerged from 
prompt analysis: 

• Exploratory/Divergent: Open-ended prompts seeking multi-
ple options. P06-E4-A2 requested “Generate five innovative 
concept designs for an immersion blender,” explicitly asking 
for breadth rather than depth. 

• Convergent/Refinement: Focused prompts with specific con-
straints. P10-E2-A1’s benchmark request specified “List at 
least four Bosch kitchen appliances that use blades to chop in-
gredients and compare them by price, number of accessories, 
dimensions, weight, and recipe versatility.” 

• Validation/Verification: Prompts seeking confirmation of spe-
cific ideas. P04-E1-A2’s interview revealed this approach: "I 
gave the idea and tried to understand if my idea was feasible, 
feasibility from the physics point of view in this case." 

Specificity Evolution. Prompt specificity typically evolved 
from generic to detailed as participants refined their communi-
cation: 

• Initial generic prompts: P15-E4-A1’s Midjourney prompt be-
gan simply with "an immersion blender as if it was designed 
by Dieter Rams." 

• Progressive detail addition: P10-E2-A1’s evolved to include 
"Compact Multifunctional Efficient Affordable Easy-to-clean. 
The blender accessory is k-shaped, for making dough. white 
background –personalize 2m59/pr –v 6.1." 

This evolution pattern suggests designers initially explore broadly, 
then add constraints and details as they identify desired directions. 

5.1.2 Emerging Strategies. Three distinct adaptation strategies emerged 
from the analysis of how participants responded to AI limitations 
or opportunities: 

Early Abandonment. Some designers quickly changed ap-
proaches when initial AI responses proved unsatisfactory. This 
strategy appeared in participants who, after receiving inadequate 
outputs from AI-VIS in early iterations, either switched to differ-
ent concepts or ceased detailed prompt refinement. P16-E1-A2’s 
interview confirmed this pattern, reporting abandonment of certain 
visual details upon recognizing the free Image Creator’s limitations. 

While this prevented time waste in unproductive directions, ex-
cessive abandonment led to fragmented exploration without deep 
development of any single concept. 

Strategic Persistence. Other participants demonstrated persis-
tent iteration on the same objective, making incremental prompt 
modifications based on output observation. P15-E4-A1 exemplified 
this approach, iterating multiple times on Midjourney prompts 
while slightly adjusting parameters (color, style) with each iter-
ation. This persistence showed confidence that AI could achieve 
desired results with proper instruction. However, the data revealed 
this strategy’s cost: extended communication loops in AI-VIS were 
linked to repeated prompt revisions, longer iteration blocks, and 
self-reported frustration, and for several participants corresponded 
with lower satisfaction and weaker final concept evaluations. 

Adaptive Hybridization. The most sophisticated strategy in-
volved combining different AI outputs or integrating manual work 
with AI generation. Participants demonstrating this approach used 
multiple tools complementarily: 

• P13-E1-A2 used ChatGPT to formulate prompts for Mid-
journey, recognizing that "ChatGPT works better when it 
formulates prompts for Midjourney"; 

• P01-E1-A3 combined multiple tools (ChatGPT, Midjourney, 
Vizcom, Photoshop) in an integrated workflow; 

• P07-E2-A2 generated base images with Firefly then refined 
problematic elements (hands) with Photoshop. 

This hybridization demonstrated adaptability, rather than insisting 
on single-channel solutions, these designers leveraged complemen-
tary tool strengths. 

5.1.3 Prompting Sequences. Two distinct temporal patterns char-
acterized prompt sequences: 

Iterative Short Sequences. Used primarily in AI-IDEA, char-
acterized by brief, frequent prompts creating rapid dialogue. Par-
ticipants sent short queries for incremental information or ideas, 
maintaining continuous interaction. This pattern enabled quick 
concept exploration but sometimes led to shallow engagement with 
individual ideas. 

Block-Based Long Sequences. More common in AI-VIS, where 
designers crafted lengthy, detailed prompts, waited for results, then 
revised after evaluation. This pattern created natural pause points 
for reflection but risked larger time investments in unsuccessful 
directions. 

5.1.4 Communication Effectiveness Patterns. Our analysis revealed 
that prompt structure correlated with outcome success: 

• open interrogative prompts during exploration induced AI 
to provide explanations and alternatives; 

• detailed imperative prompts during convergence instructed 
AI precisely on expected results; 

• mixed structure prompts often created interpretation ambi-
guity, correlating with higher loop frequency. 

Participants who adapted their prompting style to match task 
phases (exploratory→convergent→refinement) demonstrated fewer 
communication loops and higher satisfaction scores. Conversely, 
maintaining consistent prompt styles regardless of phase showed 
correlation with increased frustration and lower concept evalua-
tions. 
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Figure 5: Reflection (ChatGPT, P10-E2-A1): ChatGPT used as a consultative partner for validation, constraint checking, and 
reframing with minimal content generation. 

Figure 6: Generation (Midjourney, P10-E2-A1): visual alternatives generated via Midjourney while prompts are iteratively 
refined and integrated into the concept. 

The categorization reveals that effective AI collaboration requires 
not just prompt writing skills but strategic adaptation of commu-
nication styles to match design phases and tool capabilities. The 
ability to recognize when to persist, pivot, or combine approaches 
emerged as a key differentiator between successful and struggling 
participants. 

5.2 Operational Modes 
5.2.1 Classification of Operational Approaches. Analysis of tool 
usage patterns during the experimental task revealed two distinct 

operational modes characterizing designer-AI interaction. Partici-
pants were classified based on their predominant use of AI capabil-
ities. 

The Reflection mode (n=5; P03-E2-A2, P04-E1-A2, P05-E2-A2, 
P08-E2-A1, P11-E2-A3) was characterized by AI usage primarily for 
validation, problem-solving, and critical analysis. These participants 
employed AI as a consultative tool for conceptual exploration and 
technical verification rather than content generation – see Fig. 5. 

The Generation + Reflection mode (n=10; P01-E1-A3, P02-
E4-A1, P06-E4-A2, P09-E4-A3, P10-E2-A1, P12-E3-A2, P13-E1-A2, 
P14-E2-A2, P15-E4-A1, P16-E1-A2) combined both generative ca-
pabilities (image creation, rendering – see Fig. 6) with reflective 
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functions (brainstorming, validation). These participants leveraged 
AI across multiple modalities during their design process. 

One participant (P07-E2-A2) utilized exclusively generative AI 
without engaging reflective functions, representing an outlier case 
excluded from group comparisons. 

5.2.2 Comparative Analysis of Operational Modes. Quantitative 
comparison between operational groups revealed counterintuitive 
patterns challenging assumptions about generative AI benefits. 

Efficiency measures showed no significant advantage for the 
Generation + Reflection group (M=3.8, SD=1.20) compared to the 
Reflection group (M=4.0, SD=1.11), despite the former’s access to 
rapid content generation capabilities. This finding suggests that 
time invested in prompt iteration and output refinement may neu-
tralize potential efficiency gains from automated generation. 

Satisfaction scores demonstrated a notable disparity, with the 
Reflection group reporting higher satisfaction (M=3.2, SD=1.10) 
than the Generation + Reflection group (M=2.3, SD=1.12). This dif-
ference likely reflects frustration arising from technical limitations 
in maintaining visual coherence, as documented in participant inter-
views where generation-focused users reported specific challenges 
with consistency across views. 

Performance across evaluation criteria revealed systematic 
trade-offs between operational modes. The Generation + Reflection 
group achieved superior scores in creative dimensions (Originality: 
Δ=+0.5; Innovation: Δ=+0.5; Aesthetic Quality: Δ=+1.1), while the 
Reflection group demonstrated advantages in functional dimensions 
(Requirement Adherence: Δ=+0.7; Completeness: Δ=+0.5). These 
patterns suggest fundamental differences in how operational modes 
influence design outcomes, with generative approaches facilitat-
ing visual exploration at potential cost to systematic requirement 
satisfaction. 

5.2.3 Cluster Analysis of Designer Profiles. Hierarchical clustering 
based on interaction patterns, communication loop frequency, and 
performance outcomes identified three distinct designer profiles. 

Cluster 1: Fluid Integrators (n=4, including P01-E1-A3, P04-
E1-A2, P06-E4-A2, P07-E2-A2) demonstrated seamless AI integra-
tion characterized by balanced tool usage, minimal communication 
loops, and high performance outcomes (mean evaluation ≥4.5). 
These participants exhibited medium-to-high prior AI experience 
and pragmatic expectations, enabling effective navigation of AI 
capabilities and limitations. 

Cluster 2: Struggling Iterators (n=5, including P14-E2-A2, 
P16-E1-A2) experienced frequent communication difficulties, mani-
festing as multiple refinement loops during AI-VIS usage. These par-
ticipants spent disproportionate time attempting visual perfection 
without strategic prompt evolution, resulting in elevated frustration 
levels and lower concept evaluations (mean ~3.0). Their interaction 
patterns suggested rigid approaches with limited adaptation when 
encountering obstacles. 

Cluster 3: Adaptive Explorers (n=7, including P03-E2-A2, P08-
E2-A1, P15-E4-A1) represented an intermediate profile, combining 
intensive AI-IDEA exploration with experimental AI-VIS usage. 
Despite moderate loop frequency, these participants maintained 

workflow continuity through tool diversification and strategy adap-
tation, achieving satisfactory outcomes (mean 4.0-4.3). Their trajec-
tories demonstrated in-task learning, adjusting approaches based 
on observed AI responses. 

5.2.4 Operational Insights. The analysis reveals that operational 
mode alone does not predict success. Rather, the ability to strate-
gically orchestrate different AI capabilities matters more than the 
breadth of tools employed. The Reflection group’s higher satisfac-
tion despite lower aesthetic scores suggests that maintaining con-
ceptual control and avoiding technical frustrations may outweigh 
visual enhancement benefits. On the other hand, the Generation + 
Reflection group’s experience varied widely. Those who success-
fully integrated both modes (like P01-E1-A3 with perfect scores) 
demonstrated sophisticated workflow management, while others 
became trapped in generation loops that impeded progress. 

The clustering patterns suggest that designer success depends 
less on choosing reflection versus generation and more on devel-
oping adaptive strategies that match tool capabilities to task re-
quirements. Training implications point toward developing meta-
cognitive skills for recognizing when to persist, pivot, or combine 
approaches rather than focusing solely on tool-specific proficiency. 

6 DISCUSSION 
The mixed-methods analysis of designer-AI interaction during con-
cept development reveals complex dynamics that challenge simplis-
tic narratives about AI integration in creative work. The findings 
cast light on both opportunities and barriers in current designer-
AI collaboration, with implications for tool design, training ap-
proaches, and theoretical understanding of augmented creativity. 

6.1 Main Observable Patterns 
A qualitative analysis of relationships between variables revealed 
several significant patterns. Most notably, the frequency of commu-
nication loops showed strong negative correlation with final con-
cept quality. Participants experiencing minimal loops (0-1) achieved 
mean evaluation scores of 4.0 or higher, while those with frequent 
loops (4+) averaged 3.1. This relationship suggests that communica-
tion friction represents a primary barrier to effective AI utilization, 
with iterative misunderstandings consuming cognitive resources 
that could otherwise support creative development. This extends 
findings from prompt design research [35] and text-to-image work-
flow studies [20], demonstrating that these challenges persist even 
among experienced practitioners engaged in domain-specific tasks, 
and aligns with the COFI framework’s emphasis on communication 
channels as determinants of collaboration quality [25]. 

The relationship between prior AI experience and performance 
proved more nuanced than anticipated. While participants report-
ing AI as "integral to design processes" (score ≥4) demonstrated 
better loop management, this expertise advantage manifested pri-
marily through workflow efficiency rather than superior creative 
outcomes. The largest questionnaire shift, recognition of experi-
ence importance increasing from M=2.94 to M=3.75, indicates that 
effective AI collaboration involves tacit knowledge not immediately 
apparent to users. 

Keystroke patterns from WhatPulse data revealed an unexpected 
inverse relationship with concept quality. High keystroke counts 
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(>300), predominantly from extensive prompt writing, correlated 
with lower evaluation scores, suggesting that excessive textual in-
teraction may indicate struggle rather than productive exploration. 
This finding challenges assumptions about engagement depth, im-
plying that efficient, targeted communication proves more valuable 
than extensive dialogue. 

6.2 Integrated Analysis 
The convergence of quantitative and qualitative findings reveals 
AI’s dual nature as both cognitive amplifier and friction source. 
The stability of pre/post questionnaire responses (no significant 
differences across dimensions) suggests that the experimental task 
accurately reflected participants’ typical AI experiences. 

The operational mode analysis uncovered a fundamental trade-
off: Generation + Reflection users achieved superior aesthetic out-
comes (+1.1 difference in aesthetic quality) but lower functional 
coherence (-0.7 in requirement adherence). This pattern aligns with 
Buxton’s [5] framework distinguishing sketching for ideation ver-
sus prototyping for refinement. Generative AI excels at rapid aes-
thetic exploration, the "sketching" function, but may impede sys-
tematic development toward specific requirements. 

The clustering of participants into Fluid Integrators, Struggling 
Iterators, and Adaptive Explorers transcends simple skill catego-
rization. These profiles reflect different mental models of AI col-
laboration. Fluid Integrators demonstrated what Kirsh [15] terms 
"strategic offloading", deliberately distributing cognitive work be-
tween human and AI based on comparative advantages. Struggling 
Iterators, conversely, appeared trapped in what could be charac-
terized as a "substitution fallacy," expecting AI to directly replace 
human capabilities rather than complement them. 

The temporal analysis revealing minimal refinement phases (RF 
absent in 14/16 participants) suggests that time pressure fundamen-
tally altered natural design workflows. This compression may have 
amplified the importance of early strategic decisions, explaining 
why front-loaded exploration correlated with better outcomes. Un-
der time constraints, the cost of communication loops becomes 
prohibitive, privileging participants who achieved early alignment 
with AI capabilities. 

The operational mode trade-off (Generation + Reflection achiev-
ing superior aesthetics but lower requirement adherence) aligns 
with findings from AIdeation, where designers benefit from flex-
ible switching between divergent brainstorming and convergent 
refinement phases [32]. ImaginationVellum similarly supports fluid 
transitions between divergent and convergent design-sketching 
exploration [21]. Our empirical evidence suggests that current 
GenAI tools may privilege divergent generation over convergent 
constraint satisfaction. 

6.3 Design Implications 
These findings suggest several directions for improving designer-AI 
collaboration tools. 

Adaptive Communication Interfaces. Current AI tools em-
ploy uniform interaction paradigms regardless of design phase or 
user intent. The distinct patterns observed between exploratory 
and convergent prompting suggest value in phase-aware interfaces 
that adapt communication modality to match design activities. This 

aligns with recent work on flexible sense-making interfaces that 
support discovery-oriented AI interactions [1]. During ideation, 
interfaces might privilege rapid, lightweight exchanges, while re-
finement phases could offer more structured, constraint-based in-
teraction. 

Loop Detection and Mitigation. The strong negative correla-
tion between communication loops and outcomes indicates need 
for systems that recognize and interrupt unproductive iteration 
cycles. Zhou et al.’s framework for nonlinear human-AI collab-
oration [36] demonstrates how creative design requires flexible 
navigation between divergent and convergent phases, our loop pat-
terns suggesting that current tools poorly support such navigation. 
Systems might detect repeated similar prompts, suggest alternative 
communication strategies, or recommend tool transitions when 
diminishing returns become apparent. 

Expectation Calibration. The gap between pre-task AI inte-
gration scores and post-task satisfaction suggests misalignment 
between user expectations and current AI capabilities. Weisz et al.’s 
design principles for generative AI applications [34] emphasize the 
importance of designing for appropriate mental models and set-
ting realistic expectations. Tools should provide clearer affordances 
about their strengths and limitations, potentially through capability 
previews or guided tutorials that establish realistic mental models. 

Workflow Integration Support: The success of Fluid Integra-
tors stemmed from sophisticated multi-tool orchestration rather 
than single-tool mastery. This suggests value in meta-tools that 
facilitate seamless transitions between different AI modalities, main-
taining conceptual threads across platform boundaries. Such inte-
gration could reduce the cognitive overhead currently required for 
effective hybridization strategies. 

Expectation Scaffolding: The recognition that experience fa-
cilitates AI communication points toward the need for progressive 
disclosure interfaces that adapt to user expertise. Novice users 
might receive more guided interactions with suggested prompting 
strategies, while experienced users could access more direct control 
mechanisms. 

6.4 Limitations 
Several limitations constrain the generalizability of these findings. 
The 60-minute time constraint, while enabling controlled compari-
son, may not reflect typical design workflows where iteration cycles 
extend across days or weeks. This compression may have amplified 
the importance of early strategic decisions and the cost of commu-
nication loops, potentially magnifying effects that would be less 
pronounced in extended professional timelines. 

The sample size (N=16), while appropriate for mixed-methods 
HCI research, limits statistical power for detecting subtle effects. 
The absence of significant pre/post differences might partially re-
flect Type II error rather than true stability. Future research with 
larger samples could reveal additional patterns, particularly re-
garding the interaction between experience levels and operational 
modes. 

The participant sample’s prior AI experience limits generaliz-
ability to designers new to GenAI tools. The patterns observed – 
particularly the clustering into Fluid Integrators, Struggling Itera-
tors, and Adaptive Explorers – reflect variation within experienced 
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users and may not characterize initial adoption trajectories. Fur-
thermore, while the sample predominantly consisted of individuals 
with experience in product design, it had in some cases limited 
specialized training in industrial design domains such as manu-
facturing constraints or materials engineering. Although post-task 
interviews did not reveal domain-specific difficulties, with commu-
nication challenges consistently attributed to AI tool limitations 
rather than product knowledge gaps, future studies should exam-
ine whether domain expertise moderates designer-AI collaboration 
patterns. 

The choice of immersion blender as design task, while method-
ologically justified, represents only one category of design problem. 
Different product types, particularly those with stronger aesthetic 
emphasis or technical complexity, might reveal alternative collabo-
ration patterns. The relative success of the Reflection group might 
partially reflect the task’s functional emphasis. Additionally, while 
a generic brief enabled observation of autonomous constraint defi-
nition, it may not fully represent professional contexts where brand 
guidelines and user personas structure the design space from the 
outset. 

The study captured a specific moment in rapidly evolving AI ca-
pabilities. The challenges participants faced with visual consistency, 
particularly noted by P10-E2-A1 and P16-E1-A2, may be transient 
technical limitations rather than fundamental barriers. Longitudi-
nal research tracking designer adaptation as AI capabilities advance 
would provide valuable perspective on which findings represent 
enduring principles versus temporary friction points. Also, allow-
ing tool choice introduced variability that limits strict experimental 
control. However, this trade-off prevented confounding from tool 
unfamiliarity, a particularly important consideration given the com-
pressed timeframe. 

Finally, the laboratory context, despite efforts to maintain ecolog-
ical validity as much as possible, inevitably influences behavior. Par-
ticipants’ awareness of observation may have altered risk-taking, 
exploration depth, or persistence patterns. Although no partici-
pant reported workspace constraints as limiting during post-task 
interviews, the single-screen configuration may have influenced 
tool-switching patterns and multitasking strategies compared to 
professional setups with multiple monitors. Naturalistic studies of 
AI integration in actual design practice could validate and extend 
these findings. 

Despite these limitations, the study provides empirical ground-
ing for understanding current designer-AI collaboration dynamics, 
offering actionable insights for tool development and training while 
contributing to theoretical frameworks for human-AI creative part-
nership. 

7 CONCLUSION 
This study provides empirical evidence of the complex dynam-
ics characterizing professional designer-AI collaboration during 
concept development. Through mixed-methods analysis of 16 pro-
fessional designers engaged in a design task, we identified distinct 
interaction patterns that challenge simplistic assumptions about AI 
integration in creative practice. 

The findings reveal that effective designer-AI collaboration de-
pends less on the breadth of AI capabilities employed than on 

strategic orchestration of human and artificial intelligence. The 
emergence of two operational modes, Reflection and Generation + 
Reflection, demonstrates fundamental trade-offs between aesthetic 
exploration and systematic requirement adherence. Counterintu-
itively, participants using AI primarily for validation and critical 
analysis achieved higher satisfaction despite lower visual quality 
scores, suggesting that maintaining conceptual control may out-
weigh automated generation benefits under time constraints. 

The strong negative correlation between communication loops 
and concept quality highlights communication friction as a primary 
barrier to effective AI utilization. This finding extends prior work 
on prompt design challenges [20, 35] by demonstrating how iter-
ative refinement difficulties directly impact creative outcomes in 
professional contexts. 

The identification of three designer profiles (Fluid Integrators, 
Struggling Iterators, and Adaptive Explorers) contributes to theo-
retical understanding of expertise in human-AI creative partner-
ship [18, 25]. Success correlates with meta-cognitive strategies for 
recognizing when to persist, pivot, or hybridize approaches rather 
than tool-specific proficiency alone. 

These insights inform design directions for phase-aware inter-
faces that adapt communication modalities to match design activi-
ties, implement loop detection mechanisms, and provide scaffolded 
expertise development. Future research should examine longitudi-
nal adaptation patterns and extend the findings in various design 
domains to develop comprehensive frameworks for enhanced cre-
ativity in professional practice. 
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