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Abstract

People are increasingly leveraging generative Al (GenAl) for design
tasks, making it critical to understand GenAI’s impact on design
outcomes and users’ creative capabilities. We conducted a within-
subjects experiment where 36 participants designed advertisements
both with and without GenAlI. Evaluations from clients and online
volunteers revealed that GenAl-supported designs were perceived
as significantly more creative and unconventional. Additionally,
online volunteers, but not clients, rated these designs as more vi-
sually appealing. However, neither group perceived differences in
usefulness, and clients noted no improvement in brand alignment,
highlighting a notable decoupling of novelty and usefulness (two
established components of creativity) in GenAl-supported design
outputs. Although short-term GenAl use did not broadly influence
participants’ creative thinking or experience, subgroup analyses
indicated increases in divergent thinking among participants new
to GenAl relative to participants with GenAl experience. We discuss
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the implications of the decoupling effect and GenAT’s influence on
humans’ creativity.
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1 Introduction

Creativity, commonly defined as the ability to generate novel and
useful ideas [102], is increasingly recognized as a pivotal skill in
modern society. Research has highlighted creativity’s significant
role in improving problem-solving, fostering innovation, boosting
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productivity, and contributing to personal socio-emotional well-
being, satisfaction, and life success [6, 76, 93, 96, 97], noting its
significance for both individual development and societal advance-
ment.

The design industry is a key environment for applying creativity,
where the constant generation of fresh and innovative ideas is
essential [24]. Creativity drives the production of novel and useful
outputs [10] that meet client needs and enable businesses to stand
out in competitive markets. In 2021, the global design industry was
estimated at $162 billion and consistently growing [38].

To address the increasing demand for innovative design solu-
tions, creativity support tools (CSTs) have become widely used in
the design. For example, over 90% creative professionals world-
wide use Adobe Photoshop, which boasts an estimated 23 million
monthly users [59]. Canva, an online graphic editing tool launched
a decade ago, has attracted 170 million monthly users worldwide in
early 2024 [16]. These CSTs are designed to enhance both the cre-
ative person and the creative activity [41], aiming to “make people
more creative more often” [90] and facilitating creative activities
by improving the processes, usability, and workflows involved in
creative work [83].

Recently, GenAl-powered CSTs have gained significant traction
for their potential to transform how designers work. These GenAI
tools claim to accelerate the creative process by automating repet-
itive tasks [7], suggesting innovative design concepts [105], and
providing real-time feedback [109]. Text-to-image models like Ope-
nAl's DALL-E [69] and Midjourney [67] can generate high-quality
visual content from text descriptions, enabling designers to quickly
prototype ideas [28]. For example, Adobe’s Creative Cloud suite has
incorporated GenAl features like “Generative Fill” [1] and “Neural
Filters,” marketed for their ease of use[2].

However, as the design industry increasingly relies on these
tools, the implications of these tools on users’ creative experiences
and the resulting design outputs remain to be studied. Our research
seeks to answer two questions:

e RQ1: How do generative Al tools influence users’ experi-
ences and creativity during a design task?

e RQ2: How do generative Al tools influence the perception
and evaluation of the resulting design outputs?

To investigate these questions, we conducted a two-phase study
(See Figure 1 for the study overview). In a within-subjects lab ex-
periment with 36 participants from diverse design backgrounds,
participants were asked to complete a common design task with or
without GenAl support: creating advertising material for a social
media campaign to promote a client organization. We measured
participants’ mood, creative ability, and self-reported self-efficacy.
Each participant submitted one or two designs per session and a
total of 105 eligible designs were collected.

In the second phase, the collected designs were evaluated by
five people from the organization the design task targets (“clients”)
and 155 independent online volunteers, all blinded to experimental
conditions. Evaluations were rated on visual appeal, creativity, un-
conventionality, and perceived usefulness. The clients also rated
their perception of the designs’ alignment with the client’s organi-
zation. Clients also provided optional qualitative feedback on each
design.
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Our study reveals that a single 25-minute session with GenAI
showed no significant impact on participants’ inherent creative abil-
ities, mood, or self-efficacy. However, subgroup analyses indicate
that the effects of GenAl varied based on prior GenAl exposure:
participants new to GenAl exhibited increased divergent thinking
compared to those already familiar with these tools.

Regarding design output, we discover that GenAlI-supported
designs are consistently perceived by both clients and online vol-
unteers as significantly more creative and unconventional com-
pared to human-only designs, which aligns with recent studies on
GenAT’s influence on design outcome [18, 19, 110]. However, we
also find, surprisingly, these GenAlI-supported designs are
not perceived as significantly more useful, showing a critical
decoupling of novelty and usefulness (two traditional dimen-
sions of creativity) of design output. The finding complicates
prevailing optimism about GenAD’s role in creative design,
suggesting that increased novelty does not necessarily trans-
late into more effective design outputs. In addition, qualitative
analysis of client feedback further illuminates this decoupling effect,
with GenAl-supported designs often praised for their innovative
and colorful qualities but criticized for“too busy” or deviation from
social norms.

Our study provides empirical evidence of GenAI’s influence on
users and design outputs. We discuss the observed decoupling effect
GenAl has on traditional two components of creativity: novelty and
usefulness. We also discuss this effect on creativity and society as
a whole. In addition, we argue for the intrinsic value of creativity,
highlighting the importance of designing GenAlI tools that support
human creativity rather than diminish it through automation.

2 Related Work

2.1 Creativity: Aspects, Measurement, and
Enhancement

The exploration of human creativity has intrigued scholars since
ancient times [47]. One famous framework, the 4P theory of cre-
ativity, delineates creativity into four aspects: Person (individual
traits like personality, cognitive abilities, and motivation), Process
(stages involved in creative thinking such as ideation and evalua-
tion), Product (the outcome of creativity marked by originality and
impact), and Press (environmental factors influencing creativity)
[85]. Our research primarily focuses on evaluating GenAI’s impact
on the Person and Product aspects of this framework (see Fig. 2).
Creativity from the Person perspective involves key components
such as divergent and convergent thinking [108]. Divergent think-
ing is defined as the measure of the varied potential of creative
thought and focuses on the processes of creative ideation [86, 89].
Divergent thinking relates to the ability to generate multiple cre-
ative ideas, typically assessed via tests like the Alternative Uses Test
(AUT) [35] and Torrance Tests of Creative Thinking [17, 95], which
measures how creatively participants can think of non-common
uses for common objects like a “paper clip” [35, 53]. The AUT evalu-
ates a person’s creativity across three facets: fluency, the quantity of
ideas generated; flexibility, the variety of idea categories; originality,
uniqueness or novelty of the ideas are compared to the ideas gener-
ated by other participants. On the other hand, convergent thinking
involves narrowing down these possibilities to find a single correct
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Figure 1: Our within-subjects experiment (Study One) and design output evaluation (Study Two) procedure. We recruited 36
participants to create social media advertisements promoting a client’s organization. Participants were randomly assigned to
two groups and completed two design sessions in a counterbalanced order. In the first session, one group designed independently
(human-only), while the other collaborated with a GenAlI tool (GenAlI-supported). After the first session, researchers measured
participants’ mood, self-efficacy, divergent thinking with the Alternative Uses Test [4], and convergent thinking with the
Anagram Test [12]. In the second session, the groups switched conditions: the human-only group used the GenAl tool, and the
GenAl-supported group designed independently. The same measurements were conducted after the second session. Across
both sessions, a total of 105 eligible designs were collected. In Study Two, five clients and 155 online volunteers, blind to
the experimental conditions, evaluated the designs based on their usefulness, creativity, unconventionality (“weirdness”),
alignment with the client’s brand (only evaluated by the clients), and visual appeal.
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Figure 2: We operationalized creativity into two components: human inherent creativity (Study One) and design product
creativity (Study Two). Human inherent creativity was measured twice per participant: once after designing with Generative
AI (GenAl) and once without (human-only). This was assessed using the Alternative Uses Test [4] (for divergent thinking,
coded into three facets: fluency, flexibility, and originality) and the Anagram Test [12] (for convergent thinking). In Study Two,
design products collected from Study One were evaluated by five client representatives and 155 online volunteers, who rated
each design’s usefulness, creativity, unconventionality, and visual appeal. Clients also evaluated brand alignment with their
organization.

solution [11-13, 60]. Frequently convergent thinking is assessed
through Anagram Test [40, 60], where participants rearrange letters
to form words, for example, “arc” translates to “car”. Both AUT test
and anagram tests have been used to understand people’s creativity
change in interventions [20, 40, 60, 66, 72, 104], showing people’s
creativity are sensitive to temporary modifiable factors.

With respect to the Product aspect, creativity is usually evaluated
by the novelty and usefulness of the outputs, often externally by

reviewers rather than self-assessed by creators [23, 25]. In visual
design and marketing contexts, prior research also assesses design
products’ alignment with client branding [26, 27, 37] and overall
visual appeal [37, 82]. For example, Dow et al. compared the ef-
fectiveness of advertisements created via serial prototyping (five
prototypes, each followed by feedback) to the effectiveness of adver-
tisements created via parallel prototyping (three prototypes then
feedback, two more then feedback, then a final design output). Using
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real-world click-through data, expert ratings, crowdsourced ratings,
they found that parallel prototyping yielded higher-performing ads
than serial prototyping [27].

In addition, instead of treating creativity as a static trait and
only judging final products, Kupers et al. developed a micro-coding
method that segments a creative activity into small, meaningful
units (e.g., utterances or actions) and codes each unit on two ordinal
scales: a novelty scale (from repetition to entirely new ideas) and
an appropriateness scale (from off-task to fully aligned with task
constraints). They show that the coded units can be analyzed using
time-series plots and state-space grids to reveal patterns, transi-
tions, and variability in real-time creative activities. The approach
provides a flexible, domain-general framework for quantifying cre-
ativity “in the here and now” [56]. Furthermore, Mahler proposes
a domain-independent formalized metric for evaluating creativity
that can be applied to artifacts produced by humans, computers,
or human-computer collectives. The formalization focusing on
three necessary qualities of any creative artifact: novelty, value,
and unexpectedness. The goal is to shift creativity research from
task-specific judgments to a shared, generalizable metric for assess-
ing creative products [65]. Recently, several studies have begun to
probe GenAT’s role in creativity [8, 17, 25]. For example, using a 14-
item expert-designed Torrance Test for Creative Writing, one paper
shows that human-written stories pass 85% of creativity criteria,
whereas LLM stories pass only 9-30%. This indicates that LLMs are
less likely to meet expert creativity standards and are not reliably
creative [17].

Drawing from empirical literature and established measure-
ments, our study uses the AUT and anagram tests to assess how
GenAl tool usage influences participants’ creativity (see section 3
for details). For evaluating design output, we recruited clients and
online volunteers who were blind to the experiment conditions to
rate the designs based on its usefulness, creativity, unconvention-
ality, visual appeal, and client’ brand alignment (see section 5 for
details).

2.2 Creativity Support Tools with Generative Al

With the advancement of computer technology, modern software
tools have been created to support creative processes, which have
been classified broadly as creativity support tools (CSTs) [30, 41, 90,
91]. CSTs are designed to support both creativity in individuals and
collaboration in teams, aiming to “empower users to not only be more
productive, but more innovative” [84]. Today, CSTs are widely used
in digital design, with tools like Adobe’s Creative Suite (Photoshop,
Mlustrator, etc.) [59], Canva [16] as the most popular.

Recently, more and more CSTs, especially these popular ones,
are rapidly incorporating generative Al features to assist design-
ers [1, 2, 15, 29]. They promise to provide support across design
stages, from idea exploration [44] to prototyping [49]. In marketing
and advertisement design, studies have found that GenAl-created
imagery has potential for better quality designs [37] and also the
potential to transform the industry into a data-driven, tool-based,
synchronized, and more efficient system [77]. However, research
also shows that perceived eeriness in Al visuals negatively impacts
consumer acceptance, especially if images of people look almost,
but not fully, human([34].
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At the same time, a growing body of work cautions that inte-
grating GenAl into existing design workflows is far from straight-
forward. In a study investigating why even experienced CAD de-
signers struggle to co-create with GenAlI design tools, Gmeiner
et al. found that designers have difficulty interpreting Al outputs,
lack clarity about how their inputs shape results, and often resort
to workarounds or abandon advanced features because the tools
provide little scaffolding for learning or shared decision-making
[33]. In a within-subjects study, Kulkarni et al. asked 14 pairs of
employees to design party invitations once with image search only
and once with a GenAl diffusion model. By analyzing participants’
interactions, artifacts, and post-task reflections, the authors found
that GenAlI supports broader design-space exploration and fluid
remixing of collaborators’ ideas but introduces challenges around
fine-grained control, asymmetric access to prompts, and nondeter-
ministic outputs [54].

Despite this surge of work on new GenAl powered CSTs, there
remains a scarcity of prior work validating their influence on both
the novelty and usefulness of design outputs.

2.3 Designers’ Perceptions and Concerns about
GenAl Tools

Recent studies have explored the opportunities and challenges of
GenAl in design. Interviews with visual artists find that artists value
GenAl for automating the creation process, reducing repetitive
tasks, supporting the exploration of creative ideas, and facilitat-
ing communication with multiple stakeholders [51]. A study with
UI/UX designers revealed that designers highly value the human
factors of “enjoyment” and “agency” when working with GenAl
[57]. Researchers have proposed that Al-supported design systems
incorporate features such as inspiration search, exploration of de-
sign alternatives, customization of design systems, and automated
checks for design guideline adherence [62]. GenAl tools are par-
ticularly effective during the divergent phases of design, helping
designers overcome creative blocks and explore new possibilities.
However, designers feel they are less suited for convergent tasks
that require precise iteration [98].

One promising approach to human-AI collaboration that re-
searchers have noted is the concept of mixed-initiative co-creativity
[23, 106]. In this paradigm, human and AI agents work together,
each contributing according to their strengths. Studies have inves-
tigated how mixed-initiative systems can support various aspects
of the creative process, such as idea generation, conceptual explo-
ration, and design refinement [22, 52, 58].

However, the impact of generative Al on mixed-initiative cre-
ativity is still a highly contested topic of ongoing research. One
study found that access to GenAlI worsened creative performance
for participants whose creative potential was above the sample
median [111]. While some researchers suggested that generative
Al can enhance individual creativity by providing inspiration and
facilitating exploration through suggesting novel and unconven-
tional ideas [39], others found that GenAl outputs can be overly
generic [57] and fear that GenAl may homogenize creative outputs
[99], and reduce conceptual diversity at a collective level [25],

Additionally, others caution that an overreliance on Al might
constrain human creativity by promoting conformity or limiting
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exploration [43, 46], and by encouraging cognitive offloading and
dependence [32]. Junior designers also worry about ethical impli-
cations, skill degradation, limited opportunities to develop core
design skills, and the potential for being replaced by GenAl tools
[57, 98].

Moreover, most existing studies on Al's impact on creativity have
focused on textual outputs using text-to-text models, like writing
essays [74], fictional stories [25], or imaginative and experimental
scenarios [8, 9]. However, there still remains a notable gap in re-
search applying Al to real-world text-to-image design tasks and
evaluating these outputs to assess their creativity.

Our study addresses this limitation by examining text-to-image
generation in real-world design contexts, collecting data on both
designer experiences and creative outputs to provide an under-
standing of GenAI's impact on both designers and their design
outputs.

3 Study One: Experimental Method

In Study One, we conducted a within-subjects experimental study,
in which 36 participants designed social media advertisements to
promote a newly launched website for a research group (see an
example output in Figure 3, and other examples in Figure 7 in the
Appendix). All participants participated in each of two conditions:
one in which they designed social media advertisements for the
research group with the support of GenAl and one in which they
designed social media advertisements without it. In the GenAl-
supported condition, participants were instructed to use Al to assist
their design process. As detailed below, in both conditions partici-
pants were allowed to use additional non-Al tools to refine their
designs as needed (e.g., adjusting text, layout, or other visual ele-
ments). All participants completed both sessions, with session order
counterbalanced.

3.1 Participants

We recruited 36 participants via academic communication channels
(Slack, Discord, etc.), email lists, and by posting fliers at a large
public university campus in the United States. We recruited partici-
pants primarily from a college community and alumni networks;
we did not specifically target professional designers. We advertised
the study as a creativity and design study and included a QR code
on the fliers and online posts that directed interested individuals to
an online screening survey. 170 potential participants filled out the
screener. In this initial survey, participants self-reported their de-
sign experience, typical design output types, prior experience using
Al for design work, gender, native language, current or completed
college major, and other demographic information. For design ex-
perience, they rated themselves on a 1-5 scale (from “minimal” to
“expert”). We included participants who reported prior experience
with graphic design tasks (e.g., posters, website design), and we
aimed to recruit participants with varying levels of design experi-
ence and prior exposure to Al tools. All participants included in the
study had some previous graphic design experience. Participants
were over-representative of young people, with 94% (N = 34) under
the age of 30, and of women (81%, N = 29). They had a diverse range
of Al design tool experience with 67% (N = 24) having at least some
experience using GenAl for design tasks. Each participant received
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a $40 Amazon gift card for completing the study. Participants’ self-
evaluated design ability and other design background information
are shown in Table 2 (Appendix). We include additional participant
demographics in Table 3 (Appendix).

3.2 Apparatus

The design tasks were conducted via an in-lab-controlled environ-
ment. Participants in GenAl-supported condition were asked to use
the ChatGPT web app [70], powered by the DALL-E3 text-to-image
model on their laptop, to generate and modify designs (we provided
participants with ChatGPT Plus accounts). The decision to control
the GenAl tool (e.g. ChatGPT) was driven by two practical con-
siderations: the need to purchase subscriptions for ChatGPT Plus
before the experiment and the need for participants to have baseline
familiarity with the tool (ChatGPT text-to-image is both simple to
use and has gained widespread popularity). For the human-only ses-
sion, participants completed their designs individually using their
preferred software tools, reflecting their realistic design workflows.
During the human-only condition session, we observed participants
typically used Adobe Photoshop, Figma, Canva, and for a minority
used Adobe Illustrator and Google Slides; participants could also
search online for existing design assets (e.g., stock icons, images)
as needed. Participants completed all assessments using Qualtrics,
an online survey platform [78].

We performed assessments in two areas: evaluations of partic-
ipants’ intrinsic creativity (divergent and convergent thinking),
and self-report measures of participants’ experience (mood, self-
efficacy).

o Participant Creativity: To measure participants’ inherent
creativity, we used the Alternative Uses Test (AUT) [4], an
established measure of divergent thinking, and the Anagram
Test [12], an established measure of convergent thinking (see
section 2.1 for detailed description). In the AUT, participants
brainstorm unconventional uses for a commonplace item,
such as a bottle or table, with a two-minute time limit. This
is then repeated with a second item. The total number of
uses participants list across both objects is their final score.
Participants received the following instructions:

“You will be given two everyday objects. Your task is to
think of as many different uses for this object as possible
beyond its common or intended use. Try to come up with
original, unusual, diverse, and creative uses in your re-
sponses as you can. For example, if the object given to you
is a paperclip, you might think of using it to: 1) eject the
SIM card from a phone, 2) be material for a tiny sculpture,
3) clean small crevices. Remember, the more creative and
unusual, the better!”
The Anagram Test assessed participants’ convergent think-
ing by asking them to rearrange letters of a prompt word
(e.g., “lamp”) into a different word (e.g., “palm”). They had
three minutes to rearrange as many prompt words as pos-
sible into their anagrams, with their total number solved
determining their final convergent thinking score.

o Participant Experience: Consistent with prior research [27,
48], we measured participant mood via a short, self-report
survey with three subscales: relaxation, pleasure, and energy
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level. We also measured participant self-efficacy through a
self-report scale developed by Dow et al. [27].

3.3 Procedures

Study One consisted of two sequential design sessions and lasted
approximately 90 minutes in total (see Study One overview Fig.
1). At the start of the session, we informed the participants that
they would create advertisements intended to be used in actual
advertising campaigns on social media platforms (e.g., Facebook
and Instagram) to promote a research group’s newly launched
website. To encourage high-quality design work, we informed them
that the creators of the top three designs would receive an additional
$40 gift card bonus. Participants then completed each of two study
sessions:

e Session One: Participants were randomly assigned to begin
either with the GenAl-supported condition or the human-
only condition. In both conditions, they were tasked with
designing a social media advertisement to promote a newly
launched research group website communicating opportuni-
ties for the general public to participate in research. Through
a short Q&A session, we showed participants example social
media advertisements on a different topic and ensured they
understood the design requirements. Each participant re-
ceived a design task sheet with a short paragraph describing
the research lab, including its history and mission, and a
link to the new website. In addition, the design task sheet
included the following prompt:

— Task. You are asked to create a social media campaign ad
for the client organization. The purpose of the campaign is
to promote the newly designed website for Digital Youth
Lab at University of Washington, showcasing the lab’s
past and ongoing research, and offering both students and
parents opportunities to participate in research. You are
requested to submit one or two designs (advertisements
to be deployed on social media) in 25 minutes. Please
make the design appropriate for a social media advertising
campaign.

— Dimensions. The advertisement should be formatted to a
size of 1080 X 1080 pixels (1:1 aspect ratio).

— Mandatory text. Each advertisement must include the fol-
lowing text: 1) “Digital Youth Lab” 2) “Explore new studies
and participation opportunities,” and 3) an institution logo.

In the GenAl-supported condition, participants were in-

structed to use ChatGPT for design support, but were also

permitted to use other tools to correct inaccuracies in Al-
generated text, clip images as needed. Participants in the
human-only condition completed their designs without any

Al support. Each participant had 25 minutes to create one or

two designs, a duration determined to be feasible through

prior pilot testing. After completing the design task, partici-
pants immediately completed self-report measures assessing
their mood and self-efficacy (typically taking under 30 sec-
onds). They then completed the Alternate Uses Test (AUT)
to assess divergent thinking, followed by the Anagram Test
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to assess convergent thinking. All assessments were admin-
istered via Qualtrics. After these assessments, participants
took a 1-3 minute break before starting Session Two.

o Session Two: This phase mirrored the first, with participants
completing the condition they did not complete in Session
One: those who used ChatGPT initially (GenAI-supported
condition) now designed individually (human-only condi-
tion) and vice versa. After completing the second design
session, participants were once again evaluated on their
mood, self-efficacy, divergent thinking via the AUT, and
their convergent thinking via the Anagram Test. We col-
lected all design outputs from both sessions for subsequent
evaluation in Study Two. When we collected their designs,
participants were also asked to indicate which of their de-
signed advertisements was their “best” design (only one per
participant).

3.4 Data Analysis

We conducted within-subjects analyses with one primary factor: de-
sign support (GenAl-supported vs. human-only). We also examined
two participant subgroups: prior GenAl tool experience (with prior
GenAl design tool exposure vs. without prior GenAl design tool
exposure) and native language proficiency (native vs. non-native
English speakers). We examined GenAI’s impact on participants’
creativity and experience both across the entire participant group
and within these subgroups.

During the analysis, consistent with the literature, one researcher
coded participants’ AUT responses for three dimensions: fluency,
flexibility, and originality using the counting method in [4]. To eval-
uate differences between experimental conditions, we performed
Wilcoxon signed-rank tests on scores of divergent thinking (AUT),
convergent thinking (Anagram Test), mood (relaxation, pleasure,
energy), and self-efficacy.

4 Study One Results: Participants’ Experience

4.1 Overall Effects on Participants’ Mood,
Self-Efficacy, and Creativity

We found that there were no significant differences between con-
ditions in mood (relaxation, pleasure, energy), self-efficacy, inher-
ent divergent thinking (AUT), or convergent thinking (Anagram).
However, further subgroup analyses revealed significant condition
differences based on prior experience with GenAl tools and native
language proficiency.

4.2 Subgroup Analysis: Prior Experience with
GenAI

A Wilcoxon signed-rank test showed that, for participants with-
out prior GenAl design tool experience, the 25-minute GenAl-
supported design session significantly enhanced divergent think-
ing. Our analysis showed a significant increase in idea fluency
score (M = 14.333, SD = 4.384) and flexibility score (M = 12.250,
SD = 3.562) in the GenAl-supported design session, as compared
to the human-only design session (fluency, M = 12.500, SD = 4.573,
Z =-2.112,p < .05; flexibility, M = 10.167, SD = 3.131, Z = —2.203,
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Figure 3: Example social media advertisement designs created by participant 8. The left design was produced without AI
support; the right design was produced with AI support. In Study Two, clients and online volunteers evaluated the designs
based on their usefulness, creativity, unconventionality (“weirdness”), alignment with the client’s brand (only evaluated by the
clients), and visual appeal. See additional design examples in Figure?7 in the Appendix.
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Figure 4: Analysis of the impact of GenAl on divergent thinking measured by idea fluency and flexibility for subgroups with
and without prior GenAl experience. For participants with no prior GenAl design tool experience, GenAl significantly increased
idea fluency (p < .05) and flexibility (p < .05) compared to the human-only condition. No significant improvement in fluency or
flexibility was observed for participants with prior GenAl experience. Error bars represent 95% confidence intervals.

p < .05). However, for participants with prior GenAl design tool
experience, we observed no significant differences between con-
ditions in divergent thinking scores. Additionally, there were no
significant condition differences in convergent thinking, mood, or
self-efficacy regardless of prior GenAl experience.

5 Study Two: Design Evaluation Method
5.1 Participants

To understand GenAT’s influence on design output, we recruited two
groups: (1) evaluators who were members of the research group
whose newly launched website participants aimed to advertise
(“Clients”). And (2) online volunteer participants to evaluate the
advertisement design products created during Study One.
Clients: To evaluate the designs produced by participants in
Study One, we recruited five members of the research group that
the advertising campaign aimed to promote, serving as “clients”
and stakeholders for this design work. We recruited evaluators

by posting recruitment messages to the client lab’s communica-
tion channels and through word-of-mouth. We recruited client
evaluators to enhance ecological validity and to provide specific
perspectives on design evaluation such as their evaluation of brand
alignment with the research group. Evaluators were researchers ac-
tively involved in the research group for which the advertisements
were created, and all had backgrounds in design and technology.
They were stakeholders who could determine which advertisement
to deploy. Evaluators also provided qualitative feedback about the
design products, as illustrated in Section 5.3. Evaluators received a
$40 gift card as a thank-you for their time. Demographic informa-
tion about client evaluators is shown in Table 4 in the Appendix.

Online Volunteers: We also recruited online volunteers through
the online research study platform LabintheWild' Consistent with

!https://labinthewild.org/ The research platform has previously been used for design
evaluations [36, 79-81], with the data quality being comparable to controlled lab
studies and superior to those conducted on Mechanical Turk [81, 107].
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standard practice on this research platform, at the end of the eval-
uation, we provided each participant a comparison visual of their
ratings to the average ratings previously collected from client evalu-
ators. This feedback served as an incentive and acknowledgment of
their participation on this research platform. In total, we collected
ratings from 155 volunteer participants after excluding incomplete
entries. Participants were aged 9 to 64 years (M = 25.6,SD = 11.5).
The majority were from the United States (N = 62, 40.0%), with the
remainder from other countries (N = 93,60.0%). The gender dis-
tribution was: female n=90 (58.1%), male n=56 (36.1%), non-binary
n=3 (1.9%), prefer not to say n=5 (3.2%); one participant selected
other (0.6%).

5.2 Apparatus and Procedure

Both client evaluators and online volunteers completed their evalu-
ations online.

e Design Product Evaluation by Clients: To evaluate the
quality of designs produced by participants in Study One, we
created a Likert scale survey for each design product to be
completed by five client evaluators blind to experiment con-
ditions. The survey included an 11-point scale question about
the usefulness of the design (“In a social media ad campaign,
how well will this ad perform?”), and four 7-point “strongly
disagree” to “strongly agree questions” to measure designs’
creativity (“This design is creative”), unconventionality (“This
design is weird”), brand alignment with clients’ organization
(“This design effectively represents our organization,”) and
visual appeal (“This design is visually appealing”). In addi-
tion, the survey included three free-response textboxes per
design where clients could optionally input their qualita-
tive comments such as likes, dislikes, and explanations for
their ratings. Each client was presented with 105 designs in
random order using Qualtrics. Evaluating all designs took
approximately 45-75 minutes, with breaks allowed as needed.
Design Product Evaluation by Online Volunteers: Simi-
larly, we created a Likert scale survey for each design pro-
duced by Study One. The survey included four 7-point “strongly
agree” to “strongly disagree” questions to evaluate each de-
sign’s usefulness (“If I saw this advertisement on social media,
I'would click it”), creativity (“This advertisement’s design is cre-
ative”), unconventionality (“The advertisement looks weird”),
and visual appeal (“This advertisement is visually appealing”).
We deployed the study using the online volunteer sourcing
research platform LabintheWild from April to August 2025.
Each volunteer participant completed one practice rating be-
fore evaluating ten randomly presented designs. Only ratings
from these ten designs were included in our final analysis.

5.3 Analysis

To analyze both clients’ and online volunteers’ perceptions of de-
sign outputs, we used a Generalized Linear Mixed Models (GLMM).
Our measured dependent variables (creativity, unconventionality,

2To enable anyone to participate, including minors, the research team obtained a
waiver for parental consent from their IRB.
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Table 1: Effect of GenAl support on design evaluations
(GLMM results). Significant effects bolded.

Clients Volunteers

p SE =z p B SE =z p

Creativity .81 .18 4.41 <.001 90 .15 6.04 <.001
Unconventional 130 .19 6.72 <.001 .66 .11 6.22 <.001
Visual appeal 226 .18 143 153 45 .14 325 <.01

Usefulness .02 .16 0.12 .905 .00 .11 0.01 .995

Brand align. -19 .20 -092 359 — — — -

visual appeal, usefulness, and brand alignment) were collected us-
ing ordered Likert scales, and the data exhibit hierarchical non-
independence owing to 1) each rater rated multiple designs, and 2)
each participant could submit multiple designs, resulting in designs
being nested within participants. A GLMM is appropriate and can
simultaneously model fixed effects (presence of GenAlI support)
and random effects (individual differences among raters, and vari-
ability across designs nested within participants). Our model can
be represented as: Outcome ~ GenAlI_support + (1 | rater) + (1 |
design participant) + (1 | design participant:design).

To analyze the qualitative open-ended feedback provided by
client evaluators, one researcher performed a thematic analysis [14]
on all qualitative comments from the five client evaluators. The
researcher began by carefully reviewing each comment and adding
detailed notes to capture initial observations and ideas. After this
initial open-coding phase, the researcher iteratively refined the
identified codes, grouping similar comments and merging related
codes into broader, coherent themes.

6 Study Two Results: Design Product Evaluation

In total, participants generated 110 designs (54 designs in the human-
only condition and 56 designs in the GenAl-supported condition).
Five designs were filtered out for non-compliance with the study
requirements. This resulted in a final count of 105 eligible designs
(52 human-only and 53 GenAl-supported ) for design evaluation.
When submitting their work, participants were also asked to in-
dicate which of their own advertisements they considered their
“best” design. They selected a GenAl-supported design in 17 of
36 cases (47.2%), with the remaining 19 preferring a human-only
design. This near-even split suggests that, from the participants’
own perspective, GenAl support did not consistently produce de-
signs they viewed as better. The average number of designs per
participant was 1.44 in the human-only condition and 1.47 in the
GenAl-supported condition. Five client evaluators each rated 105
designs, yielding a total of N = 525 ratings. Additionally 155 online
volunteers each rated 10 designs, yielding a total N = 1550 ratings.

We first present results from the client evaluations, followed
by evaluations from the online volunteers. Detailed comparisons
between client and volunteer evaluations are presented in Table 1.
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Figure 5: Client Evaluation: Analysis of design output evaluated by clients in GenAI-supported vs. human-only conditions.
There is no significant difference in the perceived usefulness, visual appeal, and brand alignment between the conditions.
However, designs supported by GenAl were rated significantly more creative (p < .001) and unconventional (p < .001). Error

bars represent 95% confidence intervals.

6.1 Client Evaluation: Creativity,
Unconventionality, Usefulness, Visual
Appeal, and Brand Alignment

We used a GLMM to analyze how GenAl support influenced client
perceptions of the creativity, unconventionality, usefulness, visual
appeal, and alignment with the client’s organization for the 105
designs. The models included random intercepts for raters (n = 5)
and designs nested within participants (n = 105 designs from n = 36
participants), addressing non-independence among designs by the
same participant. Client raters perceived GenAl-supported designs
as significantly more creative (f = 0.805, SE = 0.183, Z = 4.405,p <
.001) and more unconventional (f = 1.300, SE = 0.193, Z = 6.721,
p < .001) than human-only designs. However, clients reported no
significant differences between GenAlI-supported and human-only
conditions in perceived usefulness (f = 0.019, SE = 0.163,Z = 0.119,
p =.905), visual appeal (f = 0.264, SE = 0.184, Z = 1.430, p = .153),
or alignment with the client’s organization (f = —0.188, SE = 0.204,
Z =-0.917, p = .359). See Fig. 5 for visualization.

6.2 Online Volunteer Evaluation: Creativity,
Unconventionality, Usefulness, and Visual
Appeal

We applied the same modeling to analyze online volunteers percep-
tion of creativity, unconventionality, usefulness, and visual appeal
for the same 105 designs (note alignment with client measure does
not apply for online volunteers). Again, random intercepts account
for variability across individual raters (n = 155) and designs nested
within participants (n = 105 designs from n = 36 participants).
Online volunteers rated GenAl-supported designs as significantly
more creative (f = 0.900, SE = 0.149, Z = 6.040, p < .001), more un-
conventional (f = 0.658, SE = 0.106, Z = 6.218, p < .001), and more
visually appealing (f = 0.447, SE = 0.138, Z = 3.245, p < .01), com-
pared to human-only designs. However, there was no significant
difference between GenAl-supported and human-only conditions
in perceived usefulness (f = 0.001, SE = 0.112, Z = 0.006, p = .995).
See Fig. 6 for visualization.

In summary, the findings show both clients and online volun-
teers perceived GenAl-supported design as more creative and un-
conventional, suggesting a clear novelty effect by involving GenAl

However, neither group observed improvements in perceived use-
fulness of the designs, indicating there is a decoupling between
design perceived novelty and usefulness.

6.3 Qualitative Analysis of Client Evaluation
Comments

6.3.1 Perceptions of GenAl-Supported Designs: Increased Creativ-
ity and Colorfulness with Potential Drawbacks of Complexity and
Confusion. Clients generally found GenAl-supported designs to be
more creative and engaging than human-only designs, frequently
praising their “very creative and appealing” style (E1). The “bright
colors” (E3) and “eye-catching compositions” (E5) were highlighted
as key elements that made these designs stand out. They mentioned
these designs potentially could attract viewers in contexts like so-
cial media advertisements, as one client noted, “I'd guess imagery is
much more noticeable as a brief ad” (E1). The use of vibrant colors
was consistently seen as a strength, with descriptions such as “visu-
ally interesting, attractive,” (E1) and featuring “flashy colors and cute
robots” (E5) that captured attention. Even when some clients were
not enthusiastic about certain designs overall, they still recognized
that the colors were “catchy” and visually compelling (E3). Client
evaluators attribute these effects largely to GenAl’s innovative use
of colors and layouts, which were perceived as more dynamic and
engaging (E1, E3).

However, GenAl-supported designs sometimes led to issues of
being too complex and lack of clarity. Clients criticized several
GenAl-supported designs for being “too busy” (E3, E5) and having
“too many elements” (E1) that cluttered the visual space, making
them difficult to interpret quickly. Comments noted that there were
“too many colors and icons to look at” (E1), creating a sense of vi-
sual overload. Additionally, text legibility was a recurring concern;
clients found that the text was often “not legible,” which further
detracted from the overall effectiveness of these designs (E1).

While GenAl-supported designs mostly followed graphic design
norms, they sometimes broke them through unnatural or abnormal
compositions. For example, clients were puzzled by choices like
images “overlaying another image that is obstructed” (E1), noted that
appeared “2D but the actual ad is oriented away from the viewing
angle” (E2), and background elements such as graphs that did not
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Figure 6: Online Volunteer Evaluation: Analysis of design output evaluated by online volunteers in GenAl-supported vs.
human-only conditions. There is no significant difference in the perceived usefulness. However, designs supported by GenAl
were rated significantly more creative (p < .001), unconventional (p < .001), and visually appealing (p < .01). Error bars represent

95% confidence intervals.

seem to add meaningful content to the poster (E3). Moreover, cer-
tain designs were described as “weird” or “uncanny,” with unusual
compositions or elements that felt out of place or unsettling, as one
client said, “the face looks a bit too uncanny valley for my taste”, and
also mentioned another design had “a weird artifact on the image
by [the text] ‘innovation™ (E5).

These aspects corroborate our quantitative findings suggesting
that while GenAlI-supported designs are perceived as creative and
visually striking, they sometimes fail to maintain clarity and are
perceived as too busy, potentially limiting their usefulness in com-
municating intended messages.

6.3.2 GenAl-supported Design Broadens Inclusivity, But Sometimes
Misunderstands Social Norms. Clients noted that GenAl-supported
designs effectively showcased diversity, featuring a wide range of
technologies and representations of children from various back-
grounds. One client appreciated the “images showing the diversity
of technologies and multiple children” (E1), and another mentioned,
“representation of diverse teens” (E3), highlighting the broader inclu-
sivity in these designs. In contrast, some human-only designs relied
on more stereotypical imagery, such as the “overuse of stock imagery
of white human hands with white robot hands” (E3). These observa-
tions suggest that GenAl has the potential to expand representation
and diversity in these design tasks.

However, clients also pointed out that some GenAl-supported
designs misaligned with social norms and could unintentionally
convey inappropriate messages. For example, one client found cer-
tain characters problematic, stating that people next to children
“look like adults,” and if so, “the hand on the child is immediately
disturbing” (E1). Another comment noted that certain images ap-
peared “super Al generated, and not in a good way,” questioning
“why are the teens hugging? And what’s in the background?” (E3).
These critiques show that while GenAl designs introduce greater
diversity, they can also create uncomfortable or ambiguous imagery,
potentially leading to unintended interpretations.

7 Discussion

7.1 GenAT’s Impact on Decoupling Novelty vs.
Usefulness of Design Outputs

Creativity fundamentally requires both novelty and usefulness
[61, 63, 73, 88]. Both client and volunteer evaluators in our study
rated GenAl-supported advertisements as significantly more cre-
ative and unconventional compared to human-only designs. How-
ever, neither group judged them more useful, and clients noted no
brand-alignment gain. This divergence highlights an important and
surprising problem: a decoupling between novelty and usefulness
in GenAl-supported visual design.

Several factors may explain this decoupling effect. Clients’ quali-
tative comments frequently described GenAl-supported designs as
visually appealing, yet often criticized them as “too busy,” or hav-
ing “too many colors” Clients’ feedback shows a tension between
aesthetic appeal and clarity, as eye-catching visuals, clutter, and
unconventional composition can sometimes overshadow a design’s
message, diminishing their usefulness. Additionally, some outputs
generated by GenAl displayed ambiguous or uncanny elements
that violated social norms, further detracting from their perceived
appropriateness. Another likely factor is the hidden optimization
of current commercialized GenAI models for visual interest. Com-
mercialized models tend to share certain aesthetics [68], prioritize
surprising, attention-grabbing visuals rather than clearly support-
ing design goals (e.g. Midjourney founder mentions their model’s
style is “a bit whimsical and abstract and weird...surprising and
beautiful” See [100]), leading to outputs that may be intriguing but
fail to consider practical design requirements and objectives.

Our findings also highlight several potential downsides of wide-
spread GenAl use in design. Prior work describes the rise of “Al
slop,” where low-quality, machine-generated content saturates on-
line platforms [64]. Our results suggest that graphic design is one
domain where this risk is very real: GenAlI can produce novel ads
that are not, on average, more useful. Qualitatively, we observed
“weird” and sometimes socially inappropriate visuals that could pol-
lute the contemporary design space and, over time, shape emerging
users’ visual taste and broader cultural norms. We also saw recur-
ring patterns such as very bright colors and complex compositions,
hinting at a converging “Al style,” which echoes concerns that
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generative Al homogenizes outputs [99] and reduces diversity at a
collective level [25]. Designs perceived as creative now may quickly
come to feel banal once this aesthetic saturates the culture.

Using GenAl in design also places metacognitive demands [94]
on users, requiring sustained monitoring and control. Novelty can
create an illusion of quality: designers, clients, and end-users are po-
tentially vulnerable to a novelty bias, mistaking different for better.
In our study, this sometimes led to submissions that were eye-
catching but unclear, or misaligned with social norms. To counter
this, designers need a separate evaluation pass that deliberately
asks: Is this legible? On message? On brand? Accessible? Appropri-
ate?—that is, engaging “System 2” thinking rather than relying on
immediate impressions [45].

Our participants were primarily novice designers recruited from
a college community and alumni networks. In this setting, our re-
sults complicate the common assumption that integrating GenAl
into design workflows reliably improves downstream effectiveness.
Our results motivate a shift toward outcome-based evaluation, such
as measuring brand comprehension, clarity, and customer satis-
faction. Future work should also examine longer-term learning
trajectories to understand how GenAl affects the development of
design judgment and effectiveness over time for novice designers.
For example, GenAlI tools can also serve as learning-oriented sys-
tems that provide structured feedback on clarity, brand alignment,
and accessibility, rather than optimizing primarily for novelty.

More broadly, our results underscore that novelty is not inher-
ently good; it is conditional. Novelty is beneficial only when basic
constraints are respected, the message remains clear, and the au-
dience is not overloaded or confused. If GenAl tends to overshoot
on novelty, the designer’s role shifts toward curating, constraining,
and repairing Al outputs rather than simply accepting them. This
perspective helps justify why human judgment remains central:
the designer is responsible for turning “interesting” into “appropri-
ate and useful” This is especially important for novice designers
entering the field through GenAl tools as their long-term skill will
depend on recognizing when a GenAl design fails and knowing
how to fix it.

Finally, our findings point to an opportunity for GenAl design
tools to shift from just image generators into critique partners. In-
stead of only producing alternatives, tools could analyze a design
task and the resulting designs, flagging issues such as low contrast,
illegible text, platform-inappropriate formats, or weak brand align-
ment, and offering explanations of these trade-offs. Al research
suggests that models are often better at critiquing than creating
on the first attempt [103], which makes this direction especially
promising. As more novice designers rely on GenAl, having tools
that also teach what is appropriate and effective, rather than only
what is possible, will be critical.

7.2 Human Creativity in the Age of GenAl

We observed heterogeneous effects in influencing participants. Par-
ticipants new to GenAl demonstrated higher divergent thinking
after a 25-min GenAl design session, specifically in fluency and
flexibility. Conversely, those with prior Al experience showed no
comparable short-term improvement. This suggests that generative
AT’s cognitive impact varies based on users’ prior experience. While
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our findings support optimism of GenAl adoption for participants
who have never used GenAl-powered design tools, this advantage
appears temporary, diminishing as participants become accustomed
to the tools. This observation aligns with previous research indi-
cating that LLMs may improve short-term creative performance
but potentially impair independent creative ability over time [55].
These findings imply that the creative benefits of GenAl may not
persist after users gain familiarity with GenAI tools, and reliance
might even negatively impact users’ creativity in the long run.

In addition, building on previous literature, our results indicate
that GenAI might induce false confidence in users. Although our
participants did not report improved self-efficacy following short-
term GenAl usage, various prior studies report designers often
perceive enhanced confidence and reduced anxiety and cognitive
load when using Al tools [3, 42], particularly in early-stage, concept-
development tasks [18]. Such perceived ease of production, however,
risks inflating users’ confidence in their creative abilities without
improving actual creative skills or outcomes [31]. Our results sig-
nal that this might be true, since the use of Al does not lead to a
perceived increase in design usefulness. This “illusion of creative
competence” may be especially problematic in educational contexts.
If novice designers misattribute Al-driven improvements to their
own skill, they risk underdeveloping creative abilities such as de-
sign judgment, critical evaluation, and aesthetic taste. Furthermore,
as users increasingly adopt project-level orchestration roles (e.g.,
project manager) when working with generative Al they encounter
challenges in clearly defining and articulating creative intent and
goals [75], which is critical for the design to be useful. These con-
cerns raise questions about how users working with GenAI tools
can develop and grow their creative skills rather than relying on
temporary, potentially misleading boosts in self-confidence.

The emergence of an Al-only workflow further complicates dis-
cussions surrounding human-Al co-creation with GenAlI tools. A
recent marketing research study shows that advertisements gen-
erated by Al alone (e.g., users only implement the workflow) out-
perform advertisements generated by humans alone on measures
such as perceived quality, realism, and advertising effectiveness.
This field study shows that banner ads designed by AI have higher
click-through rates than human-made banner ads [37]. Our find-
ings introduce additional complexity to this discourse, showing
that although GenAl-supported designs displayed higher perceived
novelty than human-only designs, they did not improve perceived
usefulness. With prior literature, our results challenge prevailing
assumptions about human-Al co-creation as an inherently benefi-
cial paradigm in the CST domain. Future research should therefore
clarify the contexts, use-cases, and conditions under which Al-only,
human-only, or human-AI co-creation processes are optimal. Fu-
ture empirical work should also explore the unique value of human
creativity, such as taste, intuition, and cultural sensitivity that may
resist or complement the characteristics of Al-generated output.

At a societal level, the widespread adoption of GenAl in creative
industries raises concerns regarding long-term diversity in creative
outputs and public acceptance. Literature shows that GenAl can
homogenize the ideas generated by different users [8] and limit
human agency and lead to creative fixation [5, 21, 101]. Reliance on
afew dominant generative models such as Nano Banana or Midjour-
ney may inadvertently homogenize design outcomes [25], limiting
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stylistic diversity and narrowing the exploration of design solu-
tion space. As Al-generated visuals proliferate, initial perceptions
of novelty may diminish, potentially leading to aesthetic fatigue
among audiences. This raises critical questions: Is the current hype
of GenAl-generated designs merely a temporary novelty effect or
will it persist over time? Could sustained exposure lead viewers
to value human-only creations more, driven by fatigue with AI
aesthetics or a desire for authenticity? These questions call for lon-
gitudinal research to examine how acceptance evolves as GenAl
content continues to saturate public media and cultural spaces.

Creativity holds intrinsic value, allowing people to express unique
human perspectives, emotions, and experiences [71]. Through cre-
ative endeavors like writing, art, music, and problem-solving, in-
dividuals can explore and articulate who they are [87] alongside
providing a sense of authenticity and fulfillment [47, 92]. As gener-
ative Al increasingly mediates creative tasks, it becomes essential
to critically evaluate how these technologies impact, support, or po-
tentially constrain our innate creative capacities on both individual
and societal levels. As Kaufman once said:

“The way we define and study creativity has deep im-
plications for how we see ourselves—as more or less
agentic beings, as determined by our society and cul-
ture or actively shaping it, as different from or similar
to the divine” [47].

8 Limitation and Future Work

One limitation of our study is the reliance on subjective evalua-
tions by client and online volunteer raters to assess the perceived
usefulness of the design products. Although subjective ratings are
common proxies for real-world design effectiveness [26, 50], they
may not fully capture objective performance metrics, such as ac-
tual click-through rates on social media platforms. Nevertheless,
the strong alignment between client and online volunteer ratings
in our study provides converging evidence. Future studies should
further validate these subjective evaluations by examining objec-
tive real-world outcomes, such as user engagement or behavioral
metrics.

Second limitation was our use of the GPT-4 model powered
by DALL-E3 for text-to-image generation, rather than other CSTs
powered by models specifically designed for design tasks. We se-
lected ChatGPT due to its popularity, widespread familiarity, and
accessibility. This limitation reduces our generalizability since de-
signers may use different kinds of creative support tools. Future
research should investigate the impacts of other text-to-image or
image-to-image GenAl models, dedicated visual design tools, and
other general-purpose chatbot-based assistants. Third, our study is
the controlled lab environment itself. Although participants in the
human-only condition freely selected their preferred design tools
to respect their typical workflows, the study is still in an artificial
setting. Fourth, the qualitative analysis of designs was based on
optional free-response text from only five clients, a limited dataset
from which to derive in depth insights. Fifth, our participant sample
was drawn primarily from a college community and alumni net-
works; while many participants had prior design experience, they
were mostly design students or recent graduates. Therefore, the
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findings should be interpreted as evidence about novice or early-
career designers, which may limit generalizability to experienced
designers working in industry. Future research could recruit more
experienced designers or focus on different design tasks. Future
research could use other creativity metrics such as appropriate-
ness/relatedness to evaluate designs. Additionally, future research
could complement our findings by using other approaches beyond
alab study to examine designers’ interactions with GenAl tools and
their effects on designers and design outcomes within more natural-
istic environments. Future research could also consider examining
how AI disclaimers or implicit perceptions of Al-authorship shape
judgments of creativity and usefulness, since knowing a design is
Al-generated might influence evaluators’ ratings.

9 Conclusion

As GenAl becomes more integrated into design workflows, it is
crucial to understand how these tools shape both the users using
these tools and the final outputs. Through a within-subjects exper-
iment involving 36 participants, we found that while GenAI did
not significantly impact the participants’ overall creative thinking
abilities, its influence varies among user groups with different prior
AT tool experience. Participants new to GenAl tools experienced
gains in divergent thinking, such as idea fluency and flexibility,
while those with prior Al experience did not. We also found that
designs created with GenAl support were perceived by both client
and online volunteer raters as more creative and unconventional.
Online volunteers also rated these designs as more visually appeal-
ing. However, neither group perceived GenAl-supported designs
to be more useful, nor did clients find better alignment with brand
identity compared to designs produced by humans only, suggesting
a decoupling of novelty and usefulness, two key components of
creativity.

These findings challenge current enthusiasm and industry trends
which advocate for widespread adoption of GenAl tools in the
design field. We question whether the hype of current human-
Al co-creation model can actually improve users’ creativity and
produce better designs.
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Table 2: Participant design and Al background, including self-evaluated design experience, typical design outputs, prior AI
tools experience for design purposes, duration of Al usage (marked as N/A for participants who have never used Al tools for
design), and self-reported Al experience.

PID Design Experience Design Output Type AI Tools Used for Design Duration of AI Use

P1 Beginner Posters,3-D sculptures. Never used N/A

P2 Beginner Posters,websites,apps Never used N/A

P3 Beginner Posters,layout and publication design Midjourney,ChatGPT, Bing 3 - 6 month

P4 Intermediate Posters,advertising,websites,branding design Never used N/A

Ps5 Expert Posters,advertising,websites,Jayout and publication de- Midjourney 3 - 6 month
sign,branding design

Pé6 Intermediate Posters,advertising,websites,Jlayout and publication de- ChatGPT 3 - 6 month
sign,branding design

P7 Minimal Posters Never used N/A

P38 Advanced Posters,websites,layout and publication design ChatGPT 6-12 month

P9 Beginner Posters,advertising,websites,branding design Midjourney,ChatGPT 2 -3 month

P10  Beginner Websites Never used N/A

P11  Beginner Posters,advertising,websites,branding design Never used N/A

P12  Intermediate Posters,advertising,websites,Jayout and publication de- Midjourney,ChatGPT 3 - 6 month
sign,branding design

P13 Advanced Posters,websites,layout and publication design ChatGPT 6-12 month

P14  Beginner Posters,websites Never used N/A

P15  Advanced Posters,advertising,websites,Jlayout and publication de- Midjourney,ChatGPT 3 - 6 month
sign,branding design

P16 Intermediate Poster, architecture ChatGPT 6-12 month

P17  Beginner Posters,websites Stable Diffusion,ChatGPT 6-12 month

P18  Beginner Posters Never used N/A

P19  Beginner Posters,websites Never used N/A

P20  Expert Posters,advertising,websites,layout and publication de- Midjourney,ChatGPT 6-12 month
sign,branding design,App

P21  Intermediate Posters,websites,layout and publication design Midjourney,ChatGPT 3 - 6 month

P22  Beginner Posters,websites Never used N/A

P23  Beginner Posters Never used N/A

P24  Intermediate Posters,websites,layout and publication design Midjourney,ChatGPT 3 - 6 month

P25  Advanced Posters,websites,layout and publication design Midjourney,ChatGPT 3 - 6 month

P26 Intermediate Posters,websites,layout and publication design ChatGPT Just started

P27  Beginner Posters,websites Never used N/A

P28  Beginner Posters Never used N/A

P29  Expert Posters,websites,layout and publication design Midjourney,ChatGPT 3 - 6 month

P30  Beginner Posters,websites Never used N/A

P31 Intermediate Posters,websites,layout and publication design,branding design =~ ChatGPT,Other,Microsoft De- 6-12 month

signer,Bing

P32 Intermediate Posters,advertising,websites,Jlayout and publication de- ChatGPT < 1 month
sign,branding design

P33 Advanced Posters,advertising,websites,branding design Midjourney,ChatGPT 6-12 month

P34  Minimal Posters,advertising,websites,layout and publication de- ChatGPT 6-12 month
sign,branding design

P35  Beginner Posters,advertising,layout and publication design Midjourney,Gemini,ChatGPT > 1 year

P36  Advanced Posters,websites ChatGPT 2 -3 month
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Table 3: Participant demographics, including age group, gender, major or field of study, ethnicity, and native English speaker
status.

PID Age Gender Major / Field Ethnicity Native Speaker
P1 18-20 Female Psychology White Yes
P2 21-29 Female School of Design Asian No
P3 21-29 Female Psychology Multiple races Yes
P4 18-20 Female Information Technology Asian Yes
P5 50-59 Female School of Design Hispanic Yes
Pe6 21-29 Female Cs White Yes
pP7 18-20 Female Biology Hispanic Yes
P38 21-29 Female UX Design Asian Yes
P9 21-29 Female UX Design Asian Yes
P10 21-29 Non-binary Information Technology Hispanic Yes
P11 21-29 Female Information Technology Asian Yes
P12 21-29 Female UX Design Asian Yes
P13 21-29 Male UX Design White Yes
P14 21-29 Female UX Design Asian No
P15 21-29 Female UX Design Asian Yes
P16  21-29 Female UX Design Asian Yes
P17 21-29 Female Information Technology Asian Yes
P18 21-29 Female Psychology Asian Yes
P19 18-20 Female UX Design Asian Yes
P20 21-29 Female School of Design Hispanic Yes
P21 21-29 Female School of Design Hispanic Yes
P22 18-20 Female UX Design Asian Yes
P23 18-20 Female Psychology White Yes
P24 30-39 Female UX Design White Yes
P25 21-29 Female UX Design White Yes
P26 21-29 Female UX Design Asian Yes
P27 18-20 Female Information Technology Asian Yes
P28 21-29 Female Information Technology Asian Yes
P29 21-29 Female Cs Asian No
P30 18-20 Female Cs White Yes
P31 21-29 Non-binary Art history Asian No
P32 21-29 Female Information Technology Asian No
P33 21-29 Female Information Technology Asian No
P34 21-29 Female Applied Math Asian No
P35  18-20 Male UX Design Asian Yes
P36 21-29 Female UX Design Asian Yes

Table 4: Profiles of evaluators/clients who evaluated the design outcomes.

ID Role Background Gender Years involved with the lab (designs’ target)
E1  Associate Professor UX Design, Health Tech Female >5
E2  Master Student CS, UX Design Male 1-2
E3  PhD Student UX Design, Music Female 3-5
E4 PhD Candidate UX Design Female 3-5

E5 PhD Student UX Design Male 3-5
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Figure 7: Additional examples of social media advertisement designs created by six participants. Each pair shows a design
produced without AI support (left) alongside a design produced with Al support (right) by the same participant.
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