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Abstract 

This study explores the creativity rivalry between AI, 
human designers, and co-design efforts in the 2024 
Robert Bruce Thompson Lighting Design Competition, 
which tasked participants with designing a pediatric 
waiting room light fixture. A total of 120 Amazon Me-
chanical Turk (MTurk) participants evaluated design 
solutions across three stages: sketches (S), three-
dimensional renderings (3D), and virtual room models 
(VR). Using the Creative Product Semantic Scale 
(CPSS), they assessed novelty (originality and sur-
prise), resolution (logic and utility), and style (crafts-
manship and elegance). Results showed that AI ex-
celled in style at the 3D stage, while the human design-
er led in novelty during S and VR stages. Unexpected-
ly, co-design underperformed across criteria. These 
findings challenge assumptions about AI’s creative lim-
itations and highlight its strengths in visualization and 
refinement. The study offers practical insights for de-
signers and educators on strategically integrating AI 
while maintaining human originality in the creative 
process. 

 Introduction 
Is creativity becoming a battleground between humans and 
Artificial Intelligence (AI)? As AI advances beyond auto-
mating repetitive tasks into the realm of creative produc-
tion, it has ignited legal and ethical debates (Rattay et al., 
2022). The five-month Writers Guild of America strike1 
successfully defended the rights of human scriptwriters, yet 
artists and illustrators contesting the appropriation of their 
styles by generative AI platforms saw their claims dis-
missed2. Meanwhile, AI-generated artwork has won pres-

 
1 Merchant, B. (2023). The writers’ strike was the first workplace 
battle between humans and AI. The humans won. Los Angeles 
Times. Retrieved from https://www.latimes.com/projects/writers-
strike-deal-ai/  
2 Cho, W. (2023). Artists lose first round of copyright infringe-
ment case against AI art generators. The Hollywood Reporter. 
Retrieved from https://www.hollywoodreporter.com/business/
business-news/artists-copyright-infringement-case-ai-art-
generators-1235632929/ 

tigious competitions, such as the Colorado State Fair3, and 
real estate AI platforms are now challenging the expertise 
of interior designers (qbiq, 2024; TestFit, 2024). 
 These tensions raise pressing questions: “Is human crea-
tivity under threat, or can AI and humans coexist as crea-
tive collaborators?” The classic Turing Test (1950) sug-
gests that AI’s intelligence is determined by whether a hu-
man evaluator can distinguish its responses from those of a 
person. Similarly, in design, AI’s creative ability is as-
sessed by how closely its outputs align with human stand-
ards. This study explores the creativity rivalry between 
humans, AI, and co-design by empirically evaluating their 
design solutions in a real-world competition. Through this 
lens, we examine whether AI is a true creative rival or a 
transformative partner in design. 

Aim and Significance 
This study aims to empirically examine differences in crea-
tivity among design solutions generated by AI, human-AI 
co-design, and a human designer. To achieve this, three 
hypotheses were tested within the context of the Robert 
Bruce Thompson Lighting Design Competition4: 
• H1: AI-generated designs will exhibit lower creativity 
than those of a human designer.  
• H2: Co-design between humans and AI will produce 
more creative outcomes than AI alone. 
• H3: Co-design between humans and AI will be more 
creative than human-designed solutions alone.  
 This research advances AI studies in design by employ-
ing a rigorous creativity assessment framework, using the 
well-established Creative Product Semantic Scale or CPSS 
(Besemer, 2006) to ensure objective evaluation. To miti-
gate bias, blind conditions concealed the origin of each 
design, preventing inherent assumptions that AI-generated 
work is less creative than those of human-designed (Horton 
Jr et al., 2023). By providing empirical insights, the study 
also offers practical guidance for designers and educators 

 
3 Roose, K. (2022). AI-generated art won a prize. Artists aren’t 
happy. The New York Times. Retrieved from 
https://www.nytimes.com/2022/09/02/technology/ai-artificial-
intelligence-artists.html 
4 https://rbtcompetition.org/ 



on strategically integrating AI into design. Specifically, it 
highlights how AI can break fixation patterns, introduce 
novel perspectives, and optimize creativity at key stages of 
the design process. 

Method 
This study employed a multi-stage design process to com-
pare the creativity of AI-generated, human-designed, and 
co-designed solutions in the context of the 2024 Robert 
Bruce Thompson Lighting Design Competition (Figure 1). 
This annual competition presents a unique theme each 
year, requiring creativity within defined parameters. In 
2024, the challenge was to design a mounted light fixture 
for a pediatric waiting room that is both comfortable and 
engaging for children. This theme introduced an additional 
layer of complexity, as the designs needed to balance func-
tional, aesthetic, and emotional considerations (Norman, 
2005). Specifically, the competition aligns with established 
creativity assessments, like Besemer’s CPSS (2006) with 
three criteria: novelty (freshness of ideas), style (complete-
ness via visual representations), and resolution (functions). 
In addition, resolution expands to emotional responses that 
a design can evoke (Horn & Salvendy, 2009), in this case, 
comfortable and engaging as the brief required. 
 

Figure 1. Three conditions and three stages of the design process 
measured on CPSS criteria for creativity. 
 Design assessments occurred at three stages: ideation 
(2D sketches), development (3D renderings), and final 
solution (VR models in a virtual waiting room). The use of 
VR enhanced spatial exploration and deepened design un-
derstanding, supporting emotional response assessments 
(Portman et al., 2015). The study was conducted under the 
Institutional Review Board (IRB) approval #22214. 

Participants 
A total of 120 Amazon Mechanical Turk (MTurk) workers 
participated, meeting inclusion criteria of being U.S.-
based, aged 18 or older, and holding Master Qualifications 
to ensure high-quality responses. Exclusion criteria pre-
vented multiple attempts and prior participation in similar 
studies. Blinded conditions concealed design origins to 

mitigate bias against AI-generated work. Participants re-
viewed 2D sketches, 3D renderings, and VR models and 
completed a Qualtrics questionnaire measuring creativity 
perceptions and emotional responses. 

Design Conditions 
Three conditions were tested: 
• AI Condition: The author used ChatGPT-4, Midjourney, 
and Kaedim AI to generate design solutions. ChatGPT-4 
produced 73 text prompts, which Midjourney used to gen-
erate 292 concept sketches. The author screened and re-
fined these into 19 viable sketches, which Midjourney fur-
ther developed into 3D renderings. A selected rendering 
was processed through Kaedim AI for final 3D modeling, 
requiring five hours of computation. The author’s role was 
limited to screening for common or erroneous designs. 
• Co-Design Condition: A junior interior design student 
worked on the competition as a class project. The student 
used Midjourney AI for initial ideas, enhanced outputs 
through hand sketches and manual refinements, and re-
imported them into Midjourney for refinement. The final 
three designs were developed in 3Ds Max, with one select-
ed as the final model. This process spanned five weeks, 
ensuring active human-AI collaboration while allowing 
student agency in prompting, selecting, and refining the 
design. 
• Human Condition: A freelance designer from Upwork 
with proficiency in design heuristics and CAD tools—but 
without design expertise in lighting—created the design 
solutions independently. Given the absence of domain-
specific expertise, the freelancer did not possess a clear 
advantage over the junior interior design student, allowing 
for a meaningful and balanced comparison across condi-
tions. Over one month, the designer submitted a 2D sketch, 
a 3D rendering, and a final model, responding freely to the 
competition brief. The author monitored deliverables to 
maintain experimental integrity but did not intervene in the 
creative process.  

Data Collection 
Participants completed a Qualtrics questionnaire after 
providing informed consent. The survey included demo-
graphic questions (e.g., age, occupation, education) and 
commitment and attention check to ensure thoughtful re-
sponses and engagement with the virtual waiting room. To 
assess creativity, the study employed the CPSS (Besemer, 
2006; Wei et al., 2015), which evaluated novelty, resolu-
tion, and style (see Table 1) across three design stages: 2D 
sketches, 3D renderings, and VR models.  
 To measure emotional responses—an extension of reso-
lution, the third criterion of creativity specified in CPSS—
participants rated their feelings using two Self-Assessment 
Manikin (SAM) items (Bradley & Lang, 1994), capturing 
calmness vs. excitement and unhappiness vs. happiness. 
Participants reviewed 2D sketches and 3D renderings di-
rectly within the questionnaire, while the VR models were 
accessed via an external link, allowing interactive explora-
tion before completing the survey.  



Criterion Binary 
Novelty Over Used – Fresh  

Predictable – Novel 
Usual – Unusual  
Ordinary – Unique 
Conventional – Original  

Resolution  Worthless – Valuable  
Unimportant – Important  
Insignificant – Significant  
Inessential – Essential  
Illogical – Logical  

Style Disordered – Ordered  
Disarranged – Arranged  
Formless – Formed 
Awkward – Graceful  
Plain – Ornate 

Table 1. CPSS with sample binaries for each criterion. For a full 
list of binaries, see Besemer (2006) and Wei et al. (2015). 

Data Analysis 
Descriptive statistics (mean—M, standard deviation—SD, 
and percentage—%) summarized demographics, self-
reported emotions, and VR effectiveness. The author con-
ducted one-way ANOVA to compare CPSS ratings across 
conditions (AI, Co-Design, and Human) for novelty, reso-
lution, and style. Shapiro-Wilk and Levene’s tests checked 
normality and variance assumptions. When violated, Krus-
kal-Wallis tests served as nonparametric alternatives (Lock 
et al., 2013; Yazici & Yolacan, 2007). Statistical analyses 
were performed in RStudio Desktop (RStudioTeam, 2023), 
with significance set at p < 0.05. 

Results 
The overall sample (n = 120) showed similar age distribu-
tions across conditions but exhibited some demographic 
disparities. Notably, the AI condition had a male-dominant 
gender distribution (80% male, 20% female) and a high 
concentration of participants aged 25–44 years old 
(82.5%).  
 A large proportion (35%) held management positions, 
followed by sales (17.5%), technical (17.5%), freelance 
(15%), and other roles (12.5%). In contrast, the Co-Design 
condition had a more balanced gender distribution (50% 
male, 45% female, 5% prefer not to disclose) with a slight-
ly younger sample (67.5% aged 25–44 years old).  
 A significant portion (42.5%) worked in sales, followed 
by management (32.5%), freelance (12%), and other roles 
(13%). The Human condition also had a more even gender 
split (55% male, 45% female) with 75% aged 25–44 years 
old. Management (25%) and freelance (25%) were the 
most common occupations, alongside sales (17.5%), man-
ual labor (10%), and other roles (22.5%).  

Self-reported Emotions 
Participants rated their emotions on a 9-point Likert scale, 
with 1 representing calm/unhappy, 9 representing excit-
ed/happy, and 5 as the neutral midpoint. Across all condi-

tions, participants generally reported feeling happy, though 
their levels of calmness versus excitement varied. 
• AI Condition: Participants reported a high level of hap-
piness (M = 6.90, SD = 1.77). However, their calmness-
excitement scores leaned toward neutrality (M = 5.35) with 
greater variability (SD = 2.35). 
• Co-Design Condition: Participants reported high happi-
ness (M = 6.83, SD = 1.52). They felt somewhat calmer (M 
= 4.63) but with wide individual differences (SD = 2.36). 
• Human Condition: Happiness levels were consistent (M 
= 6.83, SD = 1.57). Participants also reported a calmer 
state (M = 4.78), though variability remained high (SD = 
2.38). 
 Overall, happiness levels remained consistently high 
across conditions, while calmness versus excitement varied 
among individuals. These findings suggest that, regardless 
of design origin, participants responded positively to the 
light fixture designs, with emotional reactions influenced 
more by individual differences than by condition. 

H1: AI vs. Human Creativity 
Statistical analysis from the MTurk sample (n = 120, N = 
40 per condition) provided no significant evidence to sup-
port the hypothesis that AI is less creative than a human 
designer. Due to violations of homogeneity of variances, 
particularly in the 2D sketch (S) and 3D rendering (3D) 
stages (p < .001), Kruskal-Wallis tests were used instead of 
one-way ANOVA. 
 In the S stage, a Kruskal-Wallis test for novelty indicat-
ed significant differences between conditions (X² = 18.21, 
p < .001), but post-hoc tests showed no statistical differ-
ence between AI and human novelty scores (p = .06). Res-
olution and style showed no significant differences across 
conditions (p = .35 and p = .12, respectively). 
 In the 3D stage, AI outperformed the human designer in 
style, with a significant Kruskal-Wallis test (X² = 6.87, p = 
.03). A follow-up Mann-Whitney U test (p = .02) con-
firmed that AI scored significantly higher than the human 
designer in style (see Figure 2) with a medium effect size 
(d = .60). Novelty and resolution differences were not sig-
nificant (p > .10). 

 
Figure 2. Mean-differences in style across three conditions. 



 In the VR stage, all Kruskal-Wallis tests were insignifi-
cant (p > .10), indicating no meaningful differences be-
tween conditions in the final evaluation phase. 
 Overall, these findings contradict the assumption that AI 
is less creative than a human designer. AI performed com-
parably to human designers across most criteria and even 
surpassed them in style during the 3D stage. 

H2: Co-Design vs. AI 
Statistical analysis rejected H₂ and provided no evidence 
that human-AI co-design was more creative than AI alone. 
Instead, findings partially contradicted expectations, as co-
design underperformed in novelty during the ideation (S) 
stage. 
 In the S stage, a Kruskal-Wallis test for novelty was 
significant, and a follow-up Mann-Whitney U test with 
Bonferroni adjustment showed that AI novelty scores 
(AI_N_M) were significantly higher than co-design 
(Co_N_M) (W = 19.25, p < .001, d = 1.09), indicating a 
large effect size (see Figure 3). Resolution and style 
showed no significant differences across conditions. 

 
Figure 3. Mean-differences in novelty across three conditions. 
 In the 3D stage, a Kruskal-Wallis test for style was sig-
nificant, but the follow-up test (p = .6) found no clear ad-
vantage for co-design over AI. All other CPSS ratings in 
3D and VR stages were statistically insignificant, suggest-
ing no meaningful differences between conditions. 
 Overall, co-design did not surpass AI in creativity and 
even scored lower in novelty during the ideation stage, 
rejecting the hypothesis that human-AI collaboration 
would yield more creative outcomes than AI alone. 

H3: Co-Design vs. Human Designer 
Statistical analysis rejected H₃ and provided no evidence 
that human-AI co-design was more creative than a human 
designer alone. Instead, findings partially contradicted ex-
pectations, as the human designer outperformed co-design 
efforts in novelty during the ideation (S) stage.  
 In the S stage, a Kruskal-Wallis test for novelty was 
significant, and a Mann-Whitney U test with Bonferroni 
adjustment showed that the human designer (Hu_N_M) 
scored significantly higher than co-design (Co_N_M) (W = 
1.34, p = .04, d = .8), indicating a large effect size. 

 Across all other CPSS criteria and design stages (3D and 
VR), Kruskal-Wallis tests were insignificant, meaning 
there was no statistical advantage for co-design over hu-
man designers.  
 Overall, these results do not support the hypothesis that 
co-design is more creative than human effort alone. In-
stead, the human designer demonstrated stronger novelty in 
the ideation stage, further challenging assumptions about 
the benefits of AI-assisted collaboration in design. 

Discussion 
This study provides empirical insights into the evolving 
creativity rivalry between AI, human designers, and co-
design efforts. Findings challenge the assumption that AI is 
inherently less creative than humans, revealing that AI-
generated solutions performed comparably across multiple 
design criteria and even excelled in style during the 3D 
stage. Conversely, co-design efforts did not surpass AI or 
human designers, particularly struggling with novelty in 
the ideation stage. These results highlight AI’s potential 
beyond simply generating variations—demonstrating its 
capability to rapidly visualize preliminary design concepts. 
 A key limitation of this study is the reliance on crowd-
sourced CPSS ratings, without comparison to expert evalu-
ations. Although non-parametric tests controlled for demo-
graphic disparities, the findings contrast with studies using 
expert judges (Zhou et al., 2023), raising questions about 
whether creativity assessments should integrate both 
crowd-sourced and expert perspectives. While prior re-
search supports the convergence of large-scale crowd and 
expert ratings (Yuan et al., 2016; Foong et al., 2017), these 
discrepancies suggest that creativity evaluation methods 
must evolve—especially when assessing AI, co-design, 
and human-generated solutions. 
 Beyond methodological implications, this study under-
scores the uncertainty surrounding AI’s creative capacity 
in design research. The results provide empirical support 
for AI’s ability to independently generate novel outputs, 
challenging the perception that creativity is an exclusively 
human trait. More importantly, these findings call for a 
reconsideration of creativity itself: traditionally understood 
as a social construct (Amabile, 1983; Csikszentmihalyi, 
1988) and assessed through established criteria (Horn & 
Salvendy, 2006; O'Quin & Besemer, 2006), creativity may 
now be shifting toward a hybrid concept—one that encom-
passes human-technology collaboration. As AI continues 
to shape creative disciplines, future research must explore 
how designers and educators can strategically integrate AI 
while preserving the originality and intentionality that de-
fine human creativity. 

Conclusion 
The insights from this research provide practical and peda-
gogical guidance for designers and educators seeking to 
integrate AI into the design process. Designers can lever-
age AI as a tool for rapid visualization, using its generative 
capabilities to explore diverse renderings and stylistic op-



tions in the early stages of concept development. However, 
they must recognize that AI’s novelty may plateau, neces-
sitating human intervention for creative breakthroughs in 
later stages.  
 For educators, the challenge lies in teaching students to 
critically engage with AI-generated outputs, ensuring that 
AI serves as a catalyst for creativity rather than a crutch for 
repetitive ideation. Encouraging a balance between AI-
assisted and manual ideation can help designers avoid fixa-
tion and refine their originality. Ultimately, creativity is a 
dynamic and evolving construct, shaped by technological 
advancements and peer evaluations of their novelty and 
relevance. By offering empirical evidence, this study posi-
tions AI as both novel and appropriate within the design 
process and the broader design community, reinforcing its 
role as a transformative yet complementary creative tool. 
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