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Abstract

Creativity is paramount in design engineering, driving design innovation with new ideas. Visual
representations are crucial in communicating and refining design ideas. The emergence of
image-generative Al presents new opportunities, but a comprehensive understanding of Al
creative capabilities, particularly in comparison to human designers, remains unexplored. This
explorative study investigates the creative potential of image-generative Al systems by compar-
ing their outputs to those of human designers. Utilizing the metrics of Quantity, Variety,
Novelty, and Quality, we evaluated the performance of 6 Al-based image-generation tools
representing several diffusion-model families and 20 design engineering students on an assigned
design task. Human participants were subject to time constraints, while AI tools were con-
strained by predefined output parameters. Our findings highlight the complementary nature of
human and AI creativity. Al tools excel at generating a large volume of solutions rapidly, but
their outputs lack the diversity, novelty, and nuanced quality characteristic of human designs.
While AT tools demonstrated promising results in Novelty, achieving high Quality consistently
proved challenging across all tools. These results underscore the importance of integrating
human oversight and interpretation to guide Al systems towards more meaningful and innova-
tive outcomes, with the aim of optimizing the process of generating creative ideas of designers,
using Al systems for image generation.

Introduction

Creativity is a fundamental aspect in design engineering, serving as a critical driver for
generating innovative concepts and solving problems. It involves a mental process of produ-
cing new and useful ideas, often linked to the ability to think divergently — the capability to
develop multiple solutions to a given problem (Guilford, 1950). According to Amabile (1983),
creativity is a cognitive process encompassing the generation of original and practical ideas,
combining existing concepts, and transforming known ideas into novel forms. Traditionally,
creativity has been seen as a uniquely human capability (Amabile, 2019). However, the rise of
artificial intelligence (AI) has challenged this view, spurring interest among companies and
researchers in understanding the potential of AI to contribute to innovation processes (Haefner
et al,, 2021).

The rapid development of Al models has expanded their use as a method for supporting
creative tasks in design engineering (Oktradiksa et al., 2021). Al models are increasingly seen not
just as functional aids but as tools capable of influencing creativity itself (Chulvi, 2025). While
text-based AI models, such as ChatGPT, have been studied extensively for their impact on
creative thinking in product design (e.g., Cropley, 2023; Filippi, 2023), less attention has been
given to the creative potential of image-generative Als. These systems interpret specific prompts
and transform them into visual representations, offering new possibilities for visually-driven
design tasks.

Theoretical and practical opportunities for Al in design engineering are immense. Theoretically,
researchers are investigating how Al models can complement the design process (Bouschery et al.,
2023) while practically, new AI models are being developed to generate novel and diverse design
concepts (Dai etal., 2023). However, a significant gap exists in the literature: most studies explore Al
as a collaborative partner for human designers without fully comparing the creative outputs of Al
and humans first. This raises a critical issue of understanding the advancements of image-
generative Al models in terms of creativity while performing design tasks.

Moreover, while some studies involve the use of text-generative AI models such as ChatGPT,
the potential of image-generative Al systems to produce creative and impactful visual outputs in
design engineering remains underexplored, despite visual representations playing a vital role in
creative product design, often extending beyond the scope of textual descriptions (Townsend and
Kahn, 2014).
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The objective of this article is to evaluate the potential of image-
generative Al systems to support designers during the creative idea-
generation phase. Specifically, the study compares the creativity of
visual outputs produced by humans and image-generative Al tools.

To achieve this, an experiment was conducted where both
human participants and image-generative Al tools were tasked with
addressing the same design problem. Participants were instructed to
produce as many ideas as possible within a 20-minute timeframe.
The resulting outputs were evaluated using the four parameters of
creativity proposed by Shah et al. (2003): quantity, variety, novelty,
and quality. This evaluation framework enables a rigorous compari-
son between human and Al-generated outputs, as well as an analysis
of differences across multiple Al tools. The experimental details are
provided in section “Preparation of the experiment.”

The paper is structured as follows: Section “Background” defines
the background providing a literature review on the use of Al for
creativity, stressing the importance of visual stimuli in design and
creativity (2.1) and the potential of image-generative Als in gener-
ating creative design concepts. To answer the RQs that emerged
from the literature (see section “Background”) the experimental
procedure described in section “Methodology” was designed.
Results of the analysis can be found in section “Results” followed
by their discussion in section “Discussion.” Conclusions are pre-
sented in section “Conclusion.”

Background
Visual representation in creative design

Design — whether in engineering, industrial and product design,
graphic design, or architecture — relies heavily on visual outputs.
These outputs, often referred to as visual representations, may be
textual, static, or dynamic (Pei et al, 2011; Berni et al., 2020).
Designers frequently use such representations to communicate
ideas and present concepts effectively. Among these, visual static
representations play a critical role, serving as stimuli that evoke
emotions, influence decision-making, and shape thought processes
(Borgianni et al., 2020). Using visual stimuli is particularly signifi-
cant during the early ideation stages of the design process, where
creativity and exploration are paramount.

In design creativity, visual stimuli play a critical role, serving as
both a source of inspiration and a potential limitation.

Borgianni et al. (2020) underscored the importance of external
sources of inspiration, particularly incorporating both text-based and
graphic forms of stimuli, noting that intentionally selected external
inputs can significantly enrich designers’ creative processes.

Agogué et al. (2014) confirm that the type of stimuli provided
plays a critical role in shaping creative idea generation during
problem-solving tasks. The scholars investigated the impact of
text-based stimuli on creative flow, specifically how such examples
can lead to design fixation. They identify two types of examples:
“restrictive examples,” which limit possibilities by activating com-
mon knowledge and thereby reducing originality, and “expansive
examples,” which introduce unexpected ideas, fostering novel solu-
tions and enhancing originality.

Similarly, research by Cardoso and Badke-Schaub (2011) high-
lights the dual nature of visual inputs: while they can spark innovative
ideas, they also risk inducing design fixation, where designers become
overly focused on specific attributes of a presented visual, reducing
the diversity of their outputs. This phenomenon was particularly
evident in their study involving industrial design students, where
participants exposed to certain pictorial representations showed

Vicente Chulvi et al.

higher levels of repetitive patterns compared to those in a control
group. Such findings emphasize the need for varied and carefully
curated visual stimuli to mitigate fixation and expand creative
exploration. Based on the contributions above, visual stimuli,
such as images, emerge to be particularly effective due to their
ability to evoke emotions and facilitate connections that might
not occur otherwise. The scholars suggest that diverse visual
prompts can encourage lateral thinking, enabling designers to
explore unconventional ideas. In recent years, while traditional
visual stimuli have long played a pivotal role in design, the
emergence of Al — particularly generative AI — has revolutionized
their creation and application. This transformation presents new
opportunities and challenges that remain to be fully explored,
including whether AI can mitigate or exacerbate fixation com-
pared to traditional stimuli, and whether AI models themselves
may be susceptible to fostering creative fixation.

Generating Al for creative design: opportunities and challenges

Artificial Intelligence (AI) has experienced rapid growth, revolu-
tionizing traditional workflows across many fields and industries
(Bordas et al., 2024). Among the different AI branches, generative
AT has gained prominence due to its ability to produce diverse and
high-quality outputs such as text, images, videos, and even 3D
designs (Kiling and Kegecioglu, 2024). Unlike Als designed for
prediction or classification tasks, generative Al excels in creating
novel content by learning from patterns in large datasets (Bordas
et al,, 2024; Kiling and Kegecioglu, 2024). Its versatility is reflected
in the variety of input—output that ranges from text-to-text, text-to-
code to text-to-images etcetera, expanding Al application from
coding, writing to generating images and multimedia outputs
(Kiling and Kegecioglu, 2024). Tools like DALL-E, MidJourney,
and Stable Diffusion leverage these models to produce visually
realistic works, potentially fostering creativity and iterative design
processes in fields such as art, engineering, and architecture Hutson
& Cotroneo (2023). Furthermore, generative AT’s capability to
rapidly generate content, whether in written or visual forms, has
made it an invaluable asset for both creators and industries. How-
ever, the limits and potential of generative Al are still debated; thus,
further investigation is needed (Bordas et al., 2024). The adaptabil-
ity of generative Al is particularly evident in its application to text-
based and image-based creative tasks, each with distinct capabilities
and challenges.

Text-to-text Al (Text-generative Al)

Text-generative AI models, such as OpenAD's ChatGPT, have
demonstrated significant potential in enhancing idea generation
for creative design (Wang et al.,2025a ). These systems are capable
of producing written content, brainstorming concepts, and simu-
lating human-like conversations based on user prompts Uludag
(2023). In product design, for instance, Filippi (2023) identifies
certain challenges, including the risk of reduced creativity and the
difficulty of translating generated ideas into tangible designs. In a
study assessing ChatGPT’s impact on innovative concept gener-
ation in product design, the scholar validated hypotheses related to
four specific metrics: quantity, usefulness, novelty, and variety. The
study involved 18 university students and revealed that ChatGPT
significantly increased the quantity and novelty of generated con-
cepts, although its contribution in terms of usefulness and variety
was less pronounced. Surprisingly, despite ChatGPT’s reliance on
existing content, the greater quantity of concepts generated was
associated with increased novelty. In the same line, Chulvi et al.
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(2025) lead a GPT-4-based generative Al to use a design method-
ology to generate creative concepts, were results suggest that the
solutions provided by the AI when applying the SCAMPER design
methodology are as creative as the average of the students using the
same methodology. Additionally, Stock-Homburg (2023) con-
ducted a study involving 689 participants, asking them to assess
the perceived novelty of numerous innovations and classify them
based on whether they believed they were generated by a human or
an Al (specifically, ChatGPT). Surprisingly, her findings revealed
that participants were unable to distinguish the origin of the
innovations presented, regardless of their experience with
ChatGPT or familiarity with innovations. Nevertheless, based on
results from a study investigating ChatGPT’s verbal divergent
thinking ability, Cropley (2023) suggests that the most promising
application of Al in creative tasks lies in supporting human diver-
gent thinking. In a similar vein, Doshi and Hauser (2023) demon-
strated that the use of generative AI enhances the creativity of
writers by up to 11% compared to human writers without Al
assistance. Additionally, Noy and Zhang (2023) found that genera-
tive Al reduces the time required for writing by up to 20% and
significantly improves the quality of work produced by low-ability
workers, achieving an enhancement of up to 40%.

Text-to-image Al (image-generative Al)

Image-generative AI models, such as DALL-E, Stable Diffusion, and
MidJourney, have emerged as potential tools for creative design,
capable of producing realistic and visually compelling images from
text-based inputs (Chen and Chen, 2023). These systems leverage
neural networks trained on extensive datasets to generate diverse
visual output, fundamentally reshaping the traditional idea gener-
ation process. By offering new creative possibilities, these tools
influence aesthetics and alter the ways creators conceptualize and
produce art and design concepts (Epstein et al., 2023).

By allowing designers to visualize abstract ideas and refine
concepts dynamically, these tools hold the potential to foster cre-
ativity, improve workflow efficiency, and encourage novel concept
generation in engineering design (Brisco et al., 2023).

However, recent studies highlight both the promise and limita-
tions of image-generative Al models and their outputs. Mhlanga
(2024) and Fui-Hoon Nah et al. (2023) highlight critical risks
associated with image-generative Al misuse and over-reliance:

« Ethically, AT models risk perpetuating biases embedded in their
training data, potentially reinforcing discrimination or generat-
ing inappropriate content.

o Technologically, the quality and representativeness of Al-
generated outputs rely heavily on the underlying training data,
raising concerns about reliability. Consequently, the result is also
strongly dependent on the prompt formulated, since slightly dif-
ferent prompts could lead to substantially different results.

o As Al-generated content becomes increasingly sophisticated, the
boundary between human and Al-created work is blurring.
While AT models still have limitations, such as producing unreal-
istic or nonspecific content (Brisco et al., 2023), their ability to
mimic human creativity raises concerns about the role of human
designers in the creative process. The rapid generation of diverse,
high-quality outputs challenges the notion of Al as a mere tool
and raises questions about its potential to replace human design-
ers or foster genuine creativity.

Research into the interaction between human designers and gen-
erative AI models underscores the complexity of these issues.
Turchi et al. (2023) highlight the growing adoption of image-

generative Al models but emphasize the need for further research
on their impact on creativity and designer control. Wang et al.
(2023) demonstrate DALL-E’s capacity for combinational creativ-
ity, approaching human levels in visualizing hybrid ideas. Wang
and Han (2023) further reveal the positive influence of generated
visual stimuli on design ideation, particularly among experienced
designers.

While these studies showcase the potential of image-generative Al
in specific design contexts (Ishihara et al., 2023; Paananen et al., 2024;
Ren and Du, 2024; Zhang et al., 2024), they often focus on domain-
specific applications or the appropriateness of outputs. A more
comprehensive understanding of AD’s creative potential requires
systematic comparisons with human creativity. By delving deeper
into the nuances of human-AI collaboration and the unique contri-
butions of each, we can better harness the power of Al to augment
human creativity rather than replace it. Recent research has high-
lighted the growing role of generative Al as a creativity support tool
in conceptual design processes (Chen et al., 2025). However, most
existing studies focus on human—AlI collaboration dynamics rather
than on direct comparisons between independently generated Al
concepts and human-generated design outcomes. Although com-
parative studies have recently emerged in the context of human—AI
co-creation (Wang et al., 2025b), empirical evidence remains limited
regarding the standalone creative potential of image-generative Al
systems in conceptual engineering design tasks.

Gaps and rationale of the study

Although prior studies have explored Al-assisted creativity,
creative ideation, and human—AlI co-creation workflows, com-
paratively fewer studies have conducted controlled empirical
comparisons between image-generative Al systems and human
designers specifically within conceptual engineering design
tasks, and particularly during early-stage ideation. Moreover,
existing comparative studies are frequently situated in graphic
design, artistic production, or co-creative workflows, leaving
conceptual engineering design comparatively underexplored.
On the field of engineering design, this gap raises critical ques-
tions about whether Al can rival or surpass human creativity or
whether it primarily serves as a complementary tool. Therefore,
the gap is not the absence of research on Al and creativity per se,
but rather the limited number of studies examining the inde-
pendent creative potential of image-generative Al systems in
engineering-oriented conceptual design contexts.

To address this gap, the study formulates two research questions:

« RQ1: How do image-generative Al outputs differ from human
design outputs in terms of creativity?

« RQ2: How do different image-generative Al systems vary in their
ability to improve creativity, and which creativity dimensions
differ the most across Al systems?

Understanding the degree of creativity demonstrated by image-
generative Al in producing design concepts is essential for evalu-
ating its role in creative workflows. RQ1 focuses on comparing
Al-generated and human-generated outputs in identifying
strengths and weaknesses of Al tools in specific creativity metrics,
such as novelty, quantity, and variety (Shah et al., 2003).
Additionally, while tools like DALL-E and Stable Diffusion share
similar foundational models, differences in their training processes
result in varying output styles, specifications, and levels of realism.
These differences may impact their creative capabilities, leading to
the formulation of RQ2. These open questions underscore the need
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for an in-depth investigation into the creative potential of image-
generative Al systems, particularly in direct comparison with human
designers. This study aims to address these gaps by examining the
nature of Al creativity and proposing a framework for evaluating the
quality and originality of Al-generated concepts.

To address these research questions, the authors conducted an
experiment in which both humans and image-generative Al tools
were given a design task where they had to generate ideas for a
specific design problem. Human participants were instructed to
produce as many ideas as possible, with a time limit of 20 minutes.
The creativity of the resulting visual outputs was evaluated using the
four parameters proposed by Shah et al. (2003): quantity, variety,
novelty, and quality. Based on these metrics, creativity was compared
across human outputs and generative AI ones. Subsequently, cre-
ativity was also analyzed across the different generative Al tools used
in the experiment (see section “Preparation of the experiment”).

By answering these research questions, this work seeks to con-
tribute to the understanding of the current capabilities and limita-
tions of image-generative Al systems in conceptual engineering
design and to provide insights for the development of more effective
human—ATI design workflows. The contribution of this study lies in
three main aspects. First, it provides a controlled comparison
between human-generated and Al-generated conceptual design
outputs within the same engineering design task. Second, it com-
pares multiple image-generative Al systems rather than focusing on
a single platform or model family. Third, it applies established
engineering design creativity metrics (Quantity, Variety, Novelty,
and Quality) to systematically evaluate visual concept generation by
image-generative Al systems. In doing so, the study contributes to
the ongoing discussion regarding the role of generative Al as an
ideation support tool in conceptual engineering design.

Methodology
Preparation of the experiment

In order to address the research questions, an experiment was
planned in two phases. In the first phase, design students would
solve a given creative product design problem. In the second phase,
Al image generation programs would be asked to solve the same
statement. Subsequently, different creativity parameters would be
analyzed and compared, with the aim of discerning the specific areas
where AI demonstrates the greatest potential to assist designers.
The experiment enlisted the participation of 20 volunteers to
form a convenience sample: 10 female and 10 male, with an average
age of 23.2 years (standard deviation: 1.54). All participants were
final-year students pursuing the Engineering Design degree. This
research adhered to the American Psychological Association Code

Table 1. Al tools used in the experience

Vicente Chulvi et al.

of Ethics and received approval from the Institutional Review Board
at the Universitat Jaume I (CEISH/40/2022). Each participant
provided informed consent. Design engineering students were
selected because the study focuses specifically on conceptual engin-
eering design tasks. Participants therefore required a minimum
level of design knowledge. On the other hand, professional design-
ers may exhibit more advanced expertise and potentially different
creative strategies, so the use of students enabled the establishment
of a consistent baseline appropriate for this exploratory study.

The selected statement for the experiment involved generating
the maximum number of ideas that address the following problem:
“Develop a new concept of a lunch box for university use.” This
specific problem was chosen because it appears in literature in
studies of a similar nature (Chulvi et al., 2022). The solutions should
be graphically represented, with each proposed alternative on
separate sheets of paper. The allotted time for idea generation
was set at 20 minutes, in line with the findings of Howard et al.
(2009), which suggest that idea generation capacity significantly
declines after 20 minutes. Additionally, this time constraint has
been minimized, considering that the idea generation time for AI
tools will always be shorter.

To select drawing Al tools with sufficient potential for creating
creative product designs, a preliminary analysis of 43 different
image generation Als was conducted. For screening purposes, the
following key characteristics were considered:

o The ability to generate distinct images even when the statement is
repeated.

o Capability to present images in a rendering style similar to the
drawings that a design engineering student might produce.

o Accessibility features.

« No additional cost with no loss of technical capabilities. The
capacity to generate generic designs.

o Expert opinions regarding the technology they employ.

Ultimately, the chosen Al-based image-generation tools, labeled
AI1-AI6 for convenience, were as follows (Table 1):

It is important to distinguish between the tool/platform level
and the underlying model level. While six publicly accessible image-
generation tools were selected for the study, these tools do not
necessarily represent six entirely independent generative Al archi-
tectures. Some platforms operate using related diffusion-model
families or derivative implementations. Therefore, the comparison
conducted in this study primarily concerns the creative perform-
ance of accessible image-generative Al tools within realistic design-
use scenarios rather than a strict benchmark comparison between
fully independent foundational models.

All the Als listed above are text-to-image generation tools,
(image-generative Als.) Their primary function is to create images

Tool Underlying model family Main feature Website
All Bing image creator DALL-E 3 OpenAl proprietary model https://www.bing.com/create
Al2 Leonardo Al Stable Diffusion derivatives + proprietary finetunes Artistic optimization https://leonardo.ai/
Al3 Playground Al SDXL Diffusion-based https://playgroundai.com/
Al4 Recraft Al Proprietary Diffusion-like architecture Vector-oriented features https://recraft.ai/
Al5 SeaArt Stable Diffusion derivatives Anime/artistic specialization https://www.seaart.ai/
Al6 Stablecog Stable Diffusion Open-source diffusion-based https://stablecog.com/
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based on textual descriptions as prompts. These tools are accessible
online, making them available to a wide non-technical audience
(Turchi et al., 2023). The platforms where these tools are available
are user-friendly, with intuitive interfaces that allow users to
quickly learn and use them. No coding or model training is
required, as the underlying machine learning models are already
trained on vast datasets of images and text. This enables the models
to understand the meaning of a prompt and generate correspond-
ing images.

While all these tools share a common goal, they differ in the
specific models and techniques they employ.

o DALL-E 3 excels at generating highly detailed and realistic

images.

Leonardo Al specializes in artistic styles and techniques, allowing

users to create images in various artistic styles.

o SeaArt Al is focused on artistic expression, generating images

with a strong artistic flair.

Playground Al offers a user-friendly interface and a wide range of

styles, making it accessible to users of all levels.

Recraft Al provides tools for editing and refining generated

images.

« Stable Diffusion is known for its versatility, capable of generating
images in a wide range of styles, from realistic to abstract.

For the purposes of this study, only the core text-to-image gener-
ation capability of each tool was considered. Although some plat-
forms may provide additional functionalities, such as image editing,
video generation, or advanced paid features, these options were not
used in the experiment and were not part of the selection criteria.
Therefore, the comparison focuses exclusively on their ability to
generate visual product concepts from textual prompts under
default settings. The accessibility criterion referred to the possibility
of using the text-to-image generation function without requiring
paid features that would modify or enhance the core output cap-
ability. In this sense, “free access” was not considered as a technical
characteristic of the AI model, but as a practical requirement to
ensure that the selected tools could be used under comparable and
reproducible conditions.

Development of the experiment

The experiment was conducted in two planned phases (Fig. 1). The
first phase involved Design Engineering students, while the second
phase artificial intelligence (AI) was involved.

In the initial experimental phase, voluntary participants were
assembled and asked to sign the provided informed consent form.
Each participant was then given drawing materials and sufficient
sheets of paper. They were presented with a statement: “Develop a
new concept of a lunch box to bring lunch to the university. Provide
as many ideas as you can. Please draw each proposal on a separate
sheet of paper.”

In the second phase, Al outputs were collected. Since the num-
ber of generated ideas may influence creativity metrics such as
Variety, Novelty, and Quality, output quantity was controlled at
the level of each AI tool rather than at the level of total aggregated
outputs. The purpose was not to make the total number of human
and Al-generated concepts identical, but to evaluate each Al tool
under two human-referenced output conditions.

Two reference points were selected based on human per-
formance:

« Average Solutions (X, ): The mean number of ideas generated
by all human participants.

o Maximum Solutions (Maxg,): The highest number of ideas
generated by any individual participant.

These two values represent distinct but complementary human-
referenced output conditions. The average reflects a typical human
performance baseline, while the maximum represents the upper
bound of human ideation capacity under the given conditions.
These values were used as constraints in two rounds of AI prompts,
each using the same design task:

« Round 1: Al tools were prompted to generate the same num-
ber of solutions as the average human participant (coded as
[XSOL]S'AIn)-

« Round 2: AI tools were prompted to generate the maximum
number of solutions achieved by human participants (coded as
[MaxsolA]S'AIn)

S 3
%]
o =
5 n solutions L
5 DESIGN PROBLEM 2
n e
L o
[a)
( )
v
1st Round 2nd Round
~
{%) DESIGN PROBLEM DESIGN PROBLEM 5
< . S o
| Max - X z
sol. sol. sol.
\ 7

Figure 1. Methodology process.
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By using both values, the study captures not only standard per-
formance levels but also peak ideation scenarios, enabling a more
comprehensive comparison between human and Al creativity. The
use of two quantity conditions allows us to assess whether the
relative performance of Al compared to humans is sensitive to
the number of generated ideas. This is particularly relevant given
that Al systems can generate outputs at a much higher rate than
humans, potentially biasing creativity assessments if output quan-
tity is not controlled. However, the comparison should be inter-
preted at the level of participants/tools and human-referenced
output conditions, rather than as a comparison based on identical
total numbers of generated ideas.

Thus, the prompts used in the different Als were, the first one
“Develop a new concept of a lunch box to bring lunch to the
university,” and subsequently to X, and to Max, “Develop another
different new concept of a lunch box to bring lunch to the university.”
Default models and default styles were used for the image generation.
No generated images were classified as “failed generation,” so all
resulting outputs were included in the study.

Assessment method

To analyze the creativity resulting from the design process, the
metric proposed by Shah et al. (2003) was employed. This metric
distinguishes four parameters: quantity, variety, novelty, and qual-
ity. The definitions of these parameters are listed below:

Quantity: Refers to the number of solutions generated by the
designer or design team. It is calculated by directly counting the
outputs provided by the participants.

Variety: Represents the degree of diversity or difference among the
generated solutions. The calculation considers how each function is
performed for each output, based on the level of abstraction at
which differentiation occurs. To assess variety, an organizational
tree (example of Function 1 of D14 in Fig. 2) is constructed:

o Atthe first level, ideas are differentiated based on the Physical
Principles (PP) that satisfy the same function. PP refers to the
fundamental idea or concept underlying a creative solution. It
is the scientific or technical basis that justifies how the idea
works. Example: In the context of a lunch box, the physical
principle refers to the way food is separated, such as physically
dividing it into distinct compartments.

Totalideas 16
PP 16

Vicente Chulvi et al.

o Atthe second level, differentiation occurs according to Work-
ing Principles (WP). WP is the practical application of the
physical principle. It describes how the physical principle is
implemented in a functional design or system. Example: In
the lunch box, the working principle would be the specific
design used to achieve physical separation, such as a single
container with internal compartments or multiple containers
combined into one system.

o The third level distinguishes ideas based on their Embodiment
(E). It refers to the way the working principle translates into a
tangible design. It is the physical representation of the creative
concept. Example: In the lunch box, embodiment refers to how
multiple containers are physically connected, such as through
fixed integration or detachable, modular connections.

« Finally, at the fourth and last level, differences at a Detailed
level (D) are considered. This level refers to the individual
components that make up the design. Each part must fulfill a
specific function within the system. Example In the lunch box,
this includes the specific design of the connection mechanism,
such as the type of locking or fitting system used to assemble
and disassemble the containers.

Variety is quantified using the refinement proposed by Nelson et al.
(2009), which establishes the following formula for calculating the
final variety score:

V= [lo(l’lpp— 1) +5(nwp— 1) +2(HE— 1)+(7’1D— 1)]/Nmax

where (n) represents the number of branches at the corresponding
level of abstraction, and (N,,,,) is the maximum number of solutions.

Novelty: Refers to the degree of originality or rarity of the generated
solutions compared to existing or known solutions. It is calculated
as the weighted sum of the importance of key product subfunctions,
multiplied by a coefficient corresponding to the level of originality
with which these subfunctions have been addressed. This coeffi-
cient takes on a value of 0 if the subfunction is not fulfilled, 3 if it has
been resolved in a very common manner, 7 if it has been resolved in
an infrequent manner, and 10 if it has been resolved in a completely
novel way. An example is shown in Table 2.

Quality: Represents the degree of suitability or effectiveness of the
solutions generated according to problem criteria or requirements.
This parameter is calculated based on the same subfunctions used

Figure 2. Example of an organizational tree used to evaluate variety (F1 of subject D14).
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Table 2. Example of novelty assessment

3 —resolved in a very
common manner

Level of novelty 0 — not fulfilled

10 —resolved in a
completely novel way

7 —resolved in an
infrequent manner

Example of a fan — function: Does not move air

move the air

Standard fan, with
blades and rotor

Uses centrifugal energy
to optimize airflow

No blades, uses magnetism
to move air

Table 3. Example of quality assessment

Level of quality 0 1 2 3 4 5

6 7 8 9 10

Example of a fan — function:
easy to use

Inoperable

Basic and manual controls

Intelligent controls with connectivity
to mobile applications

in assessing novelty. However, in this case, the effectiveness of the
solution provided for each subfunction is evaluated on a scale from
0 to 10. Specifically, a value of 0 corresponds to a subfunction that is
not fulfilled, a value of 5 indicates basic fulfillment, and a value of
10 indicates optimal resolution. The final quality score is also
quantified through the weighted sum of the values considered for
each subfunction, using the weight assigned to each subfunction.
An example is shown in Table 3.

The same subfunctions and their weights considered by Chulvi
etal. (2022) were also utilized for the design problem used as a task
in the experimental procedure. In particular, the subfunctions
considered were:

» Way of separating the food (weight: 0.6).
o Transport and/or storage after use (weight: 0.4).

All evaluations were conducted by an expert in the field of Design
Engineering, with 17 years of experience in assessing creative
design. A second expert, with 10 years of experience, realized
independently the same evaluations in order to analyze the agree-
ment between evaluators. The reliability of the agreement was
calculated with a Fleiss Kappa assessment, with a value of 0.952.
The value has also been recalculated without considering the values
of the variable “quantity,” since these values will always be coinci-
dent. In this case, the value of the Fleiss Kappa assessment is 0.857.

The study should be interpreted as an exploratory comparative
design rather than as a conventional between-group experimental
study. Human participants constituted a population sample with
natural inter-individual variability, whereas the AI condition rep-
resented a selected set of image-generative systems evaluated under
predefined generation settings. Consequently, the comparison does
not aim to establish population-level equivalence between humans
and Al but rather to explore differences in creative performance
under controlled conceptual design conditions.

Results

RQ1: Difference between human designers and
image-generating Al outputs

Table 4 shows the creativity assessment results based on metrics
proposed by Shah et al. (2003), including Quantity, Variety, Nov-
elty, and Quality. A brief description of each metric, along with box
plots for a visual comparison of the results, is provided. To provide an
additional exploratory perspective, the four creativity dimensions
were normalized using min—max normalization and averaged into
a composite exploratory creativity score. Given the absence of a

standardized weighting framework for aggregating Shah et al.
(2003) creativity metrics, this score should be interpreted as a
complementary descriptive indicator rather than as a definitive
measure of creativity.

In terms of quantity, participants generated between 2 and
16 solutions (median: 3.5, mean: 4.45). In the first round, Als were
constrained to generate 4 solutions (4S-AI). This constraint was
loosened in the second round, allowing Als to generate 16 solutions
(16S-AlI), with solutions generated in batches of 4 until the target
number was reached. It should be noted that Quantity was con-
sidered primarily as a process-related variable associated with the
experimental generation settings rather than as a direct indicator of
creative capability. Consequently, Quantity was not subjected to
inferential statistical analysis nor interpreted independently.

In terms of Variety, Figure 3 shows that human designers con-
sistently outperformed Als, with participants achieving a median
variety score of 0.45 and a mean of 0.60, compared to the much lower
range of 0.08-0.17 for 4S-Al. When the number of solutions was
increased to 16 (16S-Al), Variety scores improved slightly for some
Als, with AI6 achieving the highest score of 0.49, marginally exceed-
ing the participants’ median value but falling short of their mean.

Novelty scores, visualized in Figure 4 were more comparable
between human designers and Al tools. In the 4S-AI condition, Als
achieved a median value equal to the students’ median of 5.40,
closely approximating the students’ mean of 5.42. However, when
generating 16 solutions, half of the Als improved their novelty
scores, approaching the maximum value of 7 achieved by students.
This improvement shows that AIl, AI2, and AI5 can explore a
broader solution space when allowed to generate more outputs.
Nevertheless, the consistent novelty scores observed in AI3, Al4,
and AI6 indicate that increasing the quantity of solutions does not
always translate into higher novelty.

To assess quality, all solutions were evaluated. The maximum
quality score achieved by each participant and AI was then iden-
tified for comparison. This approach was adopted because concep-
tual design processes involve an initial divergent ideation phase
followed by a convergent concept-selection stage, in which the most
promising alternative is identified for further development (Zheng
et al,, 2018). Consequently, the analysis focused on the highest-
quality solution generated by each participant or Al system, as this
best reflects their potential to produce viable concepts suitable for
subsequent design stages. It should be noted that the maximum
Quality score was calculated separately for each participant and
each Al tool, rather than as a single maximum value for the human
or Al group. Therefore, the comparison does not represent the best
human solution versus the best Al solution, but the best solution
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Designer (D) / Al Quantity Variety Novelty (max) Quality (max) Normalized composite creativity
First phase D1 3 0.48 4.6 5.6 3.80
D2 3 0.59 5.4 4.4 3.81
D3 3 0.23 7 6.6 5.27
D4 6 1.21 4 4 4.64
D5 2 0.33 3 4 1.39
D6 3 0.12 4.6 6.2 3.36
D7 2 0.33 5.4 3.8 2.70
D8 3 0.24 5.4 3.8 2.68
D9 3 0.35 4.6 6.2 3.87
D10 4 0.41 7 5.8 5.37
D11 5 0.36 7.2 5.4 5.32
D12 4 0.93 5.4 54 5.33
D13 3 0.33 5.4 3.8 2.87
D14 16 1.09 5.4 6 8.19
D15 3 0.36 7 5.4 4.85
D16 6 111 4.6 6.8 6.45
D17 5 0.75 4.6 5.4 4.64
D18 5 0.85 5.4 6.2 5.81
D19 6 1.04 7 5 6.65
D20 4 0.80 54 6.2 5.52
Second phase First round 4S-All 4 0.13 5.4 5 3.32
4S-Al2 4 0.08 5.4 3.8 2.50
4S-Al3 4 0.13 5.4 5 3.32
4S-Al4 4 0.12 5.4 3.8 2.59
4S-Al5 4 0.15 5.4 34 2.42
4S-Al6 4 0.17 5.4 2.6 1.98
Second round 16S-All 16 0.40 7 5 7.02
16S-Al2 16 0.37 7 5 6.95
16S-AI3 16 0.19 54 5 5.60
16S-Al4 16 0.33 5.4 3.8 5.20
16S-Al5 16 0.17 7 5 6.51
16S-Al6 16 0.49 5.4 3.8 5.55

generated by each individual designer or Al tool under the corres-
ponding generation condition.

The analysis of Quality, shown in Figure 5, revealed that parti-
cipants achieved higher scores overall, with a median of 5.4 and a
mean of 5.3. The best-performing 4S-AlI tools reached a maximum
quality score of 5, which corresponds to the minimum threshold for
functional proposals. Increasing the number of solutions to 16 led
to modest improvements in Quality for some Als, such as AI2, AI5,
and AI6, while others maintained consistent or declining scores.
Notably, two Als failed to surpass the participants’ minimum
quality score of 3.8, even with the increased output. This suggests
that Als often struggle to produce high-quality solutions.

To validate these findings, further analyses were conducted
using IBM SPSS Statistics (version 29.0.1.0) (Table 5). Preliminary

normality tests (Shapiro—Wilk) revealed a non-normal distribution
for Variety and Novelty (p < .001), while Quality and normalized
composite creativity exhibited a normal distribution.

Consequently, non-parametric Mann—Whitney U tests were
employed to compare student and AI performance on Variety
and Novelty. Statistically significant differences were observed in
Variety (p = .002). This indicates a substantial difference in the
diversity in their outputs. However, no significant difference was
found in Novelty (p = .202), suggesting that both students and Al
generate ideas with comparable levels of novelty.

For Quality, which met the assumptions of normality, a para-
metric ¢-test was conducted. No significant difference was observed
between students and Als performance on this metric (p = .573).
The normalized composite creativity analysis also revealed no
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Figure 3. Box plot of variety results distribution.
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Figure 4. Box plot of novelty results distribution.

statistically significant differences between human designers and AI
systems (p = .738).

These findings underscore the distinct creative capabilities of
human designers, who leverage cognitive flexibility and interpret-
ative skills to produce diverse and high-quality solutions.

RQ2: Difference between image-generative Als outputs

Further comparisons among Al tools (Figs. 6-8) revealed variability
in performance across metrics. The results compare the Als under
two conditions: when limited to generating 4 solutions (blue bars)
and when allowed to generate up to 16 solutions (orange bars).
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Figure 5. Box plot of quality results distribution.

Table 5. Results of Normality Shapiro-Wilk test and (non)parametric tests assessing the difference among participants and designers

Test Normalized composite creativity Variety Novelty Quality

Normality test Shapiro—Wilk p=.223

p <.001 p <.001 p=.125

Mann-Whitney U tests (non-parametric)

p=.002 p=.202 -

T-test (parametric) p=.738

- - p=.573

Comparisons among individual AI systems were treated descrip-
tively, and paired statistical analyses were also conducted compar-
ing the 4-solution (4S) and 16-solution (16S) generation settings
across the six AI tools. Due to the limited sample size and the non-
normal distribution of several variables, Wilcoxon signed-rank
tests were employed.

Figure 6 shows that asking AT tools to generate a larger number
of solutions (16 in this case) can lead to an increase in the variety of
the generated outputs. However, the extent of this increase varies
across different Al tools.

Overall, the AI tools generally achieved higher variety scores
when asked to generate 16 solutions compared to when limited to

Variety Al mAI(4)

1.00
0.90
0.80
0.70
0.60
0.50
0.40
0.30

0.40 0.37

0.19
0.20 0.13] 0.13

’ 0.08 '
0.10
0.00
All A2 Al3

Figure 6. Comparison of Al outputs in terms of variety.

m Al(16)

0.49
0.33

0.150-17 0.17;

Al4 Al5 Al6
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4 solutions. The results of the statistical analysis revealed a signifi-
cant increase in Variety when AI systems generated 16 solutions
instead of 4 (W = 0.0, p = .031), suggesting that expanding the
number of generated outputs improves the exploration of the
solution space. From the descriptive analysis, it can be perceived
that some tools show a more substantial increase in variety score
(e.g., All, AI2, Al4, Al6), while others show a smaller increase (e.g.,
AI3, AI5). Al tool AI6 stands out with the highest variety score
among all tools, especially when generating 16 solutions. This
suggests that AI6 is particularly effective at producing a wide range
of diverse solutions.

Figure 7 shows that asking an AI tool to generate a larger
number of solutions can lead to an increase in the novelty of the
generated outputs in some of the tools tested. However, these
differences did not reach statistical significance (W = 0.0, p = .083).

While some tools exhibit increasing novelty with more solutions
(AIl, AI2, AI5), others maintain a consistent score (AI3, Al4, AI6).
In particular:

o Increased Novelty: AIl, AI2, and AI5 show an increase in novelty
scores when generating a larger number of outputs. This suggests
that these AI tools can generate more novel solutions when
allowed to explore a wider solution space.

« Consistent Novelty: AI3, Al4, and AI6 exhibit consistent novelty
scores regardless of whether 4 or 16 solutions are generated. This
result suggests that for some Al tools, increasing the number of
solutions generated may not always translate to a significant
improvement in the novelty of the outputs.

Figure 8 shows that the relationship between the number of solu-
tions generated by Al tools and the quality of those solutions is not
straightforward. Some tools maintain high quality with more solu-
tions, while others experience a decline in quality as the number of
solutions increases. Consequently, the statistical analysis shows no
significant difference in case of quality (W = 0.0, p = .109).

The quality of Al outputs varies significantly depending on the
Al tool and the number of solutions generated.

« Consistent Quality: AIl, AI3, and Al4 exhibit consistent output
quality regardless of whether 4 or 16 solutions are generated.
Increasing the number of outputs does not noticeably improve
the quality in these cases.

« Improved Quality with Increased Outputs: AI2, AI5, and AI6
demonstrate an increase in output quality when the number of
generated solutions is increased from 4 to 16. AI5 shows the most
pronounced improvement in this regard. However, despite the

Novelty Al = AI(4)
HAI(16)
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9

8 7 7 7
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6 5.4 5.4 5454 54 54 54 54
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Figure 7. Comparison of Al outputs in terms of Novelty (the maximum value is considered).
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Figure 8. Comparison of Ai outputs in terms of Quality (maximum values are considered).
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increase in the number of outputs, AI6 displays the lowest quality
scores, both when generating 4 and 16 solutions.

These findings suggest that while increasing the number of generated
solutions can potentially enhance the overall quality of AI outputs,
this effect is highly dependent on the specific Al tool employed.

Overall, some tools, such as AlI6, excelled in Variety when
generating 16 solutions, while others, like AI5, demonstrated not-
able improvements in Quality. However, these improvements often
failed to surpass the benchmarks set by human designers.

Discussion

RQ1: Differences between human designers and
image-generative Al outputs

This section discusses the comparative analysis of creative outputs
from human designers and Al image generators, focusing on
Quantity, Variety, Novelty, and Quality. The findings reveal dis-
tinct strengths and weaknesses for each, highlighting their respect-
ive creative processes.

o Quantity: As expected, Al tools demonstrated a clear advantage
in generating large numbers of solutions within very short time-
frames due to their computational processing capacity. Human
designers produced between 2 and 16 solutions (median = 3.5).
However, the study did not aim to compare raw production speed
between humans and AI systems, as such a comparison would
primarily reflect differences in computational efficiency rather
than creative performance. Instead, the comparison was designed
around a controlled output-based fairness principle, in which Al
systems were requested to generate numbers of solutions com-
parable to those observed in the human sample. This approach
was adopted to enable a more balanced comparison of the
creative characteristics of the generated concepts, particularly
Variety, Novelty, and Quality, rather than differences in produc-
tion rate. Consequently, Quantity was interpreted primarily as an
experimental process variable rather than as a standalone indi-
cator of creative capability.

o Variety: significantly differs across human designers who out-
performed Als. The median variety score for humans was 0.45
(mean 0.60), while 4S-Als scored significantly lower, ranging
from 0.08 to 0.17. While increasing the number of Al-generated
solutions to 16 (16S-Al) led to some improvement (e.g., AI6
reaching 0.49), no Al surpassed the human mean. This highlights
a key limitation of current AI tools: a high degree of fixation,
resulting in structurally or conceptually similar outputs. Even the
highest-performing AI in the 16S condition only marginally
exceeded the median human score, falling short of the mean.
This reinforces the observation that Als struggle to produce truly
diverse solutions, and simply generating more outputs only
partially mitigates this issue while simultaneously increasing
the burden of evaluation for the user. The significant difference
in variety (p = .002) further underscores this point.

« Novelty: In contrast to Variety, Al performance in Novelty was
comparable to human designers. The median novelty score for
4S-Als (5.4) matched the human median, and the mean (5.42)
was also similar. Interestingly, when generating 16 solutions,
some Als (AIl, AI2, AI5) achieved higher novelty scores, reach-
ing the maximum value observed among human designers (7).
However, other Als (AI3, Al4, Al6) showed no improvement
with increased output. This suggests that while some AI tools can
explore a wider solution space when generating more outputs,

Vicente Chulvi et al.

others are constrained by their underlying algorithms. The con-
sistent novelty scores among 4S-Als might indicate a shared
underlying logic in their creative processes, though further inves-
tigation is needed. While some Als demonstrated the potential
for high novelty, the statistical analysis (p = .202) showed no
significant difference between humans and Als in this metric.

* Quality: based on the descriptive statistics results, human design-
ers consistently achieved higher Quality scores (median 5.4,
mean 5.3). In the 4S-Al condition, the highest-scoring Als
reached a quality score of 5, the minimum threshold for functional
proposals. Increasing the number of solutions to 16 led to modest
improvements for some Als (A2, AI5, AI6), but two Als failed to
surpass the minimum quality score achieved by human students
(3.8), even with increased output. This suggests that while Als can
produce functional outputs, they struggle to achieve the nuanced,
high-quality solutions characteristic of human design. Als often
remain at the minimum threshold of required quality, potentially
due to their literal interpretation of the problem statement. This
highlights the importance of human interpretation and reformu-
lation of design briefs to effectively guide Al tools. Despite the
observed differences, the statistical analysis did not reveal a sig-
nificant difference in quality (p = .573).

Overall, the results highlight the complementary roles of human
designers and Al in creative processes. Although Als are effective at
generating large numbers of solutions quickly, their outputs often
lack the diversity, novelty, and nuanced quality demonstrated
by human designers. These findings suggest that Al systems are
currently more effective as support tools for ideation rather than
as autonomous substitutes for human creativity. Consequently,
human oversight and interpretative guidance remain essential to
direct Al-generated outputs toward more meaningful, contextually
appropriate, and innovative design solutions. Furthermore, since
the study involved design engineering students rather than profes-
sional designers, the findings should be interpreted cautiously when
considering professional design practice. Experienced designers
may demonstrate more advanced ideation strategies and evaluation
capabilities, potentially increasing the differences observed between
human and Al creative performance.

RQ2: Differences among image-generative Al outputs

The comparison of Al tools under two conditions (4S-Al and 16S-
Al) revealed variability in performance across the creativity met-
rics, underscoring the influence of model architecture and gener-
ation parameters.

o Variety: Increasing the number of solutions from 4 to 16 signifi-

cantly led to higher Variety scores. AI6 (Stablecog) achieved the
highest Variety score (0.49) when generating 16 solutions, indicat-
ing its ability to produce a more diverse range of outputs. The extent
of improvement in Variety scores varied significantly among tools.
For example, AI3 (Playground AI) and AI5 (SeaArt) showed
minimal gains, suggesting that some tools may have inherent
limitations in their ability to diversify outputs, even when given
more opportunities to do so.
These findings highlight the importance of system-specific
adjustments to enhance diversity, as certain architectures or
algorithms may exhibit a higher tendency toward fixation or
repetitive outputs.

o Novelty: The relationship between the number of solutions and
Novelty scores varied across tools, although the differences
observed were not significant. AI1 (DALL-E 3), AI2 (Leonardo Al),
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and AI5 (SeaArt) exhibited increased Novelty scores when
generating 16 solutions. This suggests that these tools can
explore a broader solution space and produce more original
outputs when given more opportunities to iterate. In contrast,
AI3 (Playground AI), Al4 (Recraft AI), and AlI6 (Stablecog)
maintained consistent Novelty scores regardless of the number
of outputs generated. This indicates that for some tools, increas-
ing the number of outputs does not necessarily lead to enhanced
originality, possibly due to limitations in their generative algo-
rithms or reliance on predefined patterns. While some Al tools
benefit from generating more solutions in terms of originality,
others may require algorithmic refinements to break free from
inherent constraints.

Quality: The impact of increasing output quantity on Quality was
inconsistent and not statistically significant. However, Al tools
such as AI2 (Leonardo AI), AI5 (SeaArt), and AI6 (Stablecog)
demonstrated improvements in Quality when generating 16 solu-
tions. This suggests that, for these tools, exploring a larger
solution space may help identify higher-quality outputs. Tools
like AT1 (DALL-E 3), AI3 (Playground AI), and AI4 (Recraft AlI),
maintained consistent Quality scores regardless of the number of
outputs. This indicates that their performance is relatively stable
and less influenced by the quantity of solutions generated.

Despite excelling in Variety, AI6 (Stablecog) consistently achieved
the lowest Quality scores. This suggests a potential trade-off
between diversity and quality, where efforts to maximize diversity
may lead to outputs that lack refinement or practical value. The
varying effects of increased output quantity on Quality underscore
the need to balance diversity and quality in AI-generated solutions.
Tailoring the parameters or post-processing techniques for each
tool could help optimize outputs across multiple metrics.

The results underscore the complexity of optimizing Al per-
formance across creativity metrics. While increasing the number of
generated solutions generally enhances Variety, it has not been
demonstrated with statistical significance Novelty and Quality are
improved. The findings are consistent with recent research sug-
gesting that generative Al systems tend to support divergent explor-
ation more effectively than convergent refinement or final concept
evaluation (Wang et al., 2025c¢). The observed variability across Al
tools suggests that differences in generation pipelines, interface
implementations, prompting behavior, and underlying model fam-
ilies may influence creative performance outcomes. For example,
Al6 (Stablecog) demonstrates high performance in Variety while
showing comparatively lower Quality scores, indicating potential
trade-offs between exploratory diversity and output refinement.
These findings reinforce the importance of human intervention
and supervision to achieve balanced and contextually appropriate
design outcomes.

The study should therefore be interpreted as an evaluation of
practically accessible image-generative design tools rather than a
strict architectural comparison between independent foundational
Al models.

Conclusion

Creativity is a cornerstone of design engineering, fueling innov-
ation and solving complex problems. Visual representations play a
pivotal role in this process, serving as essential tools for communi-
cating and refining design ideas. The emergence of image-
generative Al offers new opportunities to augment these creative
processes, yet the extent of their capabilities, particularly in

comparison to human designers, remains an area of active explor-
ation. This exploratory study aims to evaluate the creativity of
several Al tools and compare their outputs with those of human
designers using the creativity metrics of Quantity, Variety, Nov-
elty, and Quality, as defined by Shah et al. (2003). A sample of
convenience of 20 design engineering students and six image-
generative Al systems were tasked with the same design challenge,
with humans constrained by time and Als limited by predefined
output parameters.

The answer to RQ1 regarding the comparison between human
creativity and Al creativity follows; the findings reveal some differ-
ences in the creative capacities of humans and Als. While Als excel
in generating large quantities of solutions quickly, this strength
reflects computational efficiency rather than true creative ability.
Human designers far outperformed Als in terms of Variety, with
the AI outputs exhibiting a pronounced fixation and limited con-
ceptual diversity. Even when generating 16 solutions, only two Als
(Bing Image Creator and Stablecog) approached the median Var-
iety score of human designers, and none achieved the average. This
suggests persistent limitations in the evaluated AI tools’ ability to
consistently generate diverse and conceptually distinct outputs
within the context of conceptual engineering design tasks. In case
of Quality, humans performed overall better than AL but this
difference was not statistically significant.

The results related to the comparison of creativity among Al
systems (RQ2), reveal the complexities of Al performance across
various creativity metrics. While increasing the number of gen-
erated solutions generally improves Variety and, in some cases,
Novelty, it does not consistently enhance Quality. The observed
variability across the evaluated Al tools suggests that differences
in generation pipelines, prompt interpretation mechanisms,
implementation strategies, and underlying model families may
influence creative performance outcomes. For instance, tools like
Al6 (Stablecog) demonstrated strong performance in Variety
while showing comparatively lower Quality scores, indicating
possible trade-offs between exploratory diversity and output
refinement. This highlights the need for human intervention
and supervision to achieve balanced outputs. Regarding Novelty,
Al tools showed more promise, with most achieving scores com-
parable to the human median, and some (e.g., Bing Image Creator,
Leonardo Al, and SeaArt) even surpassing it when generating
16 solutions, indicating their capacity to explore broader solution
spaces, although some outputs still exhibited constrained concep-
tual exploration. Quality, however, consistently posed a challenge.

Although some tools (e.g., Bing Image Creator and Play-
ground) approached the human median when generating four
solutions, no AI surpassed the human average, even with
increased output. This emphasizes the critical role of human
interpretation and refinement in achieving high-quality results,
as Als often struggle to fully capture the nuances of design tasks.
Despite these limitations, the AI tools tested show potential as
valuable aids in the early stages of the creative process. While
often lacking in Variety and Quality, Al-generated outputs can
provide a foundation of preliminary ideas to inspire human
designers. Their relatively strong performance in Novelty sug-
gests they can introduce fresh perspectives, even if these require
refinement. Therefore, designers must actively guide Al systems
through well thought prompts and variable configuration to
maximize the relevance and utility of Al-generated solutions,
positioning Al as a complementary tool — or a “partner” (Lubart,
2025) — rather than a replacement for human creativity. However,
since several evaluated tools rely on related diffusion-based model
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families, these findings should not be interpreted as a strict compari-
son between fully independent foundational AI architectures.

Limitations

Several contextual factors should be considered when interpreting
these results. Firstly, the study relied on a convenience sample
composed of design engineering students rather than professional
designers. Although this population is commonly used in creativity
and engineering design research, the relatively homogeneous edu-
cational background and experience level of the participants limit
the generalizability of the findings. Consequently, the results should
not be directly extrapolated to professional design practice without
caution. It is reasonable to assume that experienced designers
would demonstrate more advanced ideation strategies, domain
knowledge, and concept-evaluation capabilities, potentially widen-
ing the observed differences between humans and Al systems
(Bonnardel and Marmeéche, 2004). This aligns with findings in
other domains, such as the study by Noy and Zhang (2023), which
showed that lower-ability participants benefited more substantially
from AI assistance than higher-performing individuals.

Secondly, the students generated ideas without the support of a
structured design methodology. Prior research suggests that sys-
tematic ideation methods can significantly influence creative
outcomes and design-space exploration (Chulvi et al.,, 2013).
Therefore, the absence of a formal design methodology may have
affected the creative performance observed in both human and
Al-assisted conditions.

Finally, the findings should also be interpreted considering the
rapidly evolving nature of image-generative Al technologies. The
evaluated tools represent specific versions and implementations
available at the time of the experiment, and many of these systems
undergo frequent updates affecting their underlying models,
default parameters, prompting behavior, interface design, and
generation capabilities. Consequently, the results should not be
interpreted as stable or definitive assessments of the long-term
creative potential of these Al systems, but rather as a snapshot of
their performance under the technological conditions existing
during the study period. Furthermore, the statistical inferences
derived from the study should be interpreted cautiously and
within the boundaries of the evaluated sample and AI configur-
ations. The findings are intended to provide exploratory insights
into current image-generative Al capabilities rather than defini-
tive generalizations regarding human and artificial creativity.
Future directions.

This study provides an initial foundation for developing a
collaborative methodology between Al and designers to optimize
the creative idea generation process. Future work should further
analyze and contrast this potential joint effort. Several avenues for
expansion exist, starting with the development of prompts that
range from more to less constrained for Al systems, along with clear
instructions for the design task assigned to human designers; this
approach would allow for a comprehensive comparison of the
results across all tests conducted in this experiment. Another
direction could be investigating the combination of text-based Al
with image-generative Al to further aid the design process, and
exploring how integrating both with specific design methodologies
impacts outcomes. The observed limitations of Als, particularly in
Variety and Quality, highlight areas for improvement in Al algo-
rithms and model architectures. Integrating structured design
methodologies could enhance the creative outputs of both humans
and Als, potentially narrowing performance gaps.

Vicente Chulvi et al.

As Al technologies continue to evolve, their capabilities in
creative tasks are expected to improve, but this study underscores
the irreplaceable value of human expertise, particularly in inter-
preting and refining design briefs to produce high-quality out-
comes. Future research should therefore focus on exploring the
synergy between AI and professional designers, expanding on the
methodologies developed here to optimize the creative process and
establish AI as a powerful ally in advancing innovation and
problem-solving within design engineering.
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