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Abstract

Artificial intelligence (AI) facilitates designers in generating creative ideas. How designers work
with AT to effectively stimulate and enhance their creativity is an urgent topic in the context of
design education and creation. This study conducted a controlled experiment in a design
education context to explore the effects of generative Al tools and visual stimuli on the creativity
of designers in the early design stages. The results show that the use of text-to-image (T2I) Al
tools and the stimulation of abstract visuals enhance the design creativity in both divergent and
convergent thinking processes. However, it is important to be aware of the design fixation during
this process. This study sheds light on the role and value of different Al tools for designers in the
design process, offers a more effective solution of using AI for designers so as to improve
creativity and design quality, and provides a theoretical basis for the application of Al-assisted
design process.

Introduction

Creativity is seen as the key to design innovation. In the early stages of design, designers often use
creativity tools that augment the generative outcomes (e.g., inspirational stimuli, analogy,
boundary shifting, and multiple types of brainstorming) to facilitate the generation of creative
ideas. Nowadays, artificial intelligence (AI) techniques have been applied to creativity tools to
enhance the creativity of designers. Al improves the efficiency and satisfaction of designers by
generating new visual stimuli and textual inspirations, which in turn effectively assist designers in
the ideation process (Liao et al., 2020; Kwon et al., 2023; Lee and Chiu, 2023; Lewis, 2023; Jin et al.,
2024). The stimulus of visual materials also plays an important role in enhancing the designer’s
creativity. For example, Goldschmidt and Smolkov (2006) argue that figurative and abstract
images play different roles in different design phases: Abstract visual stimuli are more helpful in
inspiring designers to think out of the box and be innovative, while figurative visual stimuli tend
to be better at assisting designers with detailed optimization and practical application
(Goldschmidt and Smolkov, 2006). However, these studies have not been carried out in
conjunction with Al-based tools and have failed to fully explore the holistic effects of Al and
visual stimuli on design creativity. It has not been fully addressed with regard to how to effectively
inspire and improve the design creativity through Al under the stimulation of appropriate visual
materials. In addition, previous studies mainly focus on the application of a particular type of
Al-based tools and task mode, which are no longer applicable to the current needs due to the
rapid development of AL This article conducted a controlled experiment, with generative Al tools
and visual stimuli as variables, to investigate the impacts of these variables on different dimen-
sions of design creativity.

The Double Diamond Framework integrates fundamental principles to guide creativity,
which involves both divergent and convergent thinking. Many distinctive ideas are generated
during the divergent thinking process, while the evaluation and refinement of ideas take place in
the convergent thinking process (Shi et al., 2017; Childs et al., 2022). This framework reflects the
principles of divergence, that is, after the generation of ideas, convergence occurs through
selecting and refining preferred ideas for further optimization and development. AI can help
designers break through the design thinking stereotypes to provide new sources of inspiration,
thus coming up with more innovative design solutions (Shi et al., 2017; Chen et al,, 2019). Al
image generation modalities are divided into two types based on input prompts: text-to-image Al
models (T2I AT models: users generate corresponding images by inputting textual descriptions in
the models, e.g., ChatGPT and DALL-E) and image-to-image Al models (I2I AI models: users
generate variations or optimized images by inputting initial images in the models, e.g., Mid-
Journey and Stable Diffusion). Existing research proposes that users expect Al to provide ust
enough instruction’ during the creative process (Oh et al., 2018). T2I Al models assist designers in
materializing abstract concepts, thereby enhancing creativity at the initial stage in design
(Xu et al., 2018; Ku and Lee, 2023). Hanafy’s (2023) study further discovered that T2I Al models
are able to significantly enhance the diversity and novelty of designer creativity (Hanafy, 2023).
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T2I AI models and I21 Al tools are both beneficial in the design
process, and the combined stimuli of texts and images also promote
creative thinking (Han et al., 2018). The benefits of I2I Al models in
dealing with details and complexity have been preliminarily stud-
ied. However, there is a lack of systemic comparative studies
regarding their specific role in assisting the design creativity pro-
cess, as opposed to T2 AI models, as well as explorations on how
prompts in generative Al models affect the design creativity
enhancement (Joynt et al.,, 2023). Furthermore, although image
generation Al has significantly facilitated designers in providing
innovative visual solutions and details, problems still exist in terms
of the difficult communications between designers and AI models
in the process of co-creation, and of their reliance on specific details
(Turchi et al., 2023).

The main advantage of T2I AI models is that specific visual
references are not required, where designers can quickly generate
various images by inputting natural language descriptions, thus
providing great freedom in the early conceptualization phase in
design and helping designers inspire and explore different direc-
tions, especially useful for interdisciplinary and conceptual design
(Mansimov et al., 2015; Ramesh et al., 2021; Ko et al., 2023).
However, T2I Al tools are highly reliant on the precision of textual
descriptions during the output process, leading to unexpected
outputs resulting from vague and polysemic languages when they
are processing complex design details (Saharia et al, 2022).
Although T2I AI models excel in generating diversified images,
they tend to generate less accurately and consistently than 121 AI
tools in detailed design scenarios (Nichol et al., 2021). I2I AI
models perform excellently in high fidelity and design detail
control, suitable for streamlining the design process by preserving
the intricate details of input images and accurately adjusting the
output images (Karras et al., 2019). They generate and optimize
based on existing images and show significant advantages in visual
details, style transformation, and image restoration (Isola et al.,
2017). Nevertheless, I2I Al tools rely on the quality and richness of
the initial input images, which directly determine the diversity and
creativity of the generated outputs, limiting the creative freedom
of designers to a certain extent (Lyu et al., 2023). T2I AT and I2I AI
models have different advantages regarding the application scen-
arios and design process. Therefore, some studies suggest com-
bining both types of Al-based tools as complements at different
stages in design to cope with different creative needs (Lively et al.,
2023; Akverdi and Baykal, 2024). However, there is still a lack of
systematic comparisons and analyses in the current literature
regarding the specific performance and application strategies of
T2I AI and I2I AT models at different design stages. This article
explores how these two types of generative Al tools enhance
design creativity based on an empirical study, aiming to provide
a theoretical basis and practical guidance for designers to make
reasonable and effective use of generative Al tools. Although both
T2I AI and I2I Al tools show the potential in improving design
creativity, the existing literature lacks comparative research on the
performance of these tools at different design stages and of their
impacts on designers’ creative activities. This study aims to delve
into the specific impacts of generative Al tools on design creativity
and to analyze their applicability and limitations in the early stages
of design.

Visual stimuli can enhance designers’ creative thinking by
stimulating subconscious creativity (McKim, 1980). Appropriate
visual stimuli can significantly improve idea generation (Gilhooly,
2007), and too much stimulation of visual materials might lead to
information overload, which in turn inhibits creativity (Sternberg,
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1999). Goldschmidt and Smolkov (2004, 2006) pointed out that
different types of visual stimuli have varying impacts on designers:
abstract stimuli were more effective in fostering divergent think-
ing, while concrete stimuli were more conducive to refining ideas
and supporting goal-oriented design convergence (Goldschmidt
and Smolkov, 2004; Goldschmidt and Smolkov, 2006). Although
previous studies have explored the role of visual stimuli in design
creativity, the specific mechanism by which visual stimuli func-
tion within the co-creative relationship between Al and designers
remains underexplored. In recent years, the visual image gener-
ation capabilities of AI have been significantly improved, and
Al-generated images are increasingly being used to support
designers’ inspiration and concept development. Tsidylo and
Sendra (2023) found that design students interacting with Al
tools, such as MidJourney, gained richer inspiration through
Al-generated images, but they also needed the ability to translate
visual intentions into verbal prompts to effectively guide AI
outputs (Tsidylo and Sendra, 2023). Hou and Wang (2024) found
that the emotional characteristics of Al-generated images may
influence design creativity and provide empirical support for
designers to select appropriate images based on the type of design
task (Hou and Wang, 2024). Choi et al. (2023) proposed the
CreativeConnect system, which uses Al to extract elements from
reference images based on keywords and generate diverse
sketches, thereby helping designers stimulate inspiration, expand
their ideas, and significantly improve both the quantity of ideas
and their self-rated creativity (Choi et al., 2023). This AlI-driven
visual interaction constitutes a novel human—AI co-creation scen-
ario. However, current research overlooks the role of visual stim-
uli in the collaborative relationship between Al and designers. Asa
tool capable of generating visual content, Al plays a significant
role in the expression and transformation of visual information,
affecting designers’ cognitive processing and creative decision-
making. There is still a significant gap in the current literature on
how figurative and abstract visual stimuli can specifically affect
designers’ creative processes with the assistance of different
Al-based tools. Therefore, this study aims to explore the com-
bined effects of concrete and abstract design stimuli on early stage
design creativity, based on a comparison of different AI image
generation modalities.

In summary, generative AI demonstrates great potential in
supporting creativity in the design field. While AI can enhance
design creativity, it may also inhibit it depending on how it is
used. Moreover, how design stimuli influence the creative process
during co-creation with Al still requires further investigation.
Creativity is commonly defined as the ability to produce ideas or
solutions that are both novel and appropriate (Amabile, 1983;
Runco and Jaeger, 2012). It reflects not only the effectiveness of
problem-solving but also an individual’s cognitive flexibility in
handling complex tasks, with an emphasis in this study on the
quality of outcomes. The creative process focuses on the pathway
through which these outcomes are generated during the progres-
sion of a design task. Having reviewed the literature on using
generative Al models and visual stimuli in enhancing design
creativity, we then present the methodology, a controlled experi-
ment, to investigate the effects of figurative and abstract visual
materials on design creativity in the early design stages with a
comparison of a T2I Al model (ChatGPT-40) and a I2I Al model
(MidJourney) based on the Double Diamond Framework. It is
followed by the discussions on the interaction of these variables
by combining different types of generative Al tools and visual
stimuli, with scores in different dimensions of creativity as
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important indicators. The most effective combination that maxi-
mizes design creativity has also been figured out. The findings
from this research provide a comprehensive theoretical basis and
practical guidance to optimize the Al-assisted creative process.

Methods
Participants

A total of 84 university students took part in this study, with a male-
to-female ratio of nearly 1:1 and an average age of 21 £ 0.92 years.
All participants are students who majored in environmental
design, with the number of sophomores and junior students
being 42 each. Before the experiment, no participants had in-
depth exposure to the generative Al-assisted design process. For
the purpose of this experiment, all participants volunteered to
undergo a 1-day training session on T2I Al and I2I AI tools in
the week prior to the experiment. Participants were then divided
equally into four groups, ensuring that the number of second-
and third-year students within each group was within the range
of 10-11. All participants confirmed that they had no prior
knowledge of the topic and were suitable to participate in the
experiment.

Experimental design

This study deploys a two (T2I Al vs. 121 AI) x two (figurative visual
stimuli vs. abstract visual stimuli) between-groups experiment to
examine the effects of Al-based tools and visual stimuli on design
creativity. This experiment is based on the Double Diamond
Framework (Design Council, 2005), which divides the design pro-
cess into two stages: the divergent and convergent phases. The data
were collected in a staged manner in correspondence with these
phases.

In the divergent thinking phase, the task focuses on generat-
ing as many novel, diverse, and directionally varied initial ideas
as possible, while ensuring the ideas are practically feasible
and reflective of independent thinking. Therefore, we set five
dependent variables — originality, fluency, flexibility, practicality,
and repetition — to comprehensively reflect creativity perform-
ance at this stage. Originality measures the novelty of ideas and
serves as a core indicator of creative quality; fluency reflects the
number of ideas generated, indicating the fluency of thoughts;
flexibility evaluates the diversity of idea categories or directions,
representing the breadth and divergence of thinking; practicality
assesses the feasibility and contextual appropriateness of ideas;
and repetition is a reverse indicator used to identify whether Al
intervention induces design fixation, leading to repetitive or
dependent ideas. The combined assessment of these five dimen-
sions enables a systematic evaluation of designers’ divergent cre-
ativity in co-creation with Al

The selection of these dimensions is grounded in established
creativity evaluation frameworks. Specifically, originality, fluency,
and flexibility are drawn from the core dimensions of the Tor-
rance Tests of Creative Thinking (TTCT) (Torrance, 1966), which
serve as foundational indicators of creative thinking in design.
Given the nature of our experimental task, we further introduced
practicality and repetition as supplementary dimensions to fully
assess creative performance in an Al-assisted design context.
The practicality dimension follows Amabile (1996) Consensual
Assessment Technique (CAT), in which creativity is defined as the
combination of novelty and appropriateness (Amabile, 1996). The
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“appropriateness” criterion emphasizes the relevance of an idea to
a given task, underscoring the importance of practicality. Moha-
nani et al. (2019) explicitly stated that practicality is one of the key
attributes of creativity in evaluating innovative design tasks.
Therefore, it is necessary to include practicality as a creativity
indicator (Mohanani et al., 2019).

The repetition dimension is inspired by the concept of design
fixation, proposed by Jansson and Smith (1991), referring to design-
ers’ repeated adoption of visual elements from prior examples,
thereby limiting the emergence of novel ideas (Jansson and Smith,
1991). In our scoring process, judges compared participants’ sketches
with the Al-generated images they used to determine the degree
of visual dependence. A higher repetition score indicates stronger
reliance on Al-generated features, lower creative independence, and
higher fixation tendencies. By incorporating these two additional
dimensions, our evaluation system not only focuses on creativity’s
diversity and originality but also strengthens the assessment of
practicality and independence, offering a more comprehensive
reflection of Al-mediated creativity.

In the divergent phase, participants responded to an open-
ended design challenge, using AI and visual stimuli to generate
images and submit multiple initial creative frameworks. These ideas
were expressed through keywords and sketches. Judges rated the
submissions across five dimensions: originality (novelty), fluency
(number of ideas generated), flexibility (diversity of perspectives),
practicality (feasibility of the preliminary idea), and repetition
(degree of reliance on Al exemplars).

In the convergent thinking phase, the task shifts to deepening,
refining, and integrating previously generated ideas to form a final
design proposal with clear expression, aesthetic appeal, and prac-
tical feasibility. Therefore, six dependent variables — originality,
elaboration, flexibility, abstractness, aesthetic appeal, and con-
textual adaptability — were set to assess creativity at this stage.
Originality evaluates the novelty and distinctiveness of the design
concept; elaboration assesses the completeness of details and the
precision of expression; flexibility reflects the adaptability and
integration of the design in terms of function, form, and context;
abstractness measures the depth of conceptual thinking and the
ability to express abstract ideas; aesthetic appeal evaluates the
visual attractiveness and emotional resonance of the design; and
contextual adaptability examines how well the design fits the
intended application scenario.

Through these six dimensions, the study systematically evalu-
ates designers’ deepened creativity performance during the con-
vergent phase in Al-assisted design. The selection of these
dimensions is informed by multiple classic creativity evaluation
theories. Originality and flexibility, derived from the TTCT, are
fundamental indicators of novelty and design diversity and are
also widely used in Amabile (1983) CAT (Amabile, 1983; Amabile,
1996). Elaboration originates from TTCT’s figural tasks and
assesses the depth and detail of idea development. Abstractness
draws from the Four C Model proposed by Kaufman and
Beghetto, (2009), particularly the “Pro-C” level, emphasizing
higher-order conceptual skills (Kaufman and Beghetto, 2009).
Aesthetic appeal is based on the Creative Product Semantic Scale
(CPSS) (O’Quin and Besemer, 1989), which evaluates visual
attractiveness and aesthetic value (O’Quin and Besemer, 1989).
Contextual adaptability, a concept proposed by Cheng and Atkin-
son (2020), emphasizes functional alignment and sustainability
across dynamic settings (Cheng and Atkinson, 2020). It incorp-
orates the definitions of “appropriateness” and the CPSS
“resolution” dimension by Amabile (1983) and Runco and
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Charles (1993), measuring the usefulness and task-fit of creativity
in specific contexts (Amabile, 1983; Runco and Charles, 1993).
Among these, originality and flexibility are used in both stages
because Guilford (1956) emphasized in his Structure of Intellect
model that originality is a core component of creativity (Guilford,
1956). It reflects unique ideation during the generation phase and
innovative breakthroughs in final outputs. Originality as an indi-
cator of rarity and novelty is essential for distinguishing truly
creative ideas (Torrance, 1966; Amabile, 1983). Flexibility reflects
diversity in the divergent phase and the adaptability and integrative
capability of solutions in the convergent phase (Guilford, 1956;
Finke et al., 1992). Using these two dimensions with different
emphases across both phases enables a more comprehensive evaluation
of creative performance. Overall, the multidimensional framework

Weichu Ge and Guanhua Hou

adopted in this study aims to systematically assess creativity out-
comes in the Al-assisted design.

Materials

This study asked participants to work with AI models to creatively
solve problems. The participants used two types of generative Al
tools, a T2I Al model and an I2I AT model, with one group using the
ChatGPT-4o0, a T2I Al model, and the other group using Midjour-
ney, an I2I AI model. The visual stimuli are divided into two
categories: figurative visual stimuli (see Figure 1) and abstract visual
stimuli (see Figure 2), with each group being given two reference
images. Figurative visual materials are photos taken by the authors
in the Terra-cotta Warriors Museum, and abstract visuals are

Figure 1. Figurative visual stimuli.

Figure 2. Abstract visual stimuli.
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Task 1

Divergent thinking
(30min)

Express as many design ideas and problem
solutions as possible through graphics,
phrases or keywords.

Figure 3. Task steps.

abstract paintings of geometrical blocks based on the figurative
photos, which were painted by the authors. The visual materials
have been confirmed by experts as suitable for visual stimuli.

Experimental procedure

Participants from different groups were arranged in different quiet
classrooms or design studios and were given only the visual stimuli
to work on, without other access to information. All participants
were required to work independently and were not allowed to talk
to each other or seek outside assistance. The experiment lasted
60 min (see Figure 3), and the procedure is outlined below.

(i). A teacher explained the experimental procedures to the par-
ticipants and gave them the tasks and visual materials, which
took 5 min in total.
Task 1: “If the Terracotta Warriors are to be exhibited abroad,
how to show the feeling of a vast army with a single pair of
warrior and horse statues?” Each group received two different
reference images, and worked with different AI-based tools to
generate images to provide as many design ideas and solutions
as possible through graphics, phrases, or keywords. To com-
plete the task, the following instructions should be followed:
a) Express the design ideas through clear keywords or
phrases, and do not use confusing “internet slangs.”
b) Graphics are only used to convey specific meaning, and it
is not necessary to pursue the aesthetics.
¢) Provide only one complete idea in each design frame.

(ii).

This task lasted 30 min.

(iii). Task2:Based on Task 1, participants were asked to refine one
of the design proposals by hand-drawing. They should pro-
vide a design theme, a design sketch, and a design descrip-
tion. This task lasted 25 min (see Figure 4).

Creativity assessment

Design creativity assessment contains two parts: design thinking
and design solution refinement. To assess the creativity of design
thinking, Torrance’s (1966) TTCT was deployed, where the design
thinking creativity is assessed in five dimensions: fluency, origin-
ality, flexibility, practicality, and repetition (Amabile, 1983). In
addition, to measure the level of design fixation, according to
the assessment criteria proposed by Jansson and Smith (1991),
the dimension of repetition was added, which refers to the extent
how design concepts repeat the features of images co-created with
Al models. Fluency is measured on the basis of the total number
of creative ideas generated, with higher scores indicating greater
creativity. The judges counted the number of design concepts
proposed by each participant within the given time. The participant
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Task 2

Design plan drawing
(25min)

Based on Task 1, deepen one of the design
solutions by hand-drawing, which includes a design
title, a design description and a design sketch.

Step1

Introduction to the experiment
<5

View visual stimuli

Step2

abstract visual stimuli

T

figurative visual stimuli

il Y

Step3
Collaborating with Al

=

Text-to-Image Al
(ChatGPT-40 via DALLE)

Image-to-Image Al
(MidJourney)

<

Creative Design Tasks

Step4

Figure 4. Procedure overview of the experiment.

with the largest number of ideas was assigned a score of 7, while the
participant with the lowest number of ideas was assigned a score of
1. The remaining participants’ scores were assigned accordingly.
Originality refers to the degree of novelty of the design concepts,
whether they are unique and witty in problem-solving, with higher
scores indicating greater creativity in terms of uniqueness and
novelty. Flexibility indicates the degree of diversity and variation
of the design concepts during the thinking process, evaluating
whether the participant is able to think from different perspectives.
Higher scores in this dimension represent greater diversity. To
score this dimension, the judges analyzed each participant’s ideas,
counted the number of categories those ideas might be divided into,
and assigned the scores from lowest to highest. The scoring was
conducted in the same way as for scoring fluency. Practicality refers
to the practical application value and feasibility of the design
concepts, assessing whether they can be implemented and accepted
in real life. The assessment of refined design solutions integrates the
CAT proposed by Amabile (1988) and the Four C-Model proposed
by Kaufman and Beghetto (2009). The creativity of the refined
design proposals is measured from six dimensions: originality,
elaboration, flexibility, abstractness, aesthetic appeal, and context-
ual adaptability. The judging criteria of originality and flexibility
remain the same. Elaboration indicates the amount of details and
complexity of the solutions, and whether the participant can further
elaborate and develop the preliminary ideas. A high score means
that the idea is rich in detail and complete. Abstractness refers to
the conceptual level and theoretical depth of the solutions, with
higher scores indicating more profound ideological connotation or
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theoretical foundation. Aesthetic appeal represents the value and
attractiveness, and a higher score indicates a stronger appeal to
the audience, as well as stronger visual and emotional impact.
Contextual adaptability measures the degree to which the solutions
may be adapted to the real context. A high score in this dimension
indicates that the problem is solved and adapted perfectly to the
context.

Graders were asked to approach each solution with an open
mind and to rate the solutions provided by each participant on a
scale of 1-7 for different dimensions. This study invited a total of
eight experts with relevant professional backgrounds to serve as
independent judges. They rated each design sample in multiple
dimensions. The expert panel included two university design fac-
ulty members, two art museum directors, two senior curators, and
two PhDs in design, all of whom had more than 5 years of profes-
sional or academic experience in design-related fields. Before the
evaluation, all experts received standardized instructions and
examples to ensure consistent understanding of the scoring criteria.
The scoring part was conducted independently, with each expert
scoring both the design thinking outcomes and the final exhibition
proposals separately. To ensure reliability, the final score for each
dimension was the average of the eight experts’ scores. This scoring
method follows the procedures proposed by Amabile (1982, 1996)
and Kaufman et al. (2008), which have been widely validated in
creativity research (Amabile, 1982; Amabile, 1996; Kaufman etal.,
2008).

Results

The study aims to explore the effects of generative AI models and
various types of visual stimuli on design creativity, which includes
two stages of design thinking: the divergent and convergent think-
ing phases. The results of a two-way analysis of variance (ANOVA)
(Table 1) demonstrate that in the divergence phase, the T2I Al
model and abstract visual stimuli, respectively, show significant
advantages in enhancing the originality, fluency, flexibility, and
practicality of design thinking, but they tend to result in design
fixation. In the convergence, the T2I AI model and abstract visual
stimuli are beneficial to improve the originality, elaboration, flexi-
bility, abstractness, aesthetic appeal, and contextual adaptability for
refining solutions.

The impact of generative Al on design creativity

The results demonstrate that Al-based tools are able to enhance
design creativity in both the divergent and convergent thinking
phases. Compared to those using the I2I AI model, participants
using the T2I AI model present better results in design creativity,
but they are also more likely to experience design fixation. In the
divergence phase, there are significant differences in the effects
between participants using T2I AI and I2I AI models to facilitate
design creativity in different dimensions. Furthermore, the main
effects of different types of Al-based tools are significant in five
different dimensions, including originality (F = 14.837, p < 0.001,
n’p = 0.156); fluency (F = 20.032, p < 0.001, 5°p = 0.200); flexibility
(F = 22.565, p < 0.001, #%p = 0.220); practicality (F = 24.027, p <
0.001, #°p = 0.231); and repetition (F = 15.456, p < 0.001,
n’p = 0.162), which all show significance. This suggests that choos-
ing suitable Al-based tools in the design divergence phase can help
designers generate creative ideas, make the ideation process
smoother, and increase the novelty, quantity, diversity, and feasi-
bility of the ideas generated, especially in terms of practicality
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(p < 0.001) and flexibility (p < 0.001), both of which show greater
significance. However, such choices have limitations in coping with
design fixation.

There are also significant differences in the effects of the T2I AI
model and the I2I AI model on various dimensions of design
creativity in the convergence phase. Different types of Al-based
tools show significant effects on the originality (F = 12.278,
p = 0.001, #°p = 0.133); elaboration (F = 19.555, p < 0.001,
n’p = 0.196); flexibility (F = 17.373, p < 0.001, 5°p = 0.178);
abstractness (F = 7.356, p = 0.008, n°p = 0.084); aesthetics appeal
(F = 19.040, p < 0.001, #°p = 0.192); and contextual adaptability
(F = 20.792, p < 0.001, °p = 0.206) of creativity. These statistical
results indicate that different types of AI models significantly affect
the six dimensions of creativity in assisting designers during the
convergence phase, especially in the dimensions of elaboration
(p <0.001), aesthetic appeal (p = 0.024), and contextual adaptability
(p < 0.001). The results express that using appropriate Al-based
tools at the convergent thinking stage can improve the novelty,
refinement, diversity, depth of ideas and concepts, attractiveness,
and adaptability to the context of the creative solutions.

Further post hoc comparisons of the data from the divergence
phase reveal that the T2I AI model shows significant advantages
over the I2I AI model in various dimensions, including originality
(T2I Al'vs. 121 AIL: 3.685 +0.160 vs. 2.813 £ 0.160, p < 0.001); fluency
(T2I AI vs. I21 AIL: 3.917 + 0.186 vs. 2.738 + 0.186, p < 0.001);
flexibility (T2I AI vs. 121 AIL: 3.854 + 0.171 vs. 2.702 % 0.171,
p < 0.001); and practicality (T2I AI vs. 121 AI: 4.196 + 0.173
vs. 2.997 £ 0.173, p < 0.001). It indicates that the T2I AI model is
more helpful in the design divergence phase to enhance the innov-
ation, number of creative ideas, richness, and feasibility of design
thinking. However, the higher score in the repetition dimension
(T2I AT vs. I2T AI: 3.84 + 0.148 vs. 3.003 + 0.148, p < 0.001) suggests
that collaboration with the T2I AI model is more likely to result in a
higher level of similarity between the generated ideas and the
Al-generated outputs, leading to the design fixation more easily.
To summarize, the T2I AI model not only inspires novel and
diverse ideas in designers more smoothly, but also outperforms
the I2I AI model regarding the feasibility of the generated design
solutions.

The impact of visual stimuli on design creativity

The results suggest that visual stimuli are able to elevate design
creativity in both the design divergence and convergence phases,
and that participants who were stimulated with abstract visuals
show better design creativity than those with figurative materials.
In the divergent thinking phase, the use of different types of visual
stimuli significantly affect designers’ creative thinking in the
dimensions of originality (F = 9.872, p = 0.02, °p = 0.110), fluency
(F = 4.612, p = 0.035, n°p = 0.055), flexibility (F = 7.901, p = 0.006,
n’p = 0.090), practicality (F = 4.428, p = 0.038, #°p = 0.052), and
repetition (F = 8.778, p = 0.04, #°p = 0.099). It indicates that using
appropriate visual stimuli in divergent thinking can help designers
generate innovative ideas more effectively and smoothly in the
meantime of increasing the novelty, number, variety, and feasibility
of creative ideas. However, visual stimuli may also lead to the
occurrence of design fixation, making it particularly important to
select suitable visual materials to stimulate inspirations to avoid
overreliance on references. In the convergence phase, visual stimuli
show significant influences in all dimensions of design creativity,
including originality (F = 10.439, p = 0.002, 7°p = 0.115), elabor-
ation (F = 5.517, p = 0.021, nzp = 0.065), flexibility (F = 6.815,
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Table 1. Two-way ANOVA results of the types of generative Al models and visual stimuli on design creativity

Phase Dependent variable Independent variable H p
Divergent thinking Repetition Generative Al type 15.456 0.000***
(text-to-image Al and image-to-image Al)
Visual stimuli type 8.778 0.004**
(figurative visual stimuli and abstract visual stimuli)
Originality Generative Al type 14.837 0.000***
(text-to-image Al and image-to-image Al)
Visual stimuli type 9.872 0.002**
(figurative visual stimuli and abstract visual stimuli)
Fluency Generative Al type 20.032 0.000***
(text-to-image Al and image-to-image Al)
Visual stimuli type 4.612 0.035*
(figurative visual stimuli and abstract visual stimuli)
Flexibility Generative Al type 22.565 0.000***
(text-to-image Al and image-to-image Al)
Visual stimuli type 7.901 0.006**
(figurative visual stimuli and abstract visual stimuli)
Practicality Generative Al type 24.027 0.000***
(text-to-image Al and image-to-image Al)
Visual stimuli type 4.428 0.038*
(figurative visual stimuli and abstract visual stimuli)
Convergent thinking Originality Generative Al type 12.278 0.001**
(text-to-image Al and image-to-image Al)
Visual stimuli type 10.439 0.002**
(figurative visual stimuli and abstract visual stimuli)
Elaboration Generative Al type 19.555 0.000***
(text-to-image Al and image-to-image Al)
Visual stimuli type 5.517 0.021*
(figurative visual stimuli and abstract visual stimuli)
Flexibility Generative Al type 17.373 0.000***
(text-to-image Al and image-to-image Al)
Visual stimuli type 6.815 0.011**
(figurative visual stimuli and abstract visual stimuli)
Abstractness Generative Al type 19.04 0.000***
(text-to-image Al and image-to-image Al)
Visual stimuli type 6.226 0.015*
(figurative visual stimuli and abstract visual stimuli)
Aesthetic appeal Generative Al type 5.274 0.024*
(text-to-image Al and image-to-image Al)
Visual stimuli type 5.407 0.023*
(figurative visual stimuli and abstract visual stimuli)
Contextual adaptability Generative Al type 20.792 0.000***
(text-to-image Al and image-to-image Al)
Visual stimuli type 4.329 0.041*

(figurative visual stimuli and abstract visual stimuli)

*p<0.05,** p<0.01, ***p < 0.001.

p = 0.001, #°p = 0.078), abstractness (F = 6.226, p = 0.015,
n’p = 0.072), aesthetic appeal (F = 5.407, p = 0.023, °p = 0.063),
and contextual adaptability (F = 4.329, p = 0.041, °p = 0.051). It
reflects that, in the convergence phase of design, designers stimu-
lated by appropriate visual materials perform better with regard to
the novelty, completeness, diversity, depth of conceptualization,
attractiveness, and conformity to the actual needs of the contexts.
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Further post hoc comparisons show that in the design diver-
gence phase, abstract visual stimuli reflect significant advantages
in all dimensions, and present better performance in enhancing
design creativity in the aspects of originality (abstract vs. figurative:
3.604 + 0.160 vs. 2.893 £ 0.160, p = 0.002); fluency (abstract
vs. figurative: 3.610 + 0.186 vs. 3.045 + 0.186, p = 0.035); flexibility
(abstract vs. figurative: 3.619 + 0.171 vs. 2.937 + 0.171, p = 0.035,
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p = 0.006); and practicality (abstract vs. figurative: 3.845 + 0.173
vs. 3.339 £ 0.173, p = 0.038) than figurative materials. It suggests
that abstract visual stimuli are advantageous in promoting innov-
ation, the number of creative ideas, abundance, feasibility, and
optimization in the design thinking. At the same time, abstract
visual stimuli also significantly affect the repetition of creative
thinking (abstract vs. figurative: 3.723 + 0.148 vs. 3.104 + 0.148,
p = 0.004), suggesting that using abstract stimuli will result in the
high similarity between the designers’ ideas and the Al-generated
design samples, and is more likely to trigger design fixation. By
contrast, using figurative visual stimuli can reduce the occurrence
of design fixation.

In the convergent thinking phase, abstract visual stimuli also
show significant advantages in multiple dimensions. They signifi-
cantly affect the creative thinking of designers in terms of origin-
ality (abstract vs. figurative: 3.101 + 0.139 vs. 3.735 + 0.139,
p = 0.002), elaboration (abstract vs. figurative: 3.738 + 0.160
vs. 3.205 £ 0.160, p = 0.021), flexibility (abstract vs. figurative:
3.560 + 0.146 vs. 3.021 + 0.146, p = 0.011), abstractness (abstract
vs. figurative: 3.670 + 0.097 vs. 3.327 £ 0.097, p = 0.015), aesthetic
appeal (abstract vs. figurative: 3.839 + 0.147 vs. 3.357 + 0.147,
p = 0.023), and contextual adaptability (abstract vs. figurative:
3.982 + 0.143 vs. 3.562 * 0.143, p = 0.041). It demonstrates that
the stimulation of abstract visual materials improves designers’
innovativeness, detailing, diversity of ideas, conceptualization, attract-
iveness, and conformity to practical needs in the design solution
refinement. These results further suggest that abstract visual stimuli
are effective in enhancing design creativity in both divergence and
convergence.

The effects of Al models and visual stimuli on design creativity

This section investigates the interactive effects of generative Al
model type and visual stimuli type on design creativity, and ana-
lyzes the simple effects of these variables. The results show that
different combinations of generative Al tools and visual stimuli
significantly enhance multiple dimensions of design creativity in
the convergence phase, but their effects are limited in the divergent
thinking phase. In the divergence phase, none of the interaction
effects of generative AI models and visual stimuli reach the signifi-
cant level (p > 0.05). For example, none of repetition (F = 0.683,
p = 0.411), originality (F = 1.079, p = 0.302), fluency (F = 0.062,
p = 0.804), flexibility (F = 0.333, p = 0.566), and practicality
(F = 0.788, p = 0.377) show significant interaction effects. This
suggests that, during divergent thinking, different types of genera-
tive Al models and visual stimuli have limited effects in all different
dimensions of design creativity. However, in the convergence
phase, there are significant interaction effects between Al-based
tools and visual stimuli in different design creativity dimensions,
including: originality (F = 5.964, p = 0.017, °p = 0.069), elaboration
(F = 4.688, p = 0.033, #°p = 0.055), flexibility (F = 5.127, p = 0.026,
n’p =0.078), abstractness (F = 6.66, p = 0.012, 7°p = 0.077), aesthetic
appeal (F = 5.274, p = 0.024, 7°p = 0.062), and contextual adapt-
ability (F = 4.087, p = 0.047, #°p = 0.049). These results mean that
the combination of different Al-based tools and stimulus visual
materials in the design convergence phase contributes to boosting
the innovation, detailing, diversity of thinking, conceptualization,
attractiveness, and the ability to meet the contextual needs when
designers refine the design solutions.

Further analyses of the simple effects disclose that (Table 2), in
the convergence, the combination of figurative visual stimuli and
the T2I AI model significantly enhances design creativity in design
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Table 2. Descriptive comparisons of Al image generation modalities under
concrete stimuli in the convergent thinking phase

T2| 121

Dependent variable M SD M SD p
Originality 3.685 0.196 2.518 0.196 <.001 ***
Elaboration 3.952 0.227 2.458 0.227 0.002 **
Flexibility 3.658 0.206 2.357 0.206 0.001 **
Abstractness 3.690 0.137 2.964 0.137 0.001 **
Aesthetic appeal 4.048 0.207 2.667 0.207  0.002 **
Contextual adaptability = 4.226  0.202  3.899 0.202  0.005 **

*p<0.05**p<0.01,*** p<0.001.

solution refinement, whereas abstract visual stimuli are less effect-
ive in improving creativity with less reliance on the type of AI-based
tools. In the convergence phase, under the combination of figura-
tive visual stimuli and the T2I AI model, the ability of design
solution refinement is advanced in the aspects of originality (T2I
Alvs. I2I AI: 3.685 £ 0.196 vs. 2.518 £ 0.196, p < 0.001), elaboration
(T2 AI vs. I21 AL:3.952 + 0.227 vs. 2.458 + 0.227, p = 0.002),
flexibility (T2I AI vs. I12I AIL: 3.658 + 0.206 vs. 2.357 * 0.206,
p = 0.001), abstractness (T2I AI vs. I2I AL 3.690 + 0.137
vs. 2.964 * 0.137, p = 0.001), aesthetic appeal (T2I AI vs. 121 AL
4.048 + 0.207 vs. 2.667 + 0.207, p = 0.002), and contextual adapt-
ability (T2I Al vs. I2I AI: 4.226 + 0.202 vs. 3.899 £ 0.202, p = 0.005).
It implies that when designers are stimulated by figurative visual
materials, the T2I Al model is more useful in improving the design
refinement ability of the designers, in terms of innovation, detail-
ing, diversity of thinking, conceptualization, attractiveness, and
contextual application during the phase of convergent thinking.
Under the stimulation of abstract visual stimuli, designers’ choice of
Al-based tools does not show significance in solution refinement
impacts in dimensions of originality (p = 0.455), elaboration
(p=0.114), flexibility (p = 0.182), abstractness (p = 0.927), aesthetic
appeal (p = 0.148), and contextual adaptability (p = 0.076). In the
stimulation of abstract visual materials, the effects of different types
of generative Al models are not significant in all dimensions
(p > 0.05), indicating that the combination of figurative visual
stimuli and the T2I AI model more significantly increases designer
creativity in refining solutions, whereas the abstract visual stimuli
show less significant effects in this phase with less reliance on the
choice of generative AI model type.

Discussion

This study investigates the effects of different types of generative
Al-based models and visual stimuli on design creativity through an
experiment. Based on the Double Diamond Framework of Creativ-
ity, we divided the design process into two stages — divergent and
convergent stages — and examined how different combinations of
Al tools and design stimuli performed in each phase (Design
Council, 2005; Runco and Jaeger, 2012). The results revealed that,
in both the divergent and convergent design stages, designers using
the T21 AT model and stimulated by abstract visual materials scored
significantly higher across multiple dimensions of design creativity
than those using the 12I AI model with the same stimuli.
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Al promotes design creativity in the meantime of risking design
concept repetitions

Compared to the I2I Al tool, T2I AI models show significant
benefits in both design divergence and convergence. T2I AT models
present more flexibility in their collaboration with designers during
the design process. T2I Al models deploy the form of dialogues and
allow inputs of natural language, providing more flexibility and
creative space. Designers can describe various possible design elem-
ents through verbal texts. I2I AI models mainly rely on existing
images to generate new visuals, which restricts the creativity. The
outputs provided by I2I Al models might be more affected by existing
visual inputs, making it more difficult to generate brand-new design
ideas.

The experiment results indicate that participants who used the
T2I Al model in the design divergence phase scored significantly
higher in the originality, fluency, flexibility, and practicality dimen-
sions of design creativity than those who used the I2I Al model.
This finding highlights the potential of the T2I AI models in
stimulating designers’ creative thinking. However, this advantage
comes with a potential risk of design fixation, meaning that design-
ers may become too reliant on Al-generated solutions, and that
their ability to explore a wider range of ideas might consequently be
limited. It is in line with previous research on the impact of different
types of Al-based tools on creativity. Wadinambiarachchi et al.
(2024) further suggest that the effectiveness of co-conceptualization
with AI is not monolithic, but rather is influenced by the Al-
prompted creative approaches chosen by the participant and the
strategy of how they generate ideas based on the AT’s suggestions
(Wadinambiarachchi etal., 2024). They point out that, in the case of
co-conceptualization with the T2I AI models, design fixation
occurs when creating prompts for AI models and responding to
Al-generated output images, demonstrating that this leads to fix-
ation displacement, where the focus of attention shifts from the
input sample images to the output images. It implies the import-
ance of the way designers interact with AI models to stimulate
creativity. Meanwhile, it reminds us of the risks of design fixation
when using these tools.

According to the results, participants who used the T2I Al
model during the design convergence phase scored significantly
higher on originality, elaboration, flexibility, abstractness, aesthetic
appeal, and contextual adaptability of design creativity than those

who used the I2I AI model. Researchers have noted that, in the
Al-assisted design ideation, T2I Al models are particularly useful in
generating detailed and unexpected combinations that can shift the
designers’ attention from technical tasks to visual appeal, cognitive
engagement, and emotional resonance (Brisco et al., 2023; Joynt
et al,, 2023). I2I Al models’ limitation of being dependent on the
input images in the generation makes it outstanding in the field of
image style transformation and image restoration, yet it potentially
restricts its flexibility and innovation in creative design outputs,
leading to limited creative applications in the process of collabor-
ating with designers (Isola et al., 2017). By transforming existing
images, new inspirations can be gained based on existing designs.
Thus, this type of model helps designers optimize existing designs.
In addition, these tools are able to provide designers with more
creative possibilities and solutions through image outpainting and
inpainting functions (Turchi et al., 2023).

T2I AI and I2I AI models, respectively, represent the processes
of generating ideas from the ground up and from existing materials.
T2I Al models promote creativity through communication with
designers, allowing them to obtain visual inspirations from textual
descriptions, stimulating new creative directions, breaking through
the limitations of traditional thinking patterns, and fostering diver-
gent thinking. In cooperation with T2I AI models, designers
transform the visual stimuli they receive into natural language
descriptions as prompts, and then gain output images through
dialogues. This creativity-stimulating mechanism allows designers
to express abstract concepts and ideas in a clearer way, where they
are able to express their needs and generate creative ideas. For
instance, in order to solve the problem of presenting the momen-
tum of a vast army with statues of a person and a horse, one
participant proposed to use lighting effects, mirror reflection, back-
ground or scene design, visual dislocation, sound effect atmosphere
rendering and other ways to present the gallery design ideas, as
illustrated in Figure 5. T2I AI models generate figurative images
through natural language descriptions, directly translating design-
ers’ intentions into concrete visual elements, and making it easy for
designers to change textual prompts for new designs (Chen et al.,
2023). Lim et al. (2023) suggest that improved communication and
empathy between humans and AI may further facilitate designers’
rapid exploration in conceptual knowledge space, thus achieving
enhanced creativity (Lim et al., 2023). Bresciani (2019) states that
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Figure 5. Example of T2I Al for design creative expression.
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specific visual feedback can help designers better understand and
adjust design details, improve design quality, and enhance creativ-
ity in detailing, conceptualization, and practical application
(Bresciani, 2019). Lin et al. (2024) state that in the AIGC (Artificial
Intelligence Generated Content) design paradigm, the dynamic
interaction between designers and Al tools involves the dynamism
of image generation, emphasizing the dynamic and generative
nature of Al-based tools in the image generation process (Lin
et al., 2024). Visual stimuli can be regenerated infinitely until the
user is satisfied with the outputs. These generated images stimulate
inspiration on an unlimited basis and offer insights for design
creativity. When looking for inspiration or tackling design chal-
lenges, designers can use T2I Al models to stimulate inspiration,
evoking a higher level of design creativity. In particular, when
Al-based tools are used to generate inspirational images, making
a dialogue with Al facilitates the generation of new ideas and visual
elements that stimulate creativity and break stereotypes. However,
designers need to be cautious of being overinfluenced by
Al-generated images in the process.

The advantages of abstract visual stimuli in enhancing
creativity and their limitations on design concept repetition and
solution generation

Participants who were stimulated by abstract visual materials dur-
ing the divergent thinking phase scored significantly higher on the
originality, fluency, flexibility, and practicality dimensions of
design creativity than those who were given figurative visual stim-
uli. This finding supports the argument proposed in Howard et al.
(2010) and Jang et al. (2019) that ambiguous or less-detailed stimuli
can be more effective in promoting idea generation and creative
thinking by providing a wider range of interpretations (Howard
etal, 2010; Jang et al,, 2019). Although abstract visual stimuli work
effectively in encouraging creativity, they are not significantly
helpful in the number of solutions generated in a short period
of time and in the avoidance of design fixation. It may be because
abstract visual stimuli require designers to think more and make
associations, thus prolonging the design time. It is consistent with
the findings in previous studies that abstract stimuli can enhance
creativity in design, but may also lead to increased design time
(Goldschmidt & Smolkov, 2006). Design stimuli can indeed
enhance the quality of creative outputs. However, in time-
constrained tasks, the stimulus type significantly affects design
efficiency. Compared to abstract stimuli, concrete stimuli are
more effective in helping designers quickly focus on the problem,
thereby improving task completion efficiency and feasibility
(Kang et al.,, 2019).

Participants stimulated by abstract visual materials in the design
convergence phase scored significantly higher on originality, elab-
oration, flexibility, abstractness, and contextual adaptability of
design creativity than those inspired by figurative visual materials.
Heimer (2023) shows that abstract visual materials are useful to
stimulate creative thinking (Heimer, 2023). Smith (1995) empha-
sizes that using a variety of stimuli can break stereotypes and
promote association and innovation. However, it may also impose
a certain cognitive load (Smith, 1995). Abstract images provide
unspecific visual elements from which designers can obtain inspir-
ation and create freely.

To help design-based learners unleash greater creativity when
searching for inspiration or tackling design challenges, designers
can look for abstract referential images to generate inspiration and
to stimulate higher design creativity. In particular, when using
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Al-based tools to generate inspirational images, learners are
encouraged to use abstract visual prompts to guide Al in gener-
ating images with uncertainty, thus stimulating more inspiration.
They, however, need to be wary of being overinfluenced by
Al-generated images in the process.

Advantages and disadvantages of different combinations of Al
models and visual stimuli in the divergence and convergence
phases

Further analyses suggest that, in the divergence phase, abstract
visual stimuli perform better in improving the design creativity
when designers use the I2I AI model. However, abstract visuals
show insignificant enhancement in the number of generated solu-
tions and a reduction in design fixation over a short time. Com-
paratively speaking, when the T2I AI model is used in divergent
thinking, figurative visuals are more effective in stimulating cre-
ativity. The combination of the I12I AI model and abstract visual
stimuli breaks the traditional thinking patterns and inspires cre-
ative ideas. The group of T2I Al model and figurative stimuli can
transfer designers’ intention to specific visual outcomes and
enhance creativity. This finding corresponds with former studies
with regard to the impact of abstract visual stimuli on creativity.
When using I2I Al models, designers can choose abstract visual
stimuli to better think outside the box and generate more innova-
tive ideas. The abstract visual prompts for 121 AI models enable
designers to think more and make more associations through
uncertain visual elements, thereby improving their creativity. Fig-
urative visual stimuli, used in combination with the T2I Al model,
provide specific design references for designers to flesh out details
and complete practical application more efficiently. Isola et al.
(2017) suggest that 121 AI models can provide diversified visual
stimuli and promote the generation of creative ideas (Isola et al.,
2017).In Zhu et al. (2017), the CycleGAN model demonstrates the
potential of abstract visual stimuli and its limitations in inspiring
creativity (Zhu et al., 2017). Based on the analysis of experimental
results, designers who used T2I AI and were exposed to abstract
visual materials scored significantly higher on the repetition dimen-
sion compared to those who used I2I A and concrete stimuli. This
suggests that using both T2I AI and abstract materials may lead to
higher design repetition, indicating a greater risk of design fixation.
Therefore, to mitigate design fixation, we recommend prioritizing
the use of I2I Al tools in combination with concrete design stimulus
materials during the divergent thinking phase, which would help
reduce designers’ reliance on Al-generated examples.

Additional analyses show that, in the convergent thinking phase,
the impact of different visual stimuli on design creativity varied
significantly depending on whether designers used 12I or T2I AI
tools. To be specific, the effect of Al tools and visual stimuli on
creativity was not simply additive but exhibited clear combinatorial
effects. Among these combinations, T2I Al paired with figurative
design stimulus materials produced the most prominent results,
particularly excelling in originality, elaboration, and flexibility. It
reveals the distinct advantages of this combination in enhancing the
specificity, detailed articulation, and practical feasibility of design
solutions. In this study, it appears to be the most effective combin-
ation and is recommended as a preferred choice.

By contrast, if users have access only to I2I Al tools, we suggest
using them with abstract visual stimuli. While this combination
does not outperform the best choice, T2I with figurative stimuli, it
still supports creativity well, especially in promoting conceptual
novelty, detail refinement, cognitive diversity, conceptual
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expression, visual appeal, and contextual alignment. This suggests
a complementary interaction between abstract visual materials
and the I2I modality. Although main effects analyses indicate that
both T2I AI and abstract visual stimuli individually enhance
creativity, interaction analyses further highlight that it is the
combination of variables that plays a critical role in the conver-
gent phase of the design process. In particular, the combination of
T2I Al with figurative materials demonstrates significantly stron-
ger synergistic effects across multiple dimensions. This finding
underscores the importance of combinations of Al modalities and
stimulus materials in supporting creativity during the design
refinement stage.

In the divergent phase, although Al-generated images, gener-
ated based on abstract or concrete visual stimuli, serve as the initial
visual inspiration for designers, the primary goal of this stage is to
generate as many ideas as possible, emphasizing quantity and
divergence. Designers are more inclined to think independently
through personal associations, with Al tool type and image type
stimulating creativity in relatively separate ways. As a result, no
significant interaction effects were observed. However, the signifi-
cant main effects of both Al tool type and image type suggest that
each factor independently influences the quantity and diversity of
creative ideas. In contrast, the convergent phase requires partici-
pants to select and refine one concept developed in the first task.
This phase demands greater focus and completeness, with designers
expected to achieve coherence in expression, logic, and detail.
Therefore, the compatibility between Al tools and stimulus mater-
ials becomes more critical. Whether the combinations of tools and
stimuli exhibit synergistic effects becomes a key factor influencing
creative performance, which is reflected in the significant inter-
action effects observed during this phase. This distinction aligns
with the theoretical logic of cognitive strategy shifts between the
divergent and convergent stages, as emphasized in the Double
Diamond framework of creativity (Guilford, 1950; Design Council,
2005).

Through the comparison of the performance of T2I Al and I2I
Al models in design tasks, this study reveals the effects of different
visual stimuli types on design creativity. It provides a theoretical
basis and practical guidance for designers to choose appropriate
types of Al-based tools and visual stimuli in their practices.

Conclusion and limitations

In conclusion, this research systematically compares the effects of
generative AI (T2I AI vs. I2I AI) and visual stimuli (figurative
vs. abstract) on design creativity, revealing their different mechan-
isms in the design divergence and convergence phases. It is con-
cluded that designers should choose appropriate types of Al-based
tools and visual stimuli based on the design phases (divergence or
convergence) and targets (innovativeness, the number of ideas
generated, etc.) in order to maximize the potential of Al in the
design process. In addition, it emphasizes the importance of how
designers interact with AI models in enhancing creativity. Mean-
while, it points out the risks of design fixation, where designers
should avoid the overreliance on Al-generated content and keep
initiative in the design process and flexibility in creativity. In the
divergent thinking phase, the combination of the T2I AI model
and abstract visual stimuli is preferred as an effective method to
enhance design creativity. The dialogues with AI provide more
flexibility and a larger number of inspirational stimuli. In this
phase, if designers use I2I AI models, abstract visuals are better
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choices in inspiring creativity. However, subject to the input of
images, 12I Al models are unable to generate a large number of
design ideas in a short time. In the design convergence phase, the
collaboration of the T2I Al model and abstract visual stimuli makes
the design process more flexible, thus promoting design creativity.
Using the I2I AI model together with figurative visual stimuli can
efficiently realize specific design goals.

This study provides theoretical references and practical guidance
for designers in their choices of generative Al models and visual
stimuli. However, it has certain limitations. First, it focuses only on
the influence of AI on creativity during the early stages of the design
process and compares a limited number of Al platforms. Second,
while the experiments were conducted in a controlled educational
context — helpful for reducing interference and ensuring data con-
sistency — this setting differs from real-world design practices that
involve multisource stimuli and collaborative dynamics. Third,
although the visual stimuli served only as reference materials and
were not closely related to the final design outcomes, their consistent
presentation before AI use may have introduced a priming effect,
potentially influencing creativity or eye-tracking behavior. This
should be noted in future research. In addition, although generative
AT has demonstrated positive potential in enhancing creativity, this
study primarily explores its positive effects and does not investigate
its possible negative impacts in depth, such as users’ overreliance on
Al-generated suggestions or uncritical acceptance of bias. Future
research should further develop T2I AI technologies, exploring their
application across different design domains and examining their
long-term impact on creativity. A more comprehensive evaluation
is needed to assess both the advantages and disadvantages of Alin the
design process. Finally, this study highlights the potential of T2I Al
models in design innovation and calls for more research to validate
their effects.
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