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Abstract

The emergence of large language models (LLMs) provides an opportunity for AI to operate as a
co-ideation partner during the creative processes. However, designers currently lack a compre-
hensive methodology for engaging in co-ideation with LLMs, and there is a limited framework
that describes the process of co-ideation between a designer and ChatGPT. This research thus
aimed to explore how LLMs can act as codesigners and influence creative ideation processes of
industrial designers and whether the ideation performance of a designer could be improved by
employing the proposed framework for co-ideation with custom GPT. A survey was first
conducted to detect how LLMs influenced the creative ideation processes of industrial designers
and to understand the problems that designers face when using ChatGPT to ideate. Then, a
framework which based on mapping content to guide the co-ideation between humans and
custom GPT (named as Co-Ideator) was promoted. Finally, a design case study followed by a
survey and an interview was conducted to evaluate the ideation performance of the customGPT
and framework compared with traditional ideation methods. Also, the effect of custom GPT on
co-ideation was compared with a non-artificial intelligence (AI)-used condition. The findings
indicated that if users employed co-ideation with custom GPT, the novelty and quality of
ideation outperformed by using traditional ideation.

Introduction

Ideation is a critical phase of design processes. It is a creative process, which involves exploring
the solution space for the given design problem. Despite various ideation methodologies have
been promoted to enhance this process, it was still a challenge for designers to effectively generate
novel and useful ideas (Chou, 2014; Daly et al., 2016). Co-ideation allows designers to employ
empathy and collaborate with other stakeholders to enhance creativity (Sanders and Stappers,
2008; Talgorn et al., 2022). Also, by involving stakeholders in the whole creative process,
designers can understand and discover potential solutions that may be hidden.

Artificial intelligence (AI) can enlarge human creativity (Miller, 2019; Anantrasirichai and
Bull, 2022; Barrat, 2023; Grilli and Pedota, 2024). For example, DesignAid is a generative AI
which asks users to provide short phrases that describe their ideas and then searches for related
textual ideas (Cai et al., 2023). B-Link is based on a network-based computational model to guide
thinking processes and aid creativity (Chen et al., 2017). AskNatureNet is based on bio-inspired
design knowledge to help divergent thinking processes (Chen et al., 2024). FashionQ has three
interactive visualization tools (StyleQ, TrendQ, and MergeQ) to support ideation in fashion
design (Jeon et al., 2021).

The emergence of large language models (LLMs) provides an opportunity for AI to operate as
a co-ideation partner during the creative processes (Freese, 2023; Li et al., 2024; Muller et al.,
2024). With the help of textual prompts, people without programming or computer science
expertise can communicate with AI across multiple languages (Shah et al., 2003). Therefore, it is
worth detecting when LLMs were positioned as codesigners, how LLMs influenced the creative
ideation processes of designers. Take ChatGPT which is a representative LLM; existing research
has found that ChatGPT was being used by designers to generate ideas (Hamilton et al., 2024).
For example, ChatGPT can be used to generate innovative concepts (Filippi, 2023) and develop
more novel ideas (Hamilton et al., 2024). Also, ChatGPT can be used to generate personas and
simulate interviews with fictional users (Kocaballi, 2023).

It can be found that designers currently lack a comprehensive methodology for engaging in
co-ideation with LLMs (He et al., 2024; Baltà-Salvador et al., 2025; Wang et al., 2025). Moreover,
designers faced challenges when they used LLMs to generate solutions for new concepts (Zhou
et al., 2024; Chen et al., 2025; Shin et al., 2025). In addition, existing research focused on how AI
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can be used as a tool instead of an active co-ideation partner (Lin
et al., 2024; Ma, 2024; Sońta-Drączkowska et al., 2024). Also, there
was a limited framework that described the process of co-ideation
between a designer and ChatGPT.

To address these gaps, this research aimed to explore when LLMs
were positioned as codesigners, how LLMs influenced the creative
ideation processes of industrial designers, and whether the ideation
performance of a designer could be improved by employing the
proposed framework for co-ideation with ChatGPT. To be specific,
(i) the research tried to understand the problems that designers face
when using ChatGPT to ideate. Then, (ii) the study promoted a
framework to guide the co-ideation between humans and custom
GPT. Followed by that, (iii) Co-Ideator, a customGPT, was developed
based on the promoted framework. Finally, (iv) an evaluation was
conducted to compare the ideation performance of the framework
with traditional ideation methods and detect whether the ideation
performance of a designer could be improved by the proposed cus-
tomerGPT (Co-Ideator) comparedwith traditional ideationmethods.

To address the research aim, a survey was first conducted to
understand the problems that designers face when using ChatGPT
to ideate. Then, a comprehensive framework and customGPT (Co-
Ideator) which can explain the co-ideation between designers and
the custom GPT was promoted. A design case study was then
applied to compare the performance of the promoted framework
(Co-Ideator) and traditional idea methods, followed by a survey
and an interview. Each idea was measured using four criteria –

novelty, quantity, variety, and quality. This study hypothesized that
a designer who co-ideates with custom GPT according to this
framework performed better than a designer who ideates individu-
ally without any additional means.

Literature review

Existing literature in the domain of ideation and co-ideation was
reviewed, including the recent developments of ChatGPT 4.o, how
design methods evolved, what new dimensions AI brings to co-i-
deation, and the interplay between AI and designers, especially
when LLMs were used as a tool rather than a collaborative partner.

Ideation approaches

Ideation is defined as the process of generating an initial idea before
that idea is conceptualized, which may be useful for attaining
desired states or outcomes (Briggs and Reinig, 2007; Briggs and
Reinig, 2010; Gonçalves and Cash, 2021). Based on the level of
computer automation (Chen et al., 2019), three kinds of human–AI
collaboration methods were summarized: 1) traditional, 2)
program-based, and 3) data-driven ideation.

The traditional methods of ideation have the least automated
category and primarily rely on design principles andmethodologies
rooted in design thinking (Kim and Ryu, 2014; Verganti et al.,
2021). This kind of method included the approach of design
heuristics which focused on identifying ideation strategies used
during problem-solving of engineering design problems (Daly
et al., 2012). Albers et al. (2016) presented creativity from the
perspective of product generation engineering (PGE). They sum-
marized the variation types of “carryover,” “embodiment,” and
“principle variation” as analogy-based mechanisms, which can be
used to create new technical products. Goel and Bhatta (2004)
introduced model-based analogy (MBA), where how the class of
generic teleological mechanisms (GTMs) in design was learned,
used, and applied. Additionally, their research explained how

Function-Behaviour-Structure (FBS) models enable the learning
of GTMs. Another approach was promoted by Vattam et al. (2011),
where an interactive knowledge-based design environment
(DANE) was created. DANE could be applied in biological systems,
where a design challenge was brought from biology-related func-
tions.Wolverton andHayes-Roth (1994) presented a cross-domain
semantic network where users can capture distant analogies. The
network was relevant to the ability to recall distant analogies which
were associated with creativity. Another analogy-based technique
(RADAR model) was proposed by Crean and O’Donoghue (2002),
where semantically related and unrelated domains could be
retrieved. Christensen and Schunn (2007) identified the three
functions of analogies in engineering design, which were problem
identification, problem-solving, and concept explanation.

Program-based ideation facilitated the generation of ideas and
supported the ideation process through computer-aided approaches.
Self et al. (2016) demonstrated that the utilization of digital sketching
tools significantly enhanced the level of attention during conceptual
design processes compared to traditional pen-and-paper sketch-
ing. Mohan et al. (2014) devised an instrument capable of cap-
turing the sequence of search and solution strategies in relation
to ideation states. Also, they provided various ideation methods
such as Theory of Inventive Problem Solving (TRIZ) and Biomi-
metics. Huo et al. (2017) developed Window-shaping, which
employed a tangible mixed-reality (MR) interaction metaphor to
facilitate design ideation. This method can directly create three-
dimensional shapes of physical objects. Wang et al. (2014) proposed
a context-awareness systematic approach for cultivating, construct-
ing, integrating, and evaluating ideas within a dynamic discovery
process. Chakrabarti et al. (2005) introduced an idea-generation
model that employed analogies from both natural and artificial
domains. This model was implemented in software to automate
the search for relevant ideas from databases in order to solve specific
problems.However, the available data entered into this softwarewere
limited, and the ideation process was elusive. Han’s Combinator was
an image-stimuli computer program for ideation and was designed
based on combinational creativity theory (Han et al., 2018). The
Combinator aimed to assist bothnovice and experienceddesigners in
generating ideas by presenting associated images in an overlapped
manner, in this way to address the challenges faced in rapidly
evolving product design markets. Within the software, users have
the freedom to input a keyword and specify the number of nouns
they desire to combine and the manner in which the images should
be merged. The program then automatically generates combined
images to inspire designers according to their defined settings.
However, the inspirational potential derived from such a combin-
ation approach was limited since the images are merely juxtaposed
rather than synthesized.

Data-driven ideation approaches have the highest level of auto-
mation, which exclusively relies on data analysis to finish the
creative process. Data-driven ideation approaches emphasized
the central role of data in the design of creative tools (Chan et al.,
2011). For example, Chan et al. (2011) conducted a case study using
a U.S. patent database to demonstrate the effectiveness of incorp-
orating analogical data in innovative design. Similarly, Pinel et al.
(2014) and Varshney et al. (2019) proposed a big data approach for
a computational creativity system, focusing on the generation of
culinary recipes and menus. Lin et al. (2013) developed the per-
sonalized creativity learning system (PCLS), which utilized data
mining techniques to provide personalized learning paths for opti-
mizing creativity performance. Ojha et al. (2015) developed I-get,
which utilized a data mining algorithm - fast image search in huge
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database (FISH) to generate perceptual pictorial metaphors and
novel ideas.

Various bio-inspired tools have also been promoted. Chen et al.
(2024) developed AskNatureNet which supported divergent think-
ing by introducing analogies from nature. Helfman Cohen et al.
(2014) developed a biomimetic ideation system to support diver-
gent thinking by structured innovation methods such as TRIZ.
These tools work by injecting external stimuli to break cognitive
patterns. Context mapping differs by prompting internal reflection
through conversational and context-aware probing. Instead of
offering ready-made analogies, it pushes designers to reframe their
assumptions mid-process.

Collective creativity by co-ideation

Co-ideation is a subset of co-creation. Co-creation refers to collect-
ive creativity shared by two or more people (Sanders and Stappers,
2008). Coddington et al. (2016) also described co-creation as “a
term that traverses a philosophy, method, and mindset of collective
creativity (Coddington et al., 2016, p. 1).” The core principle of
co-ideation is that everyone is inherently creative and can bring a
contribution during the creative process (Russo-Spena and Mele,
2012; Boudhraa et al., 2021; Talgorn et al., 2022). As design has
become more and more user centric over the years, co-ideation has
become prominent. Co-ideation specifically addresses the stage of
the design process where ideas are generated for a particular design
problem, and humans leverage diverse insights and experiences to
foster more creative outcomes (Westerlund et al., 2018). Common
co-ideation techniques include brainstorming sessions, context
mapping methods, focus groups, toolkits, and participatory story-
building. Out-of-the-box thinking is also promoted. During this
thinking process, idea enrichment can be achieved through partici-
patory story-building, which includes exploring user needs, emo-
tions, and usage contexts (Talgorn et al., 2022).

As for the human–AI co-ideation, researchers also found that
human–AI co-ideation can contribute to the creativity processes
(Shin et al., 2023; Baltà-Salvador et al., 2025). Chiou et al. (2023)
explained this positive effect as the combination of human and AI
input in the design process contributes to a fresh form of self-
expression and communication. Yu-Han & Chun-Ching (2023)
supported a positive correlation between participants’ confidence
in the information provided by Gen AI and an increase in the
number of nonredundant ideas generated by co-ideation. Shen et al.
(2025) promoted an IdeationWeb which is a human–AI
co-ideation framework aimed at tracking the evolution of design
ideas in human–AI co-creation.

The integration of AI in the design field and the impact of AI on
the designers’ performances

Design methods integrate cross-disciplinary knowledge and evolve
with technology (Cross, 2006). Existing design methods prioritize
problem-space exploration, adapt iteratively, and increasingly
embrace human-centered approaches (Garvin, 2021). The digital
era has transformed design methods to enable faster iterations and
more intricate solutions, which is essential for successful design.
Giaccardi and Redström (2020) thus envision that in the future,
design is a co-creative process with AI, which can foster a reciprocal
relationship where both designers and intelligent systems shape
outcomes. Verganti et al. (2020) supported that this collaboration
can reinforce the design fundamentals as the AI can eliminate
previously limiting factors such as scale, scope, and learning. They

advocated that a shift from human-centric models to including AI as
an active participant in design. This transform required the update
on methodologies and theoretical frameworks which can recognize
the collaborative interplay between humans and technology.

LLMs have significant advancements, particularly in their appli-
cations in facilitating ideation in human–AI collaboration. With
the increasing popularity of LLMs, the potential of LLMs used in the
design process to augment ideation frameworks has been high-
lighted (Ekvall and Winnberg, 2023; Open AI, 2023; Shaer et al.,
2024). The research on GPT-4.o and its predecessors showed that
LLMs can assist in generating and refining ideas, which is essential
for creative processes such as design ideation (Shin et al., 2024; Xu
et al., 2024). LLMs have been used in various applications to
enhance productivity, generate new content, and provide insights,
in this way, to support the ideation process in design and other
creative fields.

Zhu and Luo (2023) explored the use of GPT models for auto-
mating early-stage design concepts. They highlighted how GPT
models can effectively leverage knowledge and reason from textual
data to produce novel and useful design concepts, in this way to
enhance the overall process of idea generation and fostering greater
innovation. Kocaballi (2023) investigated the application of ChatGPT
in human-centered design processes by using ChatGPT to perform
multiple design tasks (generating user personas, simulating inter-
views, creating newdesign concepts, and evaluating user experiences).
The results indicate that ChatGPT can effectively contribute to these
areas and has the potential to serve as a valuable tool in the designer’s
toolkit by enhancing the ideation framework. Shin et al. (2023) further
supported the role of LLMs in the ideation process. Their study
examined how LLMs can be integrated into brainwriting sessions to
improve the quality and quantity of generated ideas. The results
supported that the use of LLMs helpedmitigate commonbrainstorm-
ing barriers by facilitating a more inclusive and parallel idea-
generation process and enriching the overall ideation framework.
Furthermore, the study supported that ChatGPT acted as a brain-
storming partner to human designers and also allowed humans to
reflect on multiple aspects in ideating processes, which can lead to
higher productivity in co-creation (Liu et al., 2023). Filippi (2023)
detected the possible differences and impacts on the usefulness,
novelty, and variety of concepts influenced by the interactions
between participants and ChatGPT 3.5. The results supported that
ChatGPT proved to be beneficial for the novelty of ideas.

LLMs were also compared to traditional search engines, which
are the most accessible ideation tools for the public (Johansen,
2023). Zheng et al. (2024) compared differences in generating
new product ideas between using ChatGPT and Google Search. It
was found that individuals who used ChatGPT can generate new
ideas in a more efficient way with higher novelty and diversity.
Zheng et al. (2024) thus also proposed that improving human–AI
interaction way can lead to better and more creative results.

Study1: understand the problems designers face when using
ChatGPT to ideate

Study 1 is a preliminary study which aims to investigate the
problems that designers face when using ChatGPT in the ideation
processes through a survey.

Protocol of study 1

64 participants were recruited. All respondents were master stu-
dents of industrial design; all of them have experience in using
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ChatGPT for ideation. In this study, participants need to finish a
one-question survey - “What is/are the major challenge(s) that
occur when you use ChatGPT to generate ideas?” (Figure 1). It is
notable that when participants were selected, they were asked
whether they had experience in co-generating ideas with ChatGPT.
Under this background, we directly asked the question “What is/are
the major challenge(s) that occur when you use ChatGPT to
generate ideas?” However, we admit that some participants may
misunderstand the question and not consider the question as the
challenges that occur when co-generating ideas with “ChatGPT.”
This may reduce the reliability of the results.

Results of study 1

]The results from the survey provide insightful data on the chal-
lenges that designers face when co-ideating with ChatGPT
(Table 1). 52.38% participants reported that they face a challenge
in ChatGPT of generating repetitive ideas. Although ChatGPT
can generate a large number of suggestions, the diversity of
concepts was constrained, potentially hindering the creative pro-
cess. 43.75% participants reported that ChatGPT generated unori-
ginal ideas, suggesting that the AI frequently falls short of coming
up with novel solutions. 42.19% of respondents reported that
ChatGPT cannot comprehend particular issues. ChatGPT has
low capacity in customizing responses to particular and complex
design challenges.

When using ChatGPT to generate ideas, participants also
reported that ChatGPT may generate superficial solutions
(37.50%). ChatGPT tends to provide generic instead of deep and
thoughtful suggestions. This limitation could affect the quality
and depth of ideation, making it essential for designers to refine
and build upon the ChatGPT-generated outputs significantly.
Unimaginative and irrelevant ideas were also notable concerns,

reported by 26.56% and 23.44% of respondents, respectively.
ChatGPT was occasionally unable to align with the designer’s
creative vision and context-specific needs. Design fixation
(21.88%) and the perception of the tool being boring (12.50%)
were less frequently mentioned but still relevant, which limited
ChatGPT to better support sustained engagement and creative
exploration.

Discussion of Study 1

These findings of Study 1 highlighted critical areas for improve-
ment in integrating AI tools such as ChatGPT into the ideation
design process. The results of this study suggested that in
co-ideation processes, AI needs to be developed with more
advanced algorithms to encourage originality and relevance. The
AI’s contextual understanding also needs to be improved. Another
area that AI needs to be revised is the feedback incorporation

Figure 1. The question of the one-question survey.

Table 1. The outcome of the survey on “What is/are the major challenge(s)
that occur when you use ChatGPT to generate ideas?”

Problems N Total Percentage

Repetitive ideas 33 64 52.38

Unoriginal ideas 28 64 43.75

Does not understand the problem 27 64 42.19

Superficial solutions 24 64 37.50

Unimaginative ideas 17 64 26.56

Irrelevant ideas 15 64 23.44

Design fixation 14 64 21.88

It’s boring 8 64 12.50
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mechanisms which can be used to refine and diversify the output.
By tackling these issues, the LLMs can better support and enhance
the creative capacities of designers.

Human–AI co-creation framework for design ideation

Based on the findings from Study 1, it was realized that existing
ChatGPT may not be able to work well in human–AI co-ideation
processes, and a customGPTwas expected to be used in human–AI
co-ideation processes. A custom GPT, in the context of OpenAI’s
GPT Builder, refers to a specialized version of the Generative Pre-
trained Transformer designed for a specific application or to fulfill
particular user requirements. The GPT Builder enables users to
tailor the model’s responses, behaviors, and knowledge areas, cre-
ating a bespoke AI tool optimized for their unique use cases. These
advancements offer opportunities to refine and customize the user
experience, thereby facilitating a smoother and more effective
collaboration between humans andAI, and allowing greater control
over the interaction. To promote the custom GPT which can be
used for human–AI co-ideation processes, researchers first need to
consider the workflow (framework) of these custom GPT tools.

The human–AI co-creation framework for design ideation was
thus promoted (Figure 2). The detailed explanation of the frame-
work is in Sections “Proposed Framework for Co-Ideation with
Custom GPT Co-Ideator” and “How to use Co-Ideator in a
co-ideation process”. This framework was implemented in a cus-
tom GPT (Co-Ideator), with a focus on improving the interactive
process of human–AI collaboration to boost human creativity. In
the following section, the development process of the framework
and Co-Ideator are explained.

Framework for co-Ideation: adopting context mapping as a
method

Traditional design methodologies need to be adapted to accommo-
date the dynamic interaction of human–AI co-ideation. Visser et al.
(2005) emphasized the path of expression in design, where the
method of context mapping plays a crucial role. By engaging
designers and users in a collaborative process, it unveils deep
insights into user experiences, emotions, and needs by tapping into
the users’ present and past experiences. This technique facilitates a
bridge between abstract ideas and concrete solutions, allowing
designers to navigate through the complexities of human-centered
design. Through generative research and participatory practices,

context mapping enriches the ideation process, ultimately leading
to innovative and empathetic design solutions that resonate with
users’ lives and aspirations. Themethod is deeply rooted in the idea
of finding latent needs from the user’s experiences (Visser et al.,
2005). The method has repeatedly proven to be effective in extract-
ing rich information from users and developing insights and design
directions.

Figure 3 is a design pathway (context mapping), which is
promoted by Visser et al. (2005). Context mapping shows present
experiences as a bridge between the past and future of the partici-
pating user. To be specific, the context mapping is about exploring
and understanding the full domain of people’s experiences. It
includes people’s memories (past), current experiences (present),
and dreams or aspirations (future). Specifically, context mapping
started with inquiring about present experiences. It suggests that
people first move to past experiences and then, with a short bridg-
ing probe about the present. Followed by that, people jump to the
future desires to unlock the deep desires of the user. In other words,
the context mapping emphasizes that experience is not just what
people explicitly recall or state. The context mapping is a combin-
ation of what they remember, what they currently feel, and what

Figure 2. The Co-Ideator workflow starts with thought-provoking questions in the order of present–past–future of the designers’ experience, perception, and expectations toward
the product/service. A set of ideas is produced from the constructive dialogue between the human designer and (AI) Co-Ideator.

Figure 3. The path of expression. The gray color context (the gray lines and letters) is
about exploring and understanding the full domain of people’s experiences. It includes
people’s memories (past), current experiences (present), and dreams or aspirations
(future). Specifically, context mapping started with enquiring about present
experiences. It suggests that people first move to past experiences, and then with a
short bridging probe about the present. Followed by that, people jump to the future
desires to unlock the deep desires of the user. In other words, the context mapping
emphasizes that experience is not justwhat people explicitly recall or state. The context
mapping is a combination of what they remember, what they currently feel, and what
they hope for. Present experiences is a bridge between the past and future of the user.
Context mapping aims to access all these layers (past, present, future) to inspire the
design. For example, for the flow of the interview, the interviewer uses an interview
script to maintain the path of expression of the users’ experience. This path of context
mapping was innovatively re-imagined to set up in the promoted framework for
human-AI co-ideation. The blue arrow is a visual aid to explain the image in a linear
manner.
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they hope for. Present experiences are a bridge between the past and
future of the user. Context mapping aims to access all these layers
(past, present, future) to inspire the design. For example, for the
flow of the interview, the interviewer uses an interview script to
maintain the path of expression of the users’ experience. This path
of context mapping was innovatively reimagined to set up in the
promoted framework for human–AI co-ideation (Figure 2).
Co-Ideator works with the logic of taking the role of a synthetic
design partner and asks the designer important questions about the
design brief, the designer’s opinion, experience, and expectations in
the order present–past–future (adopted from the context mapping
codesign process). This framework ensures that the designer thinks
beyond superficial design solutions by making sure the AI model
pushes the imaginative boundaries of the designer through critical
questions.

Proposed framework for co-ideation with custom GPT
Co-Ideator

Based on this promoted context-mapping framework for co-i-
deation, a custom GPT took the role of Co-Ideator with human
designers and acted as the interviewer to guide designers. This
interviewer role can stimulate the creativity of designers and also
aligns with the principles of participatory design, which can
foster a more immersive and collaborative environment
(Figure 4). Context mapping as a method involves an interview
with the participants. It is a form of participatory design.
Co-Ideator is the synthetic design partner and engages in dia-
logue with the human designer. The framework is a design
activity with one human and one AI designer. In any participa-
tory design process, there exists an interviewer. Same as in
context mapping, the interviewer asks provocative questions to
the participant (who is participating in the design process). The
custom GPT – Co-Ideator – thus was promoted (Figure 5). It is
notable that Figure 5 is an example of the interaction between
user and Co-Ideator, while Figure 2 is a general summary and
visual representation of the co-ideation workflow. How to use
Co-Ideator in a co-ideation process is detailed explained in
Section “How to use Co-Ideator in a co-ideation process”.

First, a prototype of the prompt was developed. Following the
results of our survey in Study 1 (Table 1) and learnings from
prompt engineering research (Section “Framework for Co-Idea-
tion: Adopting Context Mapping as a Method”), the prototype of
the prompt was written to adapt the context-mapping method to
the co-ideation process. The prompt consisted of a framework for
ideation as well as a novelty scale. The Co-Ideator was instructed to
follow a sequence of probing questions to provoke thoughts from
the designer. After applying the prototype of the prompt to the
customGPT, Co-Ideator can assist designers in delving deeper into

their ideas by asking “how” and “why” questions to uncover impli-
cit or latent thoughts. For example, designers startedwith “I find the
material of the dustbin too weak‥” The Co-Ideator can reply “Why
do you find thematerial weak?.”Designers thenmay answer, “It can
get knocked over easily and trash can fall out.” Followed by that,
Co-Ideator promoted a new question: “How do you think you can
make it stronger?”

Co-Ideator is a customGPT (Figure 6). It is constructed utilizing
a comprehensive prototype of the prompt, which is essentially an
extensive set of instructions and guidelines crafted to shape the
GPT’s behavior, response style, and domain focus. The prototype of
the prompt was meticulously designed to encapsulate the desired
functionalities, interaction styles, and domain knowledge that the
Co-Ideator should exhibit. By converting this prototype of the
prompt into a set of structured instructions, the underlying GPT
model was fine-tuned to align with the envisioned role of
Co-Ideator as a collaborative, creative, and critical-thinking partner
in the ideation and design processes.

Co-Ideator operates as an AI-powered collaborator that engages
with users in the exploration and refinement of ideas or design
problems. It acts as an insightful interviewer and a thought-
provoking partner, adept at challenging concepts to foster creative
friction and deeper understanding. Through a series of targeted
questions and feedback, the Co-Ideator assists users in dissecting
and expanding their ideas, providing a structured framework for
creativity and problem-solving. Its functionalities are designed to
stimulate discussion, encourage lateral thinking, and guide users
toward novel and feasible solutions, all while maintaining a user-
centric and empathetic approach to collaboration.

How to use Co-Ideator in a co-ideation process

Co-Ideator is a custom GPT that helps the user explore the topic in
a deeper sense. How to use Co-Ideator in a co-ideation process is
displayed in Figure 5. Start with asking questions that help users
find out what the users do not like about it and why they think it
needs to be changed. At some point, users proceed to discuss ideas.
The goal is to generate 5 ideas that are unique, diverse, and feasible
and relevant with the help of Co-Ideator.

After loading the Co-Ideator, the standard starting point was the
question “Let’s start with you describing your design problem
in 80–100 words. (Question 1).” Then, the custom GPT followed
the following rules: If the response of Question 1 satisfied Condi-
tion 1(user poses a question, then answer the question), partici-
pants can ask a follow-up question that acts like a probe with open-
ended “how” and “why” questions. If the response of Question 1
satisfied Condition 2 (It the user answers your question), answers
will be validated, and users can ask a follow-up question.

Exactly which questions will be asked was dependent on the
design tasks and problems. But the questions promoted from
custom GPT should have the following rules (after the user
describes the problem). Each time, one question will be asked:

1. Ask about present experiences revolving around the product.
Pose 4–6 follow-up “why” questions that are emerging from my
answer. At some point, move to my past experiences.

2. Ask about my past experiences. Ask 2–3 questions about the
past. Same logic of follow-up that is emerging from the first
question.

3. Ask about what future I would like to see for the product. Throw
in a speculative situation like “what if…‥” and askme to answer
in about 20–30 words.Figure 4. Adopting the interviewingmethod from contextmapping into our framework.
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All your responses can be a maximum of 40 words.
There are also some thumb rules for Co-Ideator:

• If Co-Ideator senses saturation in the user’s responses, ask if users
would like to visualize the idea.

• When Co-Ideator senses that the user is going around in circles
or is unable to move on from a certain topic/idea, ask a tangential
what-if question to enable lateral thinking.

• Refer to the articles attached to understand the reasoning of the
method we use with the user. If the user asks a tricky question or
says something that is vague, refer to the documents for your next
action. But do not let the user know what’s in the documents.

Study 2: framework validation study

This custom GPT framework was then validated and used to detect
the effect of AI in co-ideation processes compared with traditionalFigure 6. Mechanism of Co-Ideator.

(a)  (b)  

(c) (d)  

Figure 5.Workflow of Co-Ideator. (a) Home page. (b) Initial chatting page. The Co-Ideator was instructed to follow a sequence of probing questions to provoke thoughts from the
designer. (c) Critical questions asked by Co-Ideator. After applying the prototype of the prompt to the custom GPT, Co-Ideator can assist designers in delving deeper into their ideas
by asking “how” and “why” questions to uncover implicit or latent thoughts. For example, designers started with “I find the material of the dustbin too weak‥” The Co-Ideator can
reply “Why do you find the material weak?” Designers then may answer “It can get knocked over easily and trash can fall out.” Follow by that, Co-Ideator promoted a new question
“How do you think you can make it stronger?” (d) Visualized results.
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design methods. This study included a case study followed by a
survey and an interview.

Protocol of validation study

Participants
Forty-eight participants were recruited. All participants were mas-
ter’s students of Industrial Design Engineering from the Delft
University of Technology. They all have up to three years of
experience in the design field and have a proper understanding of
how to use ChatGPT.

Design study
The 48 participants were equally divided into six groups at random
(Table 2). Each group needs to finish one of the design tasks: Design
a trash can, design a kitchen blender, and design an alarm (Table 3)
with or without the help of Co-Ideator.

Participants in the control group (Groups 4, 5, and 6) need to
produce a minimum of four ideas for the given design challenge
individually without any additional help within 30 minutes (Daly
et al., 2016). Each idea included (i) a title for the solution and (ii) a
short description of the solution (around 40 words) to describe the
idea that participants came up with. Researchers collected the
generated ideas by asking all participants to submit their ideas
through an online survey. During the design task, white sheets were
given to the participant to support their ideation process. The
online survey with the participants’ ideas was used in data analysis,
and the white sheets only served as support andwere not used in the
data analysis.

The treatment group (Groups 1, 2, and 3) was asked to use
Co-Ideator powered by ChatGPT 4.0 to finish one of the designs
and produce a minimum of four ideas for the given design challenge
by ideating with the help of Co-Ideator within 30minutes. Each idea
included (i) a title for the solution and (ii) a short description of the
solution (around 40 words) to describe the idea that participants
came up with. Researchers collected the generated ideas by asking all
participants to submit their ideas through an online survey. During
the design task, white sheets were given to the participant to support
their ideation process. The online survey with the participant’s ideas
was used in data analysis, and thewhite sheets only served as support
and were not used in the data analysis. The prompts they used to
communicate with Co-Ideator were recorded by researchers.

To start the Co-Ideator, participants need to first copy and paste
the following text into the textbox of ChatGPT: “Hi there, Co-I-
deator! Today we will co-ideate some designs for the following design
challenge: XXXXX (Table 3 – task-related “Design tasks challenges”
column.” After the use of the initial prompt, participants were
allowed to freely use the Co-Ideator. Then, questions were asked

Table 2. Distribution of participants across design tasks in treatment and
control groups

Treatment group (with
co-ideator) Control group (without AI)

Design task Group
Number of
participants Group

Number of
participants

Trash can Group 1 8 Group 4 8

Alarm Group 2 8 Group 5 8

Kitchen blender Group 3 8 Group 6 8

Table 3. The design tasks and challenges

Design tasks Design tasks introduction Design tasks challenges

Design a trash can for
student housing

Welcome to our research study aimed at designing an effective
trash can for student houses to tackle overflowing waste
issues. We aim to focus on improving the design of the trash
can to prevent such instances in the future.

We are faced with a challenging situation in student houses
because their trash cans are overflowing due to their
consumption habits. Students often generate a large volume
of waste including packaged foods, disposable containers,
and other single-use items. They forget or neglect to empty
the trash regularly, or theymay not be aware of proper waste
management practices. Existing trash cans may not be
designed to accommodate the specific needs and usage
patterns of students, and therefore, we need you.

Design a recyclable kitchen
blender

Welcome to our research study aimed at designing a recyclable
kitchen blender. We aim to improve the recyclability of
kitchen blenders because they are often made out of a lot of
different materials such as plastic, metal, and glass, and they
cannot be separated easily.

We are faced with a challenging situation around kitchen
blenders. As a trend is now to live healthier and sustainable, a
lot of households buy new kitchen blenders to produce, for
example, healthy juices. But what is inconvenient about
these blenders is that they are not easily recyclable because
of their mixed materials such as glass, metal, and plastics. As
a result, people find it hard to recycle these products and
throw themawaywith all thematerials combined. Therefore,
we need you to design a new kitchen blender concept that is
easily recyclable and good for the planet.

Design a multifunctional
alarm for students to
wake up in the morning

Welcome to our research study aimed at designing a
multifunctional alarm to wake up students. We aim to
improve theway students wake up in themorning because of
their irregular sleep patterns and, with that, difficulty in
getting out of bed.

We are faced with a challenging situation around students.
Students frequently have irregular sleep schedules due to
academic workload, social activities, part-time jobs, and
other commitments. Many students struggle with sleep
deprivation because of stress or underlying sleep disorders.
As a result, they may find it challenging to wake up feeling
refreshed and alert. Most students use their phone as their
alarm, but this may not be the most effective and refreshing
way to wake up because you immediately check your phone.
Therefore, we need you to design a new multifunctional
alarm for these students.
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based on the rules from Section 4.3. Participants were also allowed
to freely use the Co-Ideator. Additional question prompts were
given as support to use as follow-up questions (Table 4).

Survey study
For each participant, after the design tasks, apart from the survey
which was used to upload the design ideas, participants need to
finish the other final survey. Participants were asked to fill out this
final survey to report their experience with the experiment, the
custom GPT, and the Co-Ideator. The data from this survey were
used in the discussion to validate and support the results of the
quantitative study. To be specific, the control group was asked to
report their feelings in finishing the design tasks by themselves,
such as “Did you feel like you were stuck at some point?” The
treatment group was asked to report their feelings in using
Co-Ideator to finish the design tasks such as “do you feel that
ChatGPT helped you come up with more unique ideas whereas
you would do it yourself?,” “Do you feel like you were stuck at some
point,” “Would you like to use the Co-Ideator in the future?,” “Do
you feel ownership of the ideas you generated?,” “Do you feel like
you have co-created these ideas with Co-Ideator,” “Did this
co-creation tool make you feel more creative during the ideation
phase?” All the questions were based on the 7-Likert scale.

Interview study
After the design and survey studies, four participants were inter-
viewed to gather qualitative data regarding their experiences and
perceptions of using the custom GPT in the co-ideation process.
The interviewees were asked to engage with the chatbot and provide
feedback, expectations, and their expertise on thematter of human–
AI co-ideation specific to their experience. The question examples
asked in the interview were shown in Figure 7.

Idea assessment study
To evaluate the ideation outcome, three raters from the Industrial
Design Engineering faculty of the Technical University of Delft
rated each idea on the three identified metrics (novelty, quality, and
variety) using a 7-Likert scale. They were in the master program
“Strategic Product Design,” and all have at least four years of design
experience. Prior to the rating process, all participant names were
concealed to ensure anonymity. The ideas that were generated with
and without custom GPT were unknown to the raters.

The collected data was analyzed using a standard set of metrics
found in design science literature. These metrics, which were first
introduced by Shah et al. (2003) and subsequently adapted by Chan
et al. (2011), were novelty, quality, variety, and quantity (Shah et al.,
2003; Nelson et al., 2009; Hernandez et al., 2010; Srivathsavai et al.,
2010; Kerne et al., 2014). The novelty criterion assigns a score
between “Overly explored” (1 point) and “Never seen before”
(7 points), indicating how original and distinctive the design
is. The functional integrity and viability of the design are assessed
using the quality criterion, which assigns values ranging from “Not
feasible at all” (1 point) to “Easily realized” (7 points). The variety
criterion assigns a score between “Extremely limited” (1 point) and
“Highly diverse” (7 points), indicating how diverse each partici-
pant’’s design ideas are. A wide range of concepts with little simi-
larity would be associated with a high diversity score. The average of
the ratings received from the three raters was used to determine the
final score for each criterion. As the quantity is the number of ideas
per participant which can be calculated directly by researchers, it is
not included in the Idea assessment study.

Results of Study 2

Idea assessment results
For the statistical data analysis, all the ratings provided by the three
raters were used. Examples of high and low rating scores for
novelty, quality, and variety criteria are shown in Supplementary
Materials S1–S3.

The adjacent percentages between raters for novelty were 94.7%,
for quality 94.3%, and for variety 100% (Table 5). Fleiss’ Kappa
value was calculated to evaluate the consistency of all three raters
for each metric. Fleiss’ kappa, κ (Fleiss, 1971; Fleiss et al., 2003), is a
measure of inter-rater agreement used to determine the level of
agreement between two or more raters. All of the computed Fleiss’
Kappa values were greater than 0.50, indicating that the scoring
results were acceptable and reliable. The Fleiss’ Kappa values are

Table 4. A list of options to further direct the conversation in an effective way
by specifying the commands for ChatGPT

Interaction Goal Question (prompt)

Detail the current
output

Get a more detailed
explanation of the
output.

Elaborate on the
following output

Ask for help in the
process

Diverge/converge to
keep me sharp in the
process.

Could you give me a
suggestion/(critical)
question/reflection
to …

Reflection / After every answer, I
want you to reflect on
the output, and give
two potential points
of improvement.

Alternative answers Generate multiple
solutions and look at
a broader selection
of potential answers.

For every answer, I want
you to generate three
other solutions
based on (topic)

Asking things back When you are stuck and
do not know the
answer to the given
question of the
Co-Ideator.

Could you answer this
question yourself?

Finalizing four ideas Finish the assignment. I want you to give me a
minimum of four
ideas that fit best
with my design
problem.

Figure 7. Interview questions for qualitative study.
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shown in Table 5. To assess the normality of the ratings, the
Shapiro–Wilk test is used. The Shapiro–Wilk test was significant
(p < 0.05), indicating that the data is not normally distributed.
Therefore, the nonparametric Mann–Whitney U test is used in
order to determine if there is a significant difference in central
tendency between the treatment group and control group. Since the
distribution is not normal, we base our conclusions on the mean
rank difference distributions. Figure 8 displays the results of the
scores. The reason why the mean value was used instead of the
median value was out of the consideration that the results show a
normal distribution instead of the skewed distribution.

A Mann–Whitney U test was conducted to determine if there
were differences in the distribution of novelty scores between the
treatment and control group. The results indicated a statistically
significant difference in novelty scores between the groups (Mann–
Whitney U = 4306.5, Z = �2.051, p = 0.040). Therefore, we reject
the null hypothesis and conclude that the distribution of novelty is
not the same across the treatment group and control group. In
addition to this, the scores of the treatment group (mean
rank = 110.28) were significantly higher than those of the control
group (mean rank = 93.64).

AMann–WhitneyU test was conducted to determine if there were
differences in the distribution of quality scores between the treatment
and control group. The results indicated a statistically significant
difference in novelty scores between the groups (Mann–Whitney
U = 2621.5, Z = �6.278, p < 0.001). Therefore, we reject the null
hypothesis and conclude that the distribution of quality is not the same
across the treatment and control groups. In addition to this, the scores
of the treatment group (mean rank = 126.80) were significantly higher
than those of the control group (mean rank = 76.96).

A Mann–Whitney U test was conducted to determine if there
were differences in the distribution of variety scores between the

treatment and control group. The results indicated no statistically
significant difference in variety scores between the groups (Mann–
Whitney U = 4559.5, Z = �1.500, p = 0.133), leading to the
retention of the null hypothesis. This suggests that the distribution
of variety scores is similar between the treatment and control
groups. This result indicated that Co-Ideator may help overcome
initial fixation and achieve novelty and quality of ideas. However,
once a new idea space is found, the user might need to redo the
brainstorming task to achieve not only a new (novel) idea space, but
also a diverse idea space. In addition to this, the scores of the
treatment group (mean rank = 107.80) were not significantly higher
than those for the control group (mean rank = 96.14).

In terms of the quantity of ideas, the treatment group produced a
total of 102 ideas, while the control group produced 100 ideas. It is
notable that the study did not go deep in “quantity” in the later
evaluation, out of the consideration that this is not the core research
focus. Instead of the quantity, this study focuses more on how the
framework affects the quality of the ideas which is evaluated by
novelty, quality, and variety. However, we admit that quantity is an
interesting metric for evaluations and worth detecting in the future.

Interview results
The data analysis followed the traditional format of qualitative
research, as shown in Figure 9. The interviews were first recorded,
and then important details from the conversations were noted
during the transcription process. Following transcription, each
participant’s spoken sentence was given a code during the coding
process. After that, the codes were grouped to find possible themes
or conversation points. Five recurrent themes were identified by
closely examining the clustered codes and quotes: adaptive design
partner, adversarial teammate, supporting ideation and visualiza-
tion, a trustworthy and cooperative partnership, and swinging
between reality and anticipation. The conversation revolves around
these themes, which shed light on the advantages and disadvantages
of using GPT models as codesign tools. It is notable that the five
themes (adaptive design partner, adversarial teammate, supporting
ideation and visualization, a trustworthy and cooperative partner-
ship, and swinging between reality and anticipation) from the
interview were to discuss the relationship between designers and
Co-Ideator. The themes did not form a hypothesis (such as novelty
improvement). Instead, they were the foundations of building the
chatbot. It can be considered as design requirements for the chatbot

Novelty Quality Variety

Figure 8. Results Mann–Whitney U Test for novelty (Mann–Whitney U = 2621.5, Z =�6.278, p < 0.001), quality (Mann–Whitney U = 4559.5, Z =�1.500, p = 0.133), and variety (Mann–
Whitney U = 4559.5, Z = �1.500, p = 0.133).

Table 5. Percentages of adjacent agreement and Coefficient of inter-rater
reliability between 3 raters (Fleiss’ Kappa)

Metrics % of adjacent agreement Fleiss’ Kappa value

Novelty 94.7% 0.938

Quality 94.3% 0.948

Variety 100% 0.967
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to achieve significant improvements in the quantitative metrics of
assessment.

4. Theme 1: Adaptive design partner. In the ideation phase, the
adaptability of the Co-Ideator GPT is essential for fostering a
collaborative relationship between the designer and the AI. This
model, informed by context-aware training methodology, mir-
rors and responds to the designer’s thought processes, providing
a platform for deeper reflection and exploration beyond the
conventional responses seen in earlier AI versions like ChatGPT
3.5. The expectation is for the Co-Ideator to not only align with
the designer’s methods but also to take an active role in offering
creative prompts and deepening the inquiry, enhancing the
ideation process. For example, when a designer expresses a
preference for a specific style of moodboard, the AI quickly
aligns with this preference, offering relevant suggestions and
seeking further clarification to refine its output.

5. Theme 2: Adversarial teammate. Interacting with Co-Ideator
GPT unveils a nuanced journey of emotional and cognitive
experiences for designers, characterized by a blend of emotional
intelligence and creative challenges. Initially, the AI’s challen-
ging stance may provoke frustration, pushing designers out of
their habitual creative strategies. However, this friction often
transitions into a constructive force as designers come to value
the AI’s perspectives and questioning nature, which promotes
divergent thinking and breaks creative stalemates. To further
broaden the imaginative boundaries, the Co-Ideator should be
treated as an adversary to create a reflection-in-action (Schön,
2017) effect throughout the process.

6. Theme 3: Supporting ideation and visualization. This aspect
emphasizes the significant role of AI, especially in its advanced
multimodal capacities, in enriching the design process. As a
collaborative tool, AI extends beyond ideation, assisting in
crystallizing vague concepts into concrete outcomes that align
with the designer’s vision. The emotional spectrum experienced
by designers, ranging from relief to appreciation, underscores
the AI’s role in facilitating creative exploration and execution.
The multimodal function of the Co-Ideator proves to be essen-
tial in representing the lead designers’ ideas visually. The latest
engine of ChatGPT 4 is now also capable of reading objects in an
image and interpreting artistic styles at the very least.

7. Theme 4: A trustworthy and cooperative partnership. The devel-
opment of trust and a cooperative spirit underscores the evolv-
ing perception of AI as a reliable entity in the design workflow.
Designers’ growing acknowledgment of AI’s value as a
co-creative partner reflects a trend toward more integrated
and collaborative design practices.

8. Theme 5: Swinging between reality and anticipation. The dia-
logues between designers and ChatGPT reveal a complex inter-
play of expectations and realities, with varying emotional and
pragmatic responses. Designers advocate for amore focused and

relevant AI interaction, tailored to specific design contexts.
They envision an AI that not only responds but actively
engages in the creative dialogue, akin to a human collaborator.
The anticipation for AI’s role in creative ideation ismarked by a
desire for AI to evoke lateral thoughts and engage critically
with the content. While designers appreciate AI’s current
contributions, they also highlight a need for AI to balance
affirmation with critical inquiry, pointing to a pivotal area
for AI’s evolution in design. Expectations extend to AI’s future
capabilities in aiding brainstorming, conceptual mapping, and
mood board creation, suggesting a more nuanced and pro-
active role in the design process.

Discussion

This discussion aims to deepen our understanding of custom GPT’s
capabilities and limitations in the context of co-ideation. Co-Ideator
can provoke the designer to think and reflect on their answers as they
design. This aligns with Schön’s reflection in action (Schön, 2017),
where designers critically reassess and reshape ideas during the act of
designing through a continuous conversation with the situation. By
prompting “why” and “how” questions in response to user inputs,
Co-Ideator externalizes that reflective loop, effectively acting as an
interrogator.

By reviewing the novelty and quality rating scores of the three
experts, it can be found that the treatment group performed sig-
nificantly better than the control group on the novelty and quality
criteria (noveltyMann–Whitney U = 4306.5, Z =�2.051, p = 0.040,
quality Mann–Whitney U = 2621.5, Z = �6.278, p < 0.001). The
variety criteria gave no significant difference between both groups
(variety Mann–Whitney U = 4559.5, Z =�1.500, p = 0.133). It can
be concluded that the proposed framework for co-ideation with
ChatGPT does contribute to a better performance on novelty and
quality, but enables similar performance on variety. These results
were obtained by performing Mann–Whitney U test that measures
the average mean rank difference between the groups (Figure 8).
The biggest between-group difference was measured on the quality
score, having an average mean rank difference of 50, followed by
novelty, which had a lower average mean rank difference of 17.
Since a Mann–Whitney U test was used, no conclusions can be
made about the magnitude of the difference in performance
between the groups. However, they showed that the quality differ-
ence is higher than the novelty difference.

Based on the results of the interview, it can be found that AI
acted as an adversarial teammate, introduced productive friction,
challenged designers’ habitual thinking patterns, and promoted
divergent thinking. This function helps the creative process by
converting initial frustration into a positive force. The desire of
designers is for AI to become more engaged and proactive in

Figure 9. Qualitative data analysis workflow.
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creative dialogues, balancing affirmation with critical inquiry.
This balance is crucial for effective brainstorming and conceptual
mapping.

Impact of human–AI co-ideation on the novelty of designers’
ideas

The control group did not use the tool and, hence, did not answer
the evaluation survey. This section thus only talks about the
impact of human–AI Co-ideation; the control group does not
participate in human AI Co-ideation. The results of the quanti-
tative study indicated a significant improvement in the novelty of
ideas generated by the treatment group. This suggests that the
co-ideation framework effectively enhances the originality and
creativity of the ideas generated. Participants in qualitative ses-
sions frequently mentioned howCo-Ideator prompted unconven-
tional lines of thinking, which often resulted in more innovative
solutions. Figure 10 presents the responses from 24 participants to
the survey question: “Do you feel that ChatGPT helped you to
come up with more unique ideas, whereas you would do it
yourself?” Participants rated their experience on a scale from
1 (not helpful) to 7 (extremely helpful), indicating how much
participants felt ChatGPT contributed to generating unique ideas
compared to working alone. The majority of participants (54.2%)
rated ChatGPT’s contribution to ideation as 5 or above, indicating
a strong perception that the AI tool significantly enhanced their
ability to generate unique ideas. Notably, the mode of the distri-
bution is 5 and 6, each accounting for 25% of responses, which
suggests a high level of satisfaction with ChatGPT’s performance
and can explain the higher mean rank of the treatment group on
novelty.

Impact of human–AI co-ideation on the quality of designers’
ideas

The analysis indicated that the co-ideation setup resulted in
significantly higher-quality ideas, particularly regarding feasibil-
ity and implementation potential. This enhanced quality in the
treatment group can be attributed to ChatGPT’s ability to gen-
erate responses grounded in existing data. Since we measure
quality based on feasibility, it stands to reason that the ideas

generated by ChatGPT are of higher quality because they are
based on preexisting, viable concepts, making them more feas-
ible. Another possible reason for the higher quality of ideas
generated by the treatment group could be that participants in
the control group found it more challenging to understand the
design question, despite both groups receiving the same explan-
ation. This conclusion is based on the responses from the final
survey, as shown in Table 6. In the survey’s open-ended question,
participants were asked to share their thoughts about the experi-
ment, and many from the control group mentioned difficulties in
comprehending the design task. A lack of understanding can lead
to lower-quality ideas, as participantsmay struggle to fully engage
with the challenge.

Figure 10. Survey question: helpfulness of ChatGPT.

Table 6. Feedback on Co-ideation session with and without ChatGPT

Responses participants with
ChatGPT

Responses participants without
ChatGPT

“It’s interesting experience to talk
with a computer and it also
helped me to frame the design
question better, so I feel very
relieved.”

“Everything went okay. I felt a little
pressure to come up with ideas
that were of a high quality…”

“Nothing went wrong, I actually
enjoyed working with this tool”

“The framing of the problem was a
bit unclear,”

“It was clear and easy to follow.” “Wasn’t sure how in depth it should
be.”

“It was very clear, I asked good
questions and interpreted the
result as I thought so. I felt like
having a conversation with a
friend which I am navigating… “

“The brief could have been a bit
clearer I think, but maybe that’s
part of the assignment, since in
design reframing is of course part
of design.”

“I think it was clear. And I think it is a
really efficient tool to generate
ideas quickly.”

“The experiment was pretty clear.
All the questions that ChatGPT
asked were relevant. It was a
good exercise and helped me
come up with new ideas.”
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Impact of human–AI co-ideation on the variety of designers’
ideas

While the experimental group showed improvements in novelty
and quality, the variety of ideas generated did not differ significantly
between the two groups. This suggests that although ChatGPT
enhances the uniqueness and feasibility of ideas, the diversity of
ideas remains consistent regardless of the method used.

A potential factor that could help explain this similarity for the
treatment group is that, as previous research has also pointed out,
ChatGPT has a tendency to overuse certain phrases (Ray, 2023).
This canmake the output seem repetitive and could have resulted in
a lower variety within the set of ideas generated by one participant.
This phenomenon is similar to design fixation in humans for the
control group, which Jansson and Smith (1991) describe as “the
blind, sometimes counterproductive adherence to a limited set of
ideas in the design process.” Psychological studies have shown that
idea generation is often constrained by presented examples and
initial ideas, leading to a reduction in both novelty and variety
(Viswanathan and Linsey, 2012). Therefore, the observed similarity
in the variety of ideas between the treatment and control groups
may be due to ChatGPT’s tendency to repeat certain phrases and
the human habit of design fixation. This indicates that both AI and
human brainstorming processes can be limited by sticking to
familiar patterns and existing ideas. Additional explanation of this
variety results may be from AI–human interaction dynamics. It’s
possible that the dynamics between Co-Ideator and designers
described in Figure 6 lead to a limitation in producing variety
because the interaction inadvertently focused on depth through
iterative questioning. This possibly encouraged exploring ideas
within a common idea space after zooming in on the problem
statement.

Impact of human–-AI co-ideation on the quantity of designers’
ideas

In the experiment, all participants had 30minutes to generate ideas.
A very small difference was found between the two groups in the
amount of total ideas generated. The treatment group generated
103 ideas versus 100 ideas for the control group. This difference is
almost negligible. In our final survey, we asked both the treatment

and control groups if they felt stuck at some point in the ideation
phase because this could lead to a lower quantity of ideas. The
responses are distributed on a scale from 1(never felt stuck) to 7
(always felt stuck). Figure 11, which illustrates the responses of the
control group, showed thatmost participants rated their experience
as 4 or lower (62.4%). This suggests that while some participants
encountered moments of difficulty, the majority did not frequently
feel stuck. Conversely, Figure 12 showed the responses of the
treatment group using ChatGPT. The amount of participants
who rated their experience as 4 or lower was 70.9%. This difference
in percentages was only 8.5% and can explain the small but not
significant difference in quantity.

Limitations & further research

The objective of this research was to test whether the ideation
performance of a designer could be improved by proposing a
framework for co-ideation with custom GPT. The hypothesis was
that a designer who co-ideates with the custom chatbot in GPT 4.o
would outperform a designer who ideates individually without any
additional means. This study provided insightful findings on the
co-ideation process between designers and ChatGPT, which was
subject to several limitations. First, the training data used by
ChatGPT introduced potential biases that could affect the outcome
of the ideation sessions. The AI’s responses were shaped by the data
it has been trained on, whichmay not fully represent the diversity of
human creativity and problem-solving approaches (Brad, 2023).
This limitation could potentially distort the novelty and variety of
ideas generated. Second, the scope of the framework used in this
study is limited to some degree and may not fully capture the
complex dynamics of human–AI collaboration. While the frame-
work provides a structured approach to co-ideation, it may over-
simplify the nuanced interactions between designers and AI,
potentially overlooking important aspects of the creative process
(Crowder et al., 2019).

Another limitation arises from the relatively small sample size
and specific demographic of the participants, who were all master’s
students from the Industrial Design Engineering faculty at TU
Delft. This homogeneity may limit the generalizability of the find-
ings to a broader population of designers with different back-
grounds and experiences (Allmark, 2004). Future research should

Figure 11. Participant responses on feeling stuck during ideation (control group).
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include a larger andmore diverse sample of participants to enhance
the generalizability of the results. Including designers from various
educational backgrounds, professional experiences, and cultural
context would provide a more holistic understanding of the
co-ideation process. Additionally, exploring the integration of
multimodal AI tools, which combine text, image, and other forms
of input, could enrich the co-ideationwithAI, ultimately enhancing
the creative potential of designers across various fields.

The framework was not evaluated, and no follow-up investiga-
tion was conducted to ask why this did not perform better (after the
results). This is out of consideration that this kind of iterative based
on the findings is a never-ending process. Future researchers may
be able to build based on our findings, make use of newer models,
and consider building a tool with a more nuanced user interface.

The final consideration relates to the impacts within the con-
stantly evolving field of AI. The mental model for human–AI
co-creationmay shift as AI continues to rapidly develop, potentially
necessitating new inquiry and adaptation of the co-creation frame-
work. This research presents a co-ideation framework that empha-
sizes the interaction between the designer and custom GPT as a
Co-Ideator. ChatGPT is specifically tailored and optimized for
conversational use to generate human-like responses based on its
extensive information and knowledge (Fui-Hoon Nah et al., 2023).
In this research field, a human-centered AI collaboration is crucial
for effectively leveraging generative AI applications (Fui-HoonNah
et al., 2023). The evolving role of AI and the dynamics of interaction
will undoubtedly lead to future research opportunities.

Anticipating future development, this study contributes to the
understanding of co-creation with generative conversational LLMs,
specifically custom GPT from GPT 4.o, and highlights prompt
engineering as a promising future direction. Based on the results
of this study, we expect that, by further refining the prompts and
structure that define the human–computer dynamics, there is a
strong future potential for increased creativity and designer per-
formance through co-ideation with LLMs.

Contribution

The contributions of the study are as follows. First, this research
investigated the interaction between designers and AI to under-
stand the problems designers face when using ChatGPT to ideate
and, in this way, to identify design requirements for establishing

effective human–AI co-ideation tools. This can bring guidelines on
the development of AI tools for collaborative human–AI design.
Additionally, based on this study, a framework was promoted to
summarize the co-ideation between designers and the customGPT.
A custom GPT (Co-Ideator) has been promoted which can be used
to improve the performance of a designer. Finally, the study sup-
ported the effect of the promoted framework and the custom GPT
tool on increasing the designer’s ideation performance in terms of
novelty and quality, which can be used as supported the potential of
AI in enhancing creative processes.

It is notable that the standard ChatGPT was facing problems of
hallucinations and shortenedmemory in spite of breaking down the
long single-shot prompt into shorter blocks to make a multi-shot
prompt. This was also observed to be one of the issues during the
initial self-testing while configuring the prompt. Custom GPTs
offered features like “custom instructions” to help bypass these
issues.

Conclusion

This research aimed to detect when LLMs were positioned as
codesigners, how LLMs influenced the creative ideation processes
of industrial designers, whether the ideation performance of a
designer could be improved by proposing a framework for
co-ideation with custom GPT, and compare whether the ideation
performance of a designer could be improved by proposing cus-
tomer GPT compared with traditional ideation methods. To
achieve the research aims, this study first detected how LLMs
influenced the creative ideation processes of industrial designers
and understood the problems designers face when using ChatGPT
to ideate through a survey. Then, a framework to guide the
co-ideation between humans and customGPTwas promoted based
on mapping content. Based on the framework, the custom GPT
(Co-Ideator) was developed. Finally, a design case study followed
by a survey and an interview was conducted as an evaluation of
the ideation performance of the framework compared with trad-
itional ideation methods. The findings indicated that if users
employed co-ideationwith the customGPT, the novelty and quality
of ideation outperformed by using traditional ideation. No statis-
tically significant difference in variety was observed between the
two methods. Furthermore, users employing co-ideation with

Figure 12. Participant responses on feeling stuck during ideation (treatment group).
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the custom GPT performed slightly better on the quantity of
generated ideas than users who used traditional ideation. This study
identified design requirements for establishing effective human–AI
co-ideation tools, which can bring guidelines on the development of
AI tools for collaborative human–AI design. Also, based on this
study, a framework was promoted to summarize the co-ideation
between designers and the custom GPT to improve the perform-
ance of a designer. Finally, the study supported the effect of the
promoted framework and the custom GPT tool on increasing the
designer’s ideation performance in terms of novelty and quality,
which can be used to support the potential of AI in enhancing
creative processes.

Supplementary material. The supplementary material for this article can be
found at http://doi.org/10.1017/S0890060425100127.
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