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Conceptual design is an essential stage in the design process, and its ultimate success largely depends on
designers’ creativity. Both physical and digital prototypes are commonly adopted by designers to support
ideation and creativity, providing intuitive perception and rapid iteration, respectively. In recent advancements,
large-scale generation models are able to offer data-enabled creativity support by generating high-quality
solutions comparable to human designers. This opens up an imaginary space for designers and brings new
possibilities for design tools. In this study, we proposed a hybrid prototypemethod that synergistically combines
physical models and generative artificial intelligence (AI) in the conceptual design stage. Correspondingly,
we developed a hybrid prototype system to implement the proposed method. We conducted a comparative
user study with 45 designers who completed a design task using the physical prototype method, standalone
generative AI, and the hybrid prototype method, respectively. Our results verified the effectiveness of the
hybrid prototype method and investigated its mechanism in supporting creativity. Finally, we discussed the
application value and optimisation space of the hybrid prototype method.
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1 INTRODUCTION
Conceptual design is a fundamental and essential stage in the design process, where designers
seek to start with vague ideas and define the product outline and layout [31, 94]. Its ultimate
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success is greatly contingent upon the designers’ creativity. Creativity is the ability to generate and
refine ideas, which involves coming up with new approaches to problems, original resolutions to
conflicts, or fresh insights into existing solutions [38]. In the conceptual design process, prototypes
are commonly used to understand the design space, learn about design problems, supplement
designers’ mental models, and discover unexpected phenomena [52]. They are conceived as the
material embodiment or manifestation of designers’ ideas [25, 49, 73].
The physical prototype serves as an instrumental approach in conceptual design, enabling

designers to effectively externalise and simulate their concepts by tangible materials. It affords
several distinct advantages for creativity support. First, physical models augment the accessible
information and sensorial stimuli, fostering design reasoning [8, 29, 31, 67]. Second, embodied
interaction with tangible models enables the body to participate actively in the creative process,
mitigating cognitive overload and boosting creativity [44, 90]. Third, tangible models help designers
identify defects in design solutions. The physical prototype method facilitates problem visualisation,
draws attention to flawed design assumptions, and highlights significant discrepancies between
the actual solutions and their conceptual predictions [37, 54]. Owing to its manifold merits for
bolstering creativity, the physical prototype is a popular design method in conceptual design for
idea exploration.

Utilising digital prototypes is another approach to support creativity in conceptual design. They
are digital mock-ups, models or simulations, with the ability to create and test virtual design
schemes [41]. Digital prototype tools often have graphical user interfaces for interactions [70].
They can support complex computation and provide more flexibility and fidelity during prototyping.
The incorporation of artificial intelligence (AI) into digital prototypes for design ideation has become
pervasive [45]. It employs the data-fitting capabilities of machine learning models to help designers
derive insights from extensive datasets. For example, FashionQ [38] delivers an array of analytic
outcomes on fashion attributes derived from a dataset encompassing 302,772 images, fostering both
divergent and convergent cognitive processes during ideation. Rico [18] supports the design of UI
layouts for mobile applications by analysing design elements across 72,000 popular designs.
Recent advancements in generative AI have further enhanced the data-enabled design process.

Large-scale generation models have demonstrated capabilities to produce high-quality outputs,
indistinguishable from human-created artefacts [85]. This enables AI to become a partner in the
ideation process, transforming the way designers work [17]. Generative AI can proactively offer
design schemes, making the conceptual design process demonstrate an inclination to be probabilistic
due to generative variability [25]. This feature can open an imaginary space and support extensive
design exploration. In addition, generative AI provides data-enabled understandings, which might
offer insights that escape designers’ relevance sense and awareness [25]. These distinct strengths
of generative AI might bring the possibility of developing more powerful digital prototype tools
and efficient creativity support tools (CSTs).

However, there are still inherent limitations in using physical models and standalone generative
AI tools independently to support conceptual design. On the one hand, low-fidelity physical
models are inadequate for presenting a complete design scheme, while detailed physical models
demand long-time costs [66]. On the other hand, although generative AI can create inexhaustible
design schemes, it usually lacks meaningful and interpretable controls for designers, making it
challenging to express design intentions to AI intuitively [50]. Besides, as the majority of AI-based
tools are typically proposed by developers, leaving designers one step behind them, designers lack
appropriate prototype tools that meet actual design needs and support efficient work [20].
Recently, researchers have attempted to merge physical and digital materials to combine their

collective strengths and ameliorate their respective drawbacks [80]. Inspired by this, we proposed
a hybrid prototype method combining the physical model and generative AI to support creativity
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in conceptual design. With the support of the hybrid prototype method, designers are empowered
to engage in the ideation process utilising physical materials. Simultaneously, AI comprehends
the underlying design intentions through physical models and further refines them based on
its generative capabilities. To assess the effectiveness of the proposed method, we conducted an
empirical comparison study. 45 participants majoring in design were randomly assigned to the
hybrid prototype group, the traditional physical model group, and the standalone generative AI
group to complete the same conceptual task. We investigated the following research questions:

–RQ1: Does the hybrid prototype method enhance creativity support in the conceptual design stage?
–RQ2: How do designers generate new ideas with the support of the hybrid prototype method?
–RQ3:What are the distinct strengths of the hybrid prototype method in aiding conceptual design?
To answer theRQ1, expert evaluations were adopted to objectively and comprehensively evaluate

participants’ outcomes. A subjective questionnaire was also used to obtain the creativity differences
when designers used different CSTs. To answer the RQ2, the Think-aloud method was employed,
and participants’ design behaviour was coded. To answer the RQ3, a semi-structured interview
was conducted after the entire design task to obtain participants’ feedback.

Our research makes three contributions. First, we proposed a hybrid prototype method combining
physical models and generative AI to support creativity in conceptual design. Second, to verify
the effectiveness of the proposed method, we accordingly developed a hybrid prototype system.
Third, we conducted an empirical user study and provided a fundamental understanding of how
generative AI can be integrated as a design material in conceptual design. We provided insights
into designing interactions within the co-creation system that involves both human designers and
generative AI.

2 RELATEDWORK
2.1 Physical Prototype in Conceptual Design
The physical prototype has been employed for various purposes like exploring basic shapes,
evaluating physical properties, and confirming analysis based on virtual models [41]. It has unique
advantages in supporting creativity. First, physical models can increase the number of sensory
stimuli and promote design reasoning. They present more visual cues, allowing designers to work
with more subtle design schemes and enhancing the available information for design reasoning [31].
Tangible models also offer more multisensory stimuli than texts and images [29], making the design
environment more engaging and intuitive [31]. Second, the tangibility of physical prototypes can
enhance embodied sensemaking [70]. As research in cognitive theory pointed out, thinking is
a distributed and interactive process, and body movement can literally be part of thinking [70].
Interacting with tangible models during ideation involves physical engagement in cognition, which
eases the cognitive load and supports creativity [31]. Third, there is more room for interpretation
with physical models than with digital design tools [70], allowing designers to assign meaning to
situations from their own perspective [35] and develop into a plausible narrative [64]. Fourth, the
use of physical models helps to reveal flaws in design. The tangible nature of physical models allows
designers to more effectively evaluate the shape and function of their design schemes, as they are
better at showing what the design looks like and uncovering incorrect assumptions [37, 46, 54].
Beyond these primary benefits, the physical prototype method can expand designers’ viewpoints [5]
and boost confidence in their decisions [7], further enhancing creative potential.
Nevertheless, the physical prototype method has some inherent limitations. Specifically, its

fabrication time is a disadvantage, which often increases with the fidelity andmaterials required [41].
Designers often face a trade-off between quality and time when selecting prototype methods [66].
Rapid prototyping and iteration are essential in the conceptual design stage, physical modelling may
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not be the best choice for a design task where precision or fidelity is necessary. Additionally, it is
difficult to keep track of changes with physical models to manage design versions [41], limiting the
shareability and searchability of the design outcomes [70]. Consequently, it is crucial to thoroughly
assess limitations of the physical prototype method and explore strategies to leverage its strengths,
thereby enhancing creativity at the conceptual design stage.

2.2 AI-driven Creativity Support Tools in Conceptual Design
The advent of deep generative models has facilitated significant progress in the integration of
AI within the design process. The essence of generation models lies in learning the distribution
patterns of extensive datasets, thus mastering abstract knowledge automatically and ultimately
gaining the capability to create novel visual and textual content. Especially, large-scale generation
models such as Midjourney [16], Stable Diffusion [63], and DALL-E [60, 61] have been renowned
for synthesising high-quality images from textual descriptions. These models exhibit a remarkable
proficiency in generating realistic artefacts that often possess a high quality comparable to those
created by human beings [85].

AI has transformed from a mere auxiliary to a synergistic collaborator for humans, and multiple
AI-driven art generative systems [16, 53, 85, 87] have been developed to assist the art and design
domain. This transition has a subtle impact on creativity. First, AI-driven design enriches the source
of visual reasoning. By leveraging the generative variability, designers are presented with the oppor-
tunity to continuously obtain a diverse range of outputs by adjusting input parameters simply [86].
It provides designers with an infinite number of design schemes for design reasoning. Second,
AI-driven design opens up an imaginative space for designers. In the interaction of co-creation
systems, the value of design exploration is found in its potential to harness the probabilistic results
generated by AI, in other words, to improvise rather than prescribe [25]. Third, the employment of
AI-driven design expands the knowledge space and augments the scope of problem insights for
designers. Generative AI can unpredictably offer insights that escape human relevance sense and
awareness [26], thereby helping designers to problematise the design space rather than locking
designers into ideas of predictability and normativity [25].
Many studies have discussed challenges when integrating AI as design materials [20, 88, 89].

On the one hand, the generative variability might cause unstable outputs, which lack common
sense and often reduce designers’ expectations [20, 86]. On the other hand, many generative design
tools operate as black boxes where designers set prompts and then obtain generated results. It is
challenging for designers to share design intentions with AI and iterate design ideas in a step-by-
step procedure [14, 28]. Although the underlying co-creation mechanisms between human and
generative AI remain unclear, existing evidence highlights the pivotal role of interaction innovation
in co-creation systems [12]. Therefore, it is valuable to further explore the interaction modes and
applied scenarios in co-creation systems. Moreover, it is also important to investigate how to
effectively apply the AI’s variability and uncertainty to support creativity.

2.3 Hybrid Prototype in Design Process
In numerous design scenarios, the physical creation unfolds independently of any digital counter-
parts, with the digital phase exclusively conducted using computer-based tools. Previous research
has highlighted the inadequacy of both purely physical and purely digital methods [70]. Establishing
a closer integration between the digital and physical domains within the design process might be
an important requirement for CSTs [30]. The hybrid prototype bridges the gap between digital
information and physical objects [80], striving to harness a potential that transcends the mere sum-
mation of its digital and physical components [19]. The salient characteristics exhibited by digital
tools within hybrid systems encompass heightened prototype precision, facilitated capabilities for
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scheme preservation and dissemination, as well as robust support for complex computing tasks.
Consequently, the HCI community has paid attention to the hybrid framework and attempted to
meld the strengths of both the physical and digital spheres. Barbieri et al. [4] introduced a hybrid
prototype with the intuition of physical models and high precision of digital models through mixed
reality technology. This hybrid method engaged the visual, auditory, and tactile senses to analyse
the inter-relationships between the physical form and behaviour of industrial products [4]. Tao
et al. [76] developed a mixed reality system named 4Doodle to assist novices in mastering the
manual skills of physical 4D printing through interaction on a tablet computer. Their findings
suggested that the hybrid prototype reduced the prototype barrier and had great potential for
creative production and spatial ability enhancement. Peng et al. [58] developed Robotic Modelling
Assistant (RMA), in which the designer used an augmented reality controller to sketch 3D de-
signs. The RMA then quickly realised the designer’s scheme through a 3D printing pen, which
strengthened the designer’s intuitive perception of the scheme and sped up the prototyping. Kim
et al. [43] proposed a hybrid prototype system that integrated hand motion and pen stroke in a
complementary manner. It reduced the difficulty of spatial drawing through physical activities
and improved the accuracy and expression of sketches through digital refinement. Against that
background, we attempt to synergistically combine the traditional physical prototype method
and the generative AI in a hybrid prototype environment, combining their collective strengths to
support conceptual design.

3 HYBRID PROTOTYPE METHOD
3.1 Introduction of Hybrid Prototype Method
In this study, a hybrid prototypemethod combining the traditional physical prototype and generative
AI was proposed to support creativity in the conceptual design stage. As shown in Figure 1, with
the support of the hybrid prototype method, the designer is able to conceive and prototype ideas
through physical models. The hybrid prototype method facilitates embodied idea exploration, rapid
concept externalisation, and structure iteration. While the designer interacts with physical models,
AI comprehends design intentions through not only textual requirements and restrictions but also
the physical prototype. By assimilating and processing multi-modal inputs, AI can generate digital
candidate schemes that adhere to the specified constraints while offering new perspectives. Enabled
by the hybrid prototype method, designers can draw inspiration from multiple sources. On the one
hand, they derive creative stimuli from embodied interaction with tangible models. On the other
hand, they collaborate with AI and are inspired by diverse generated outputs.

textual requirement and restriction
Design Intention Convey

Design Scheme Refine

physical prototype

interaction with

physical prototype

interaction with generative AI

Designer

...

Generative AI

Fig. 1. Introduction to the hybrid prototype method.
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Fig. 2. The framework of the proposed hybrid prototype method.

3.2 Combined Capabilities and Expected Strengths of Hybrid Prototype Method
This section clarifies the combined capabilities and expected strengths of the hybrid prototype
method. As it is an integrated method of the traditional physical prototype method and standalone
AI tool, we divide the combined capabilities into superposition ability and complementary ability,
as presented in Figure 2.
In the hybrid prototype method, we attempt to integrate tangibility in physical models and

variability in generative AI to maximise their impact in facilitating creativity (A○ and B○ in Figure 2).
Specifically, the tangibility has been proven to increase sensorial stimuli [29, 31] and augment
embodied sensemaking [44], while the generative variabilitymight open up an imaginative space [25,
86] and widen insight scope [26] during ideation. The tangibility and variability can be activated
in the hybrid prototype method to provide creativity support.
The hybrid prototype can potentially complement the physical prototype and generative AI

capabilities ( C○ in Figure 2). Specifically, the long fabrication time is an inherent disadvantage of the
physical prototype method [41] while generative AI is good at producing diverse schemes efficiently
and accelerating iteration [68, 86]. Therefore, with the support of the hybrid prototype method, AI
can exploit its generative potential to refine coarse physical models, thereby enhancing the scheme
fidelity and reducing the manufacturing duration. This method strikes an optimal balance between
enhanced fidelity and expedited manufacturing processes. Besides, designers consider that AI is
a challenging material due to its interaction complexity [48, 89] and natural language prompts
are not expressive enough to convey design intentions to AI [14]. We are trying to combine AI
interaction modes with common design materials familiar to designers, thereby enhancing detailed
and intuitive designer-AI communication.

3.3 Implementation of Hybrid Prototype Method
We implemented our hybrid prototype method in a developed system using a computer and
camera. To demonstrate the characteristics of the hybrid system more clearly, we also compared the
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Fig. 3. The user interface of the hybrid prototype system.

traditional physical prototype system and the standalone generative AI system. As we conducted an
experimental task focused on “drone design” in a user study, we employs related design examples.

• The environment of traditional physical prototype encompassed a purely physical space
supporting prototype through tangible materials.

• The environment of standalone generative AI tool contained a computer-supported system
running generation models in a purely digital space.

• The environment of hybrid prototype method contained the proposed hybrid prototype system,
which had capabilities to capture photographs of physical models and produce AI-refined
schemes.

The Stable Diffusion v2.1 was adopted in our hybrid generative system as the generativemodel [63,
72] . The user interface was modified based on the Stable DiffusionWebUI [3] (Figure 3). Our system
requires no customised hardware to support it, which can be set up in any typical design workspace.
Specifically, a○ shows the image of the physical model captured by the camera, and the designer
can save and print it for iteration management. b○ presents a prompt area that allows users to
describe requirements and constraints through text. c○ regulates the weight control of the prompt
on the generated outputs. d○ presents the generated outputs to support designers in browsing,
supporting further saving and printing. We have made the following modifications based on the
original Stable Diffusion WebUI [3] to the implemented system.

First, we simplified the interactive components in Stable Diffusion WebUI. Through the investiga-
tion before organising the experiment, we knew that designers thought the original interface layout
was not friendly enough and too complex. Therefore, we simplified the interactive components
and kept the three most important control conditions, the prompt, negative prompt, and denoising
strength, which help to determine how closely the generated image will be influenced by the
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captured image of physical models. Other parameters that control the generation, such as Sampling
Steps, Batch Count, and Sampling Method were built into the program and not visible to designers
on the interface. Second, we developed favourites of prompt words of recommended prompt words
for designers’ reference ( e○ in Figure 3). These prompt words in favourites were intended to serve
as abstract suggestions for quality control, such as “UHD”, “high details”, and “best quality”, and
would not contain concrete words that influence the design intentions or schemes. Specifically,
after designers input the prompt words related to the design theme (e.g., “drone with a camera”),
they can click the favourites of prompt words to add a set of abstract prompt suffixes randomly,
making the prompt words more complete and complicated to improve the generation quality (e.g.,
“drone with a camera, high quality, full view, pure background, studio lighting, high-definition details”).
This was achieved through the development of web plugins. Third, since most of the participants
we recruited were not native English speakers, to avoid the obstacle of language to the design
process, we provided a translator for prompt words to support designers in communicating with
generative AI in their most familiar language.

We have carefully considered the influences of the abovemodifications. For example, the reduction
of interactive components might reduce the generated output quality. Additionally, the limitation
of the translator’s accuracy might also influence the generated outputs. However, our focus is
exploring creativity support in conceptual design, thus high-quality and high-precision outputs are
not the most necessary considerations. Conversely, if the designers’ focus is directed toward tool
learning as opposed to creative activities, our results may be more influenced. In addition, applied
plug-ins, such as the prompt favourite and translator, were called from the Kitchen Theme [23]
and integrated into the Stable Diffusion WebUI [3]. They were incorporated solely to enhance
participants’ comprehension and interaction with the informational content. They did not produce
substantive semantic information nor impact the generated outputs, thereby avoiding any influence
on the research outcomes.

3.4 Design Workflow Showcase in Hybrid Prototype Method
We present a step-by-step design example to show the design workflow under our hybrid prototype
method (Figure 4). Designers’ thinking and understanding of the design process are also articulated
in the form of text to show the idea-development process.

4 USER STUDY
This section introduces an empirical study to explore how the hybrid prototype affects creativity
during conceptual design. A contrast experiment was conducted, whereby participants were
randomly assigned to design groups with the support of the hybrid prototypemethod, the traditional
physical prototype, and the standalone generative AI tool to complete the same conceptual task.
The solution outputs of conceptual design were presented completely on a design solution answer
sheet, and the whole creative process of conceptual design was required to use the Think-Aloud
protocol. Through analysing the results and processes of the conceptual design, we explored three
research questions (RQ1 & RQ2 & RQ3 described in Section 1).

4.1 Participants
We recruited 45 designers (24 female and 21 male, aged 19 to 27) with backgrounds in Industrial
Design. Most participants were recruited from our university. All participants had aminimum of two
years’ experience in design. This also includes students who had actively participated in practical
design projects and had completed over two years of education encompassing practical design
courses, in addition to possessing their own design internship experience. They were required
to be proficient in designing through physical prototype materials and using generative AI tools,
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Fig. 4. A step-by-step design showcase with the support of the hybrid prototype method. a○ shows the
development of the design process. b○ shows the designer’s thinking extracted from the Think-aloud method.

such as Midjourney [16], Stable Diffusion [63], and DALL-E [60, 61], which was determined via a
registration questionnaire. Its aim was to ensure participants focused on the conceptual design
process instead of learning the use of various tools. Three experiment groups, each composed of 15
participants, were formed randomly and assigned to use traditional physical prototype (Group PP),
standalone Generative AI tools (Group AI ), and hybrid prototype method (Group HP) respectively
to complete the same conceptual design task. In the process of grouping, the gender, age, design
experience, and education level of the designers were balanced to eliminate individual differences.
The related information of recruited participants is presented in Table 1. All participants signed a
consent form approved by our institution.

Table 1. Overview information of participants.

Group Participant ID Age Gender Occupation Design Exp

Group PP PP01 - PP15 𝑀 = 22.2 8 Female 14 Students (6 BA, 6 MA, 2 Ph.D) 𝑀 = 3.5
𝑆𝐷 = 1.5 7 Male 1 Designer 𝑆𝐷 = 1.6

Group AI AI01 - AI15 𝑀 = 22.3 8 Female 14 Students (5 BA, 7 MA, 2 Ph.D) 𝑀 = 3.3
𝑆𝐷 = 2.2 7 Male 1 Designer 𝑆𝐷 = 1.4

Group HP HP01 - HP15 𝑀 = 23.1 8 Female 14 Students (7 BA, 5 MA, 2 Ph.D) 𝑀 = 3.4
𝑆𝐷 = 2.0 7 Male 1 Designer 𝑆𝐷 = 1.1

Total / 𝑀 = 22.5 24 Female 42 Students (18 BA, 18 MA, 6 Ph.D.) 𝑀 = 3.4
𝑆𝐷 = 2.0 21 Male 3 Designer 𝑆𝐷 = 1.4
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4

2 6

3 7

Material Supply Area Touchable Computer

Prototype Building Area Printer

Prototype Shooting Area Shooting Camera Video Recorder

Provide a variety of tools and materials to build physical prototypes.

*   only used in Group PP and Group HP while  used in all groups.1~4 5~7

Shooting physical prototype and transmitting image to digital system.

As an interactive terminal of the system, presents digital information to designers.

Users fabricate and manipulate physical prototypes in this area. Print out design schemes captured by physical models or produced by  AI.

The designer's actions and sounds were recorded during the whole experiment.

2

1

4

3
6

5

7

Fig. 5. The experimental environment layout.

4.2 Development of Experimental Environment and System
To fulfill the prerequisites of the experimental environment defined above, an experimental
workspace was set up (Figure 5). For participants in Group PP and GroupHP, there was the Material
Supply Area ( 1○) providing various physical materials. Designers fabricated in the Prototype Building
Area 2○) and captured the image of physical models in the Prototype Shooting Area ( 3○), which
set up a shooting camera ( 4○) and helped designers record the prototype process and version
management. A touchable computer ( 5○) was provided to all groups as the carrier of information
presentation and interaction. A printer ( 6○) was provided to all groups to help them express design
solutions on proposal paper. A video recorder ( 7○) was used to record designers’ behaviours.
We also developed another two interactive systems for control groups in order to support the

implementation of the contrast experiment.
• For Group PP, although participants completed the design task in the pure physical space, in
order to record the design ideas and support the final scheme expression, a system that can
shoot and record the tangible models was provided to help designers save process information.

• For Group AI, a generative AI system slightly modified by Stable Diffusion WebUI [3] was
provided to Group AI, which was the same as the system in Group HP, but it could not capture
photographs of physical models.

4.3 Experiment Task
Participants from all groups were requested to complete the same conceptual design task: the
conceptual innovation design of a traffic drone. A potential design theme was provided in the experi-
mental task, so that designers could have a similar ability to investigate the design background and
complete the design task as they usually do in actual design activities [47]. The design task was
carefully selected by researchers. First, the traffic scenario is universally known, which could facili-
tate the utilisation of prior knowledge and experience in design [42]. Second, all participants have
been exposed to intelligent product design involving drones as part of their practical curriculum,
possessing a foundational understanding of pertinent design principles and technology. Therefore,
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Introduction Get familiar with 
environment

Practice Think-aloud 
method

Explore design 
problems

Present a design 
solution

Fill in the questionnaire Conduct semi-structured 
interviews 

Practice before design task

5mins 5mins 5mins 60mins 10mins 5mins 10mins

Complete conceptual design task Evaluate and discuss after design task 

Fig. 6. The procedure of the experiment.

they could independently execute design tasks without the need for online searches or external
resources. A design problem card was provided to participants, which defined and elaborated the
design problem, background, and requirements (present in Appendix A).
Participants were requested to propose design solutions considering originality, practicality,

and feasibility. Throughout the design exploration phase, emphasis was placed on encouraging
participants to approach design problems from an innovative standpoint and to propose novel design
solutions. Following the conclusion of the design exploration stage, participants were required to
organise their design ideas and submit a complete design solution using a design solution answer
sheet. The use instructions for the solution answer sheet and the structure of the scheme description
were unified through the introduction before the experiment (detailed in Appendix D).

4.4 Procedure
Participants from all groups followed the experiment procedure shown in Figure 6. At the beginning
of the experiment, researchers introduced the study aim, design brief, and experiment task to
participants. After the informed consent confirmation, participants were instructed to get familiar
with the experimental environment and prototype tools, and then practiced designing with the
Think-aloud method. The conceptual design task lasted 70 minutes, consisting of 60 minutes for
exploring and 10 minutes for completing the solution answer sheet. The time duration allowed
for design exploration was suggested as sufficient for idea generation [78]. After the conceptual
design, there was a phase to answer the questionnaire and engage in the semi-structured interview.
The entire experiment took approximately 100 minutes.

4.5 Evaluation and Analysis
As summarised in Table 2, we collected data from the results of conceptual design task, the process
of conceptual design task, and the feedback after conceptual design task to conduct qualitative and
quantitative analysis among three experimental groups. To answer RQ1, a multifaceted approach
was employed. The expert evaluation was conducted to provide an objective assessment of the
designers’ outcomes. The Creativity Support Index (CSI) [13] was also utilised to investigate
differences in creativity resulting from the use of diverse CSTs. To address RQ2, the Think-aloud
method [1] was employed during the design process. Participants’ design behaviours were analysed
to investigate creative thinking processes and idea generation patterns. Finally, RQ3 was answered
through the semi-structured interviews, which were utilised to obtain participant perspectives on
the user experience. All analysis metrics are detailed in the following section.

4.5.1 Analyse the result of conceptual design task (RQ1). We initially evaluated the differences
in design results among three experimental groups. Specifically, we invited six design experts
possessing a minimum of ten years of professional design experience to participate in an expert
evaluation together offline. They were asked to evaluate the utility, novelty, feasibility, and structural
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Table 2. The summary of analysis perspectives and evaluation metrics.

Standpoint Focused Problem Research Method Metrics RQ

The result of
conceptual design

Differences in conceptual
design results

Expert objective evaluation
(quantitative analysis)

Utility,
Novelty, Feasibility,
Structural counts

RQ1

The process of
conceptual design

Patterns of creativity generation
Behaviour analysis by
Thinking-Aloud protocol
(qualitative analysis)

/ RQ2

The feedback after
conceptual design

Subjective feelings in design process
Evaluation by CSI questionnaire
(quantitative analysis)

CSI total score,
score of Collaboration,
Enjoyment,
Exploration,
Expressiveness,
Immersion,
and Results Worth Effort

RQ1

Advantages and disadvantages
in three comparative tools;
The cooperation in co-creation systems

Semi-structured interview
(qualitative analysis)

/ RQ3

counts of design solutions based on the answer sheets completed by the participants. Before the
evaluation began, experts were informed of the evaluation procedure, metrics, methods, and
standards in detail, while the different settings among groups were not informed in advance to
avoid experts’ subjective influence. Two test-solutions were also provided to experts for practice
before the formal evaluation to ensure a consensus on the evaluation process and standards.
The procedure of the expert evaluation is presented in Figure 7, and it contains four steps.

Initially, the design solution was interpreted and decomposed by experts to identify and extract all
functions together. To avoid order influence, the design solutions were displayed in a random and
counter-balanced way. Next, experts independently evaluated whether each function was novel or
not. We provided all experts with the criteria for judging novel functions defined by Sarkar and
Chakrabarti [65] as a reference. Eventually, experts scored several indicators related to technical
feasibility relying on their professional knowledge and experience. They were also asked to identify
and extract structural functions in design solutions.

Fig. 7. The procedure of expert evaluation.
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The measurement method of the utility, novelty, and feasibility was adopted with reference to
metrics proposed by previous studies [22, 31, 65, 71]. Specifically, the utility is related to the total
amount of functions included in the solution. It refers to the ability of the idea to add value and
to satisfy the design requirements [31]. It is calculated as the sum of the different functions that
can be performed by the solution. The function is defined as a specific attribute or module in a
design scheme that performs a distinct functionality or serves a particular purpose in the expert
evaluation. However, as the function identification is relatively subjective and ambiguous, we allow
experts to discuss functions in a scheme together, resolve differences, and reach a consensus on
function counts, serving to mitigate the impact of varying expert interpretations. For example, after
the expert discussion, they usually regard the combined function, such as the “solar panel with
lights”, as one function instead of two independent functions.
The novelty metric assesses the extent to which the functions of a given solution are novel

relative to current or similar technologies utilised to address the problem at hand. Specifically,
let 𝐹 = {𝑓1, 𝑓2, . . . , 𝑓𝑁 } be the set of functions in a design solution, with 𝐹𝑛 = {𝑓 ∈ 𝐹 |𝑁𝑣 (𝑓 ) = 1}
representing the set of novel functions. Here, 𝑁𝑣 (𝑓 ) = 1 indicates a function with a novelty aspect,
while 𝑁𝑣 (𝑓 ) = 0 indicates no novelty. The novelty (𝑁𝑜𝑣) score is defined as the proportion of
innovative functions to total functions:

𝑁𝑜𝑣 =
|𝐹𝑛 |
|𝐹 | (1)

The feasibility metric is defined as the extent to which a proposed solution can be effectively
implemented in the subsequent design phase, contingent upon its practical realisability. In order to
calculate the feasibility (𝐹𝑒𝑎) score, experts were asked to evaluate three perspectives: the informa-
tion quantity (𝑄𝐼𝑛𝑓 ), technological maturity (𝑇𝑒𝑐), and relevant functions (𝐹𝑢𝑛𝑐) [32]. Specifically,
the 𝑄𝐼𝑛𝑓 is the amount of available information in the design solution, assessing the extent to
which the proposed design principles can be fully understood based on descriptions provided by
participants. The assigned scores correspond to 0 (for incomplete information), 1 (for partially
complete information), or 2 (for complete information) depending on the comprehensiveness of the
solution description presented. The 𝑇𝑒𝑐 represents the technological maturity of design solution,
as it pertains to the potential for implementation success of the technology proposed. The available
score ranges from 0 (for solutions that are impossible to evaluate) to 1 (for solutions involving ob-
solete technology), 2 (for new technologies with high potential for failure), 3 (for new technologies
with good potential for success), and 4 (for mature technologies that are commercially available).
The 𝐹𝑢𝑛𝑐 evaluates whether the described functions are adequate for the overall operation of
the function. The possible assigned scores range from 0 (for solutions that fail to describe any
relevant function) to 1 (for solutions that describe some relevant functions), and 2 (for solutions
that comprehensively describe all necessary relevant functions). After evaluating these three scores,
the feasibility (𝐹𝑒𝑎) is calculated by Equation 2 based on the standard of Grubisic’s [32].

𝐹𝑒𝑎 = (0.41 ×𝑄𝐼𝑛𝑓 ) + (0.33 ×𝑇𝑒𝑐) + (0.26 × 𝐹𝑢𝑛𝑐) (2)

4.5.2 Analyse the process of conceptual design task (RQ2). We adopted the concurrent Think-aloud
protocol [1, 39] during the experimental process to discover idea generation patterns, including how
designers spark new ideas, what they think and perform, what patterns they follow during the design
process. Think-aloud studies require participants to verbalise their thoughts while performing a
task thereby allowing researchers to investigate and comprehend underlying mechanisms. Two
researchers reviewed the entire design process, observed what they said when thinking and what
they did while working, and then coded their behaviour. The coding scheme was modified based
on the creative process model summarised by Howard et al. [34] and Liao et al. [47].
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• Building action to prototype (Build): building physical materials, such as the action of fabri-
cation, adding connection, and manipulation;

• Generating through generative AI (Generate): interacting with a generative system to obtain
generated outputs, such as typing prompts;

• Analysing facts in prototyping (Analyse): exploring design solutions and analysing problems,
such as analysing design requirements and exploring the design problem space;

• Evaluating and comparing in prototyping (Evaluate): looking back, evaluating, and relating
the idea to others, such as assessing and implementing structural rationality;

• Sparking new idea (Spark): proposing factors or descriptions of the design idea.
Before the coding process, three different ten-minute-long video segments were used to ensure the
inter-rater agreement for the coding scheme between the two researchers. The agreement among
researchers was calculated on a minute-by-minute basis and was ensured to be greater than 0.60
indicating good agreement [33].

4.5.3 Analyse the feedback after conceptual design task (RQ1 & RQ3). To minimise the potential
influence of the bias of researchers and design experts on study results, all participants’ subjective
feedback was documented for subsequent data analysis, which consists of subjective question-
naire (RQ1) and semi-structured interview (RQ3).

In this study, the ability of a CST to assist a user engaged in creative work was measured by the
CSI questionnaire [13]. It measures six dimensions of creativity support: Collaboration, Enjoyment,
Exploration, Expressiveness, Immersion, and Results Worth Effort. The CSI evaluation was conducted
in two stages: the agreement statement session and the paired-factor comparison section. In the
agreement statement session, 12 statements representing six factors were randomly presented
on a questionnaire (Appendix B). Each agreement statement was answered on a scale of “Highly
Disagree” (1) to “Highly Agree” (10). Within the paired-factor comparison section, each factor was
paired with every other factor comparison. In this process, participants selected a factor description
in response to the prompt: “When doing this task, it’s most important that I’m able to...”. The CSI
Score and each Weighted Factor Score of six dimensions were calculated to evaluate the subjective
creativity support among three experimental groups.
In addition, all participants were invited to participate in semi-structured interviews. We paid

attention to the subjective evaluation of design process under specific support system (for all
groups) and the user experience of cooperation with generative AI (only for Group AI and Group
HP). Specifically, we conducted interviews around four key issues: advantages of the support tool,
disadvantages of the support tool, cooperation with AI, and AI influence on design ideas. The interview
structure and outlines are presented in Appendix C. We used thematic analysis [75] to analyse
raw interview data. Two researchers independently assigned different statements to these themes.
The coding process strictly pertained to the semantic content of the interview data instead of the
assumptions of coders. For example, the statement “I think this system can help me generate richer
design expressions and help me express my design ideas more clearly and concretely” (HP12) was coded
as “improve the expressiveness”. Next, the two researchers shared their codes, discussing inconsistent
codes to resolve disagreements and merging similar codes until they reached a consensus.

4.6 Statistical Analysis
For the evaluation index of quantitative analysis, the statistical analysis was conducted among
three experimental groups in SPSS (V22.0, International Business Machines Corporation, Armonk,
NY, USA). A Shapiro-Wilk normality test was run at the significance level of 0.05 before statisti-
cal analysis. The homogeneity of variances assumption was assessed using Levene’s test. If the
assumption of homogeneity of variances was met, one-way ANOVA was performed. However,
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when the assumption of homogeneity of variances was violated, the Welch test was used instead.
Post hoc multiple analyses were also performed. Bonferroni and Tamhane corrections were used to
adjust for the 𝑝-value to identify significant differences for homogeneous results and heterogeneous
results, respectively. The level of statistical significance for all of these analyses was set at 0.05.

5 RESULTS AND FINDINGS
5.1 Display of Design Output During Design Task
Examples of design solution answer sheets are shown in Figure 8. They were randomly chosen
from three experimental groups. Participants were instructed to use the left area of the answer
sheet to provide a visual rendering of their design scheme using pictures and notes. Additionally,
they were required to describe their design solutions in words on the right side of the answer sheet.

Fig. 8. Examples of design solution answer sheets from three experimental groups. Best viewed magnified on
screen.

5.2 Differences in Objective Evaluation by Experts (RQ1)
The utility, novelty, and feasibility of 45 design solutions were assessed by six expert evaluators.
The statistical analysis results are reported in Table 3 and Figure 9. Specifically, a significant
difference was seen in the utility (𝑝 = 0.002). The post hoc test showed that the utility of Group
HP were significantly higher than those of Group AI (𝑝 = 0.005), which indicated that designers
produced more functions with the support of hybrid prototype method than the standalone AI
tools. In addition, there was a significant difference in novelty among the three experimental
groups (𝑝 < 0.001), and the post hoc test indicated that the novelty in Group HP was greater than
Group PP (𝑝 = 0.03) and Group AI (𝑝 < 0.001) while the novelty in Group PP was also greater than
it in Group AI (𝑝 < 0.001). The results showed potential of the hybrid prototype method to increase
idea novelty. For the difference in the feasibility score, there was a significant difference (𝑝 < 0.001),
and the post hoc test showed that the feasibility in Group PP and Group HP was significantly higher
than it in Group AI (𝑝 < 0.001). It indicated that the engagement of physical models enhanced the

Table 3. The statistical result of the objective evaluation by experts among three experimental groups.

𝑀 (𝑆𝐷 )
𝐹 𝑣𝑎𝑙𝑢𝑒 𝑃 𝑣𝑎𝑙𝑢𝑒 Post hocPP AI HP

Utility 5.98 (1.44) 5.00 (1.25) 7.13 (1.98) 6.79 0.002 HP > AI
Novelty 0.69 (0.09) 0.49 (0.10) 0.80 (0.06) 50.55 < 0.001 HP > PP > AI
Feasibility 2.26 (0.26) 1.73 (0.21) 2.20 (0.16) 27.06 < 0.001 HP, PP > AI
Structural Counts 3.20 (1.32) 1.13 (0.74) 3.07 (0.96) 27.06 < 0.001 HP, PP > AI
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Fig. 9. The difference in the objective evaluation among the three experimental groups. Statistical significance
was represented by asterisks (* & **) with p-values less than 0.05 and 0.01, respectively.

technical feasibility of design schemes. Experts also extracted the structures in the scheme, such as
the rotating camera, folding solar panel, and telescopic bracket. The count of structures in Group
PP and Group HP was significantly higher than those in Group AI (𝑝 < 0.001).
Besides, in Group HP, experts paid special attention to the influence of AI refinement on the

structure changes in physical models. In addition to the total number of structures in the scheme,
experts respectively focused on the number of structures in the physical model, the number of
structures in the generated scheme, and the number of structures that AI successfully understood
and refined based on the physical model. Specifically, according to the structural counts in Group HP,
the structural counts presented by the physical model and the generated image were 2.27 (𝑆𝐷 = 1.1)
and 0.8 (𝑆𝐷 = 0.86) respectively. In other words, the amount that AI successfully understood the
structures in the physical model and refined it into a digital structure accordingly only accounted
for 22.11% of total structural counts in Group HP. The findings revealed that the incorporation
of physical models within the hybrid prototype approach facilitated designers’ exploration of
structural configurations. However, there were challenges for the hybrid prototype method in
comprehending and effectively translating structural demands into digital resolutions.

5.3 Findings of Design Behaviour Differences and Idea Generation Patterns (RQ2)
After two researchers reviewed the design process of all participants, the design process was coded.
For example, Figure 10 shows the design process of six participants selected randomly from Group
PP, Group AI, and Group HP.

Initially, we quantified the total number of design idea-sparking times during the design process.
On the whole, a total of 289 idea sparking moments were recorded, including 91 in Group PP,
76 in Group AI, and 122 in Group HP. This finding was consistent with the expert evaluations’
utility. Moreover, we summarised the idea generation patterns in three experimental groups and
reported their proportion (Figure 11). 𝑛 represents the total number of sparks while 𝑝 represents its
proportion.

For Group PP, there were three patterns in the idea generation:

(1). spark an (spontaneous) idea <Spark> ; (𝑛 = 7, 𝑝 = 7.69%)
(2). infer by analysis after physical modelling action <Build-Analyse-Spark>; (𝑛 = 69, 𝑝 = 75.82%)
(3). infer by evaluation and connection with other ideas after modelling action <Build-Evaluate-

Spark>. (𝑛 = 15, 𝑝 = 16.48%)

For Group AI, there were three patterns in the idea generation:

(1). spark an (spontaneous) idea <Spark>; (𝑛 = 6, 𝑝 = 7.89%)
(2). infer by analysis after observing generated outputs <Generate-Analyse-Spark>; (𝑛 = 22, 𝑝 =

28.95%)
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(3). infer by evaluation and connection with other ideas after observing generated outputs
<Generate-Evaluate-Spark>. (𝑛 = 48, 𝑝 = 63.16%)

For Group HP, as Group HP combined the interactive mode and creativity support ability of the
other two groups, the idea generation patterns under Group PP and Group AI could also be found
in Group HP. Besides, two additional idea generation patterns were also found. Specifically:
(1). spark an (spontaneous) idea <Spark>; (𝑛 = 8, 𝑝 = 6.56%)
(2). infer by analysis after physical modelling action <Build-Analyse-Spark>; (𝑛 = 9, 𝑝 = 7.38%)
(3). infer by evaluation and connection with other ideas after modelling action <Build-Evaluate-

Spark>; (𝑛 = 8, 𝑝 = 6.56%)
(4). infer by analysis after observing generated outputs <Generate-Analyse-Spark>; (𝑛 = 36, 𝑝 =

29.51%)
(5). infer by evaluation and connection with ideas after observing generated outputs <Generate-

Evaluate-Spark>; (𝑛 = 16, 𝑝 = 13.11%)
(6). infer by analysis after observing generated outputs based on physical model <Build-Generate-

Analyse-Spark>; (𝑛 = 27, 𝑝 = 22.13%)
(7). infer by evaluation and connection with other ideas after observing generated outputs based

on physical model <Build-Generate-Evaluate-Spark>. (𝑛 = 18, 𝑝 = 14.75%)
To further gain insight into the interplay between idea generation and development, we super-

imposed the moments when new ideas were sparked and visualised a diagram overlaying moments
of idea emergence across all three experimental groups (Figure 12). According to the frequency
of idea generation, we indicated the design stage with intensive idea generation on the time axis,
which was defined as the creative surge stage on the diagram. We unexpectedly found the difference
in creative surge stage among three experimental groups. The creative surge stage occurred in the
middle and late stages of the whole design process with the support of the physical prototype
method. While the creative surge stage occurred in the early stage of design with the support of
standalone AI tools, with idea generation occurring as early as the third minute of the design task.
There was a relatively longer creative surge stage with the support of the hybrid prototype method
in Group HP.

We also focused on the iteration and development of ideas. Two researchers coded all participants’
idea iteration, dividing ideas into new ideas and iterated ideas based on the method proposed by
Kim et al. [42] (Figure 13 presents idea iteration modes of six participants for examples). The
proportion of iterated ideas in the total ideas was 51.48% (𝑆𝐷 = 12.63%), 21.97% (𝑆𝐷 = 20.84%),

PP01

PP12
PP07PP

AI07
AI04

AI09
AI

1 11 21 31 41 512 12 22 32 42 523 13 23 33 43 534 14 24 34 44 545 15 25 35 45 556 16 26 36 46 567 17 27 37 47 578 18 28 38 48 589 19 29 39 49 5910 20 30 40 50 60

HP03
HP14

HP02
HP

Time(min)

Building Actions <Build> AI Generating <Generate> Analysing <Analyse> Evaluating <Evaluate> Sparking New Idea <Spark>

Fig. 10. The design process of six participants representative annotated by the Think-aloud protocol and
Howard’s model. The blank denotes a participant who remains silent and does not perform any action during
an interval.
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Fig. 11. The proportion of idea generation patterns among three experimental groups.

Fig. 12. The idea emergence visualisation during 60-min design task. The red dots represent the time of idea
emergence.

and 56.88% (𝑆𝐷 = 9.73%) in Group PP, Group AI, and Group HP respectively. We found that the
proportion of new ideas was high in Group AI, which indicated that the generative AI provided a
lot of new inspiration stimulation during the conceptual design process. While the proportion of
iterated ideas was high in Group PP and Group HP, highlighting the participation of physical models
in the hybrid prototype method that promoted the iteration and development of original ideas. The
influence of the hybrid prototype method on idea generation and iteration will be discussed in
detail in Section 6.3.2.

Fig. 13. The idea iteration modes of six participants under different creativity support tools.
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Fig. 14. The difference in the CSI among the three experimental groups. Statistical significance is represented
by asterisks (* & **) with p-values less than 0.05 and 0.01, respectively.

5.4 Differences in Subjective Evaluation for Creativity Support (RQ1)
The total CSI score and six factors of CSI were analysed (Table 4 and Figure 14). The CSI score of
three experimental groups was 72.03 (Group PP), 60.43 (Group AI ), and 83.13 (Group HP) respectively.
The statistical analysis showed that there was a significant difference in total CSI score (𝑝 < 0.001).
The post hoc test indicated that the CSI score of Group HP was significantly higher than Group
PP (𝑝 = 0.002) andGroup AI (𝑝 < 0.001). The results proved the effectiveness of the hybrid prototype
method in creativity support from a subjective point of view.
We further broke down the analysis and investigated six individual factors. Specifically, there

was a significant difference in the score of exploration (𝑝 = 0.032), expressiveness (𝑝 < 0.001) and
result worth effort (𝑝 = 0.009). For the exploration, the post hoc test showed that the exploration
score in Group HP was higher than it in Group AI (𝑝 = 0.032). Besides, the expressiveness score in
Group HP was greater than it in Group PP (𝑝 < 0.001) and Group AI (𝑝 = 0.002). For the result worth
effort, the score of result worth effort in Group HP was greater than it in Group PP (𝑝 = 0.037) and
Group AI (𝑝 = 0.02). Besides, the physical prototype method obtained higher scores in collaboration,
enjoyment, and immersion, although there was not a significant difference.

Table 4. The statistical result of the CSI among three experimental groups.

𝑀 (𝑆𝐷 )
𝐹 value 𝑃 value Post hocPP AI HP

CSI Score 72.03 (5.23) 60.43 (12.63) 83.13 (6.69) 16.70 < 0.001 HP > PP, AI
Collaboration 20.40 (15.92) 13.60 (12.65) 12.80 (10.16) 1.01 0.377 /
Enjoyment 34.30 (22.43) 20.30 (11.25) 25.50 (8.90) 16.60 0.222 /
Exploration 68.50 (11.90) 55.50 (17.48) 73.80 (15.24) 3.91 0.032 HP > AI
Expressiveness 42.10 (16.20) 49.70 (12.75) 74.90 (14.48) 13.93 < 0.001 HP > PP, AI
Immersion 25.00 (12.97) 14.90 (17.57) 13.60 (9.82) 2.04 0.15 /
Result of Effort 25.80 (19.71) 27.30 (13.83) 48.80 (17.18) 5.68 0.009 HP > PP, AI

5.5 Findings of Semi-structured Interview (RQ3)
We invited all participants to semi-structured interviews, asking for reflections on their user
experience in the conceptual design. Then, we extracted 11 and 8 codes for the advantages and
disadvantages of the supported tool respectively (Figure 15 and 16).
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Expose prototype shortcoming “Hands-on operation allows me to find some wrong assumptions and unstable designs” (PP06)

“In the process of building, I found and explored many different structural designs, especially the design of hinge 
structure.” (HP01)

“When holding a physical model, I will think more detailedly than a sketch, thinking not only about a concept, but about 
details of the concept.” (HP09)

“I observed this black circle again and felt that it might have other understandings, such as a circular interface.” (HP14)

“I don't need high sketching skills to get a wonderful scheme.” (HP10)

“I feel prototype is as interesting as building blocks, and AI always surprises me” (HP01)

“Direct design in physical time makes me feel intuitive and naturally immersed.” (PP03)

“This method of generating design schemes by connecting physical models allows me to participate in the conceptual 
design process and express my ideas” (HP08)

“I was shocked by the ability of AI, which can add a lot of details to such a simple model I made and look novel” (HP15)

“It provided me with a lot of plans and inspirations in an instant.” (AI07)

“I will think about how the existing technology can realise my design instead of thinking wildly.” (PP12)

Theme

Advantages

 of the 


supported tool

Code Part of the quotes

Promote structural thinking

Promote detailed thinking

Promote visual reasoning

Lower design threshold

Make design intuitive

Improve design enjoyment

Improve the scheme feasibility

Improve the expressiveness

Improve the sense of accomplishment

Increase efficiency

PP

AI

HP

Fig. 15. 11 codes and part of quotes extracted from the semi-structured interview. The theme is focused on
advantages of supported tools in conceptual design.

For Group PP, the use of physical models was shown to offer distinct advantages in promoting
detailed thinking, promoting visual reasoning, and exposing prototype shortcomings. Eight partici-
pants in Group PP mentioned that interacting with tangible materials promoted structural thinking
and six participants indicated the physical prototype exposed prototype shortcomings. For example,
PP08 reported that “When prototyping with physical models, I not only produce new concepts but
also think about how to implement and realise my concepts through physical materials, which helps
me eliminate unrealistic ideas in the early design stage”. Other strengths provided by the physical
prototype method were also extracted, such as promoting detailed thinking and visual reasoning.
However, some shortcomings of the physical prototype were also presented. Many designers com-
plained that physical model construction took too much time and energy for designing appearance.
PP09 said “I’ve had many ideas, but it’s time-consuming to implement them with physical materials,
especially the design of some complex surfaces”. Besides, designers’ creativity could be limited by
provided materials and manufacturing processes, leading their attention often to be focused on
physical model making (e.g., material searching or connecting) rather than the ideation process.
For example, PP04 reported that “The physical model helps me think in the early stage, but in the
later stage, because of its rough expressiveness, it limits me to further optimise the appearance of my
design scheme. I can only imagine sticking skin on the rough physical model”.
For Group AI, designers mainly reported the advantages of generative AI tools in promoting

visual reasoning, improving design efficiency, and enhancing expressiveness. Specifically, AI05
said “AI generated many unexpected results for me, giving me many new inspirations or encouraging
me to associate generated artefacts with other schemes”. In addition, six designers thought that AI
participation improved the prototype efficiency.AI07 indicated that “It provided me with a lot of plans
and inspirations in an instant, which greatly accelerated the efficiency of my prototype and iteration”.
However, the disadvantages of generative AI tools in design assistance were also obvious. Eleven
participants in Group AI mentioned that generative AI tools had poor generation controllability
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“I've had many ideas, but it's time-consuming to implement concepts with physical materials, especially the design of 
some complex surfaces.” (PP09)

“I spend most of my time taming AI, trying to make AI understand my needs and follow my intention, rather than 
conceiving the design.” (AI03)

“Although the physical model can help me think about some details, it is difficult for me to express my ideas to others 
with physical materials, and I can only realise the low-fidelity prototype in a short time.” (PP06)

“I think precise control of AI requires special skill. AI often changes my intention and doesn't follow my idea.” (AI12)

“The physical model helps me to think in the early stage, but in the later stage, because of its rough expressiveness, it 
limits me to further optimise the appearance of my design scheme. I can only imagine sticking skin on rough physical 
model.” (PP04)

“AI can’t understand what I mean. I tried to change many ways to improve the restrictions, but I didn’t get a satisfactory 
solution in the end. ” (AI12)

“AI gave me many pictures of common drones, just like searching the gallery. ” (AI01)

“When I use physical materials, I will also be limited by the physical world, such as gravity. I originally wanted to realise a 
magnetic levitation design, but it is difficult for the physical model to support me to prototype.” (PP15)

Long production time

Material/manufacturing  

restrictions

Lack of prototype details

Distraction

Poor generation controllability

Low fidelity

Low degree of innovation

Poor usability

Disdvantages

 of the 


supported tool

PP

AI

HP

Theme Code Part of the quotes

Fig. 16. 8 codes and part of quotes extracted from the semi-structured interview. The theme is focused on
disadvantages of supported tools in conceptual design.

and nine noted poor usability. AI12 said “I hope to design a drone with a gripper to help grab ground
objects, but AI couldn’t understand what I meant. I tried to change many ways to convey intentions, but
I didn’t get a satisfactory solution. I had to add some sketches based on AI-generated images to express
my solution”. AI12 also complained that “I think precise control of AI requires special skills. AI often
changes my intention and doesn’t design according to my idea”. Moreover, some designers reported
that although AI brought creativity, this inspiration stimulation without design logic destroyed the
designer’s thoughts and disrupted the design rhythm. For example, AI14 mentioned “AI will give me
colour-matching ideas, functional ideas, and structural ideas randomly. This unpredictable inspiration
distracts me and I can’t concentrate on my design process”. Due to the AI interference with original
ideas, four designers reported that they did not think they were the author of the design outcome.

For Group HP, the hybrid prototype method gained some common advantages of physical model
and generative AI tools due to its integration characteristics, such as promoting structural thinking,
detailed thinking, and visual reasoning, as well as improving prototype efficiency. Additionally, the
hybrid prototype method presented unique advantages in several aspects. First, nine participants
agreed that the hybrid prototype method improved the prototype expressiveness. One of the
participants mentioned that “I was shocked by the ability of AI, which can add a lot of details to
such a simple model I made and look novel” (HP15). HP01 also indicated that “AI’s refined schemes
turned my low-fidelity prototype into a high-fidelity scheme that can be presented to others”. Second,
some participants mentioned that the hybrid method lowered the design threshold and improved
the accomplishment sense. HP08 reported that “I am a technical designer, and my sketching ability
is very poor. This method allows me to participate in the conceptual design process and express my
ideas, instead of having to cooperate with the designer in charge of modelling. I think this greatly
improves my sense of accomplishment in design, and it is also more convenient for me to express
my design schemes to my team and improve the efficiency of team communication”. Third, some
participants considered that the hybrid method enabled AI to follow their own ideas due to the
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detailed intention communication, thereby improving cooperation satisfaction. However, as the
hybrid method integrated traditional physical methods and generative AI tools, the hybrid prototype
method also inherited part of their inherent shortcomings, such as poor generative controllability
and manufacturing restrictions.

6 DISCUSSION
6.1 Effectiveness of Hybrid Prototype Method for Creativity Support in Conceptual

Design (RQ1)
In the objective evaluation of experts, the utility and novelty of design solutions in Group HP
were higher than those in Group AI and Group PP. It indicated that the hybrid prototype method
promoted their ability to identify, extract, and discover valuable information, thereby enhancing
design innovation. Our results were consistent with views in previous studies. Viswanathan and
Linsey [83] indicated that physical models increased solution quantity. Yang et al. [69] pointed out
that AI can generate a steady stream of references to stimulate inspiration, ease design fixation,
and expand creativity boundaries, which might lead to higher novelty scores. In addition, the
structural counts illustrated that the participation of physical models in the hybrid prototype
method promoted structural thinking during the ideation process, which might be the reason for
the higher technical feasibility in Group HP than Group AI.

The subjective evaluation of designers evidenced a significantly higher total CSI score in Group
HP, which also proved that the hybrid prototype method was valuable in improving creativity in
conceptual design. Specifically, the hybrid prototype method exhibited significant effectiveness in
exploration, expressiveness, and results worth effort aspects in the CSI questionnaire. It indicated
that AI refinement alleviated the low-fidelity physical prototype and enhanced the expressiveness,
reducing prototype workload and heightening creation satisfaction. These results proved that
the hybrid prototype method enabled designers to explore extensively and articulate their ideas
effectively during conceptual design.

6.2 Mechanism of Idea Generation in Hybrid Prototype Method (RQ2)
We examined idea generation patterns in Group HP to elucidate the creativity support mechanism
of the hybrid prototype method. We identified six support patterns except for the spontaneous
idea (<Spark>), as presented in Figure 17 a○. First, interaction with physical materials was a key
source of idea sparking (i.e., the pattern of <Build-Analyse-Spark>). This tangible interaction assisted
in identifying flawed design assumptions [10, 27], broadening perspectives [54], and introducing
design constraints [5], which in turn promoted an evaluation phase instrumental in ideation (i.e., the
pattern of <Build-Evaluate-Spark>). Second, designers also obtained inspiration by reinterpreting
generated design schemes (i.e., <Generate-Analyse-Spark>). In the co-creation system, the role of
the human designer transcends a mere leader in the AI-aided design process [62]. Designers can
also be evaluators, obtaining insights by evaluating and comparing the generated schemes (i.e.,
<Generate-Evaluate-Spark>). Third, designers derived inspiration via observation of AI’s refinement
of physical models (i.e., <Build-Generate-Analyse-Spark> and <Build-Generate-Evaluate-Spark>). In
these patterns, designers analysed relevant schemes generated based on physical models, activating
nearby semantic concepts [9]. They also evaluated a broader scope of visual cues in these schemes,
promoting unexpected discoveries [82]. In addition, we present a whole idea generation process
supported by the hybrid prototype methods in Figure 17 b○ (randomly selected from Group HP).
With the support of the hybrid prototype method, these aforementioned idea generation patterns
occurred in a stochastic manner throughout the iterative process of conceptual design.
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Fig. 17. The patterns of idea generation with the support of the hybrid prototype method (a). An example of
idea generation scenario in Group HP to show the different patterns in conceptual design process (b).

We examined the idea generation frequency in the conceptual design workflow. Notably, our
results showed that the creative surge stage differed among three experimental groups. The creative
surge stage mainly occurred in the middle and late stages of the design process when physical
models were employed independently. In contrast, standalone generative AI facilitated early-stage
creativity. This discrepancy might be attributed to the distinct creative stimulation patterns. With
physical prototypes, primary idea generation patterns were <Build-Analyse-Spark> (75.82%) and
<Build-Evaluate-Spark> (16.48%), wherein designersmanipulated tangiblemodels and deconstructed
prototypes to rediscover, recognise, and transform them [31, 77]. The behaviour analysis revealed
that the initial 20 minutes of the design process were mainly used to build the preliminary physical
model, including cutting out the overall shape and connecting the basic components, with limited
analysis and evaluation. However, once established, designers can achieve more effective idea
generation through in-depth interaction with detailed structures and components [77]. Conversely,
utilising generative AI tools led to rapid inspiration through <Generate-Analyse-Spark> and
<Generate-Evaluate-Spark> patterns. Initial content generation provided designers with fresh
perspectives and divergent thinking stimulation rapidly [69]. This might explain the accelerated
idea generation in Group AI. Karimi et al. [40] studied how an AI-supported creative partner can
inspire designers while sketching and reported that the exploratory AI was more helpful in the
earlier stages, which was consistent with our finding. The hybrid prototype method amalgamates
the workflow of physical prototype and generative AI, enabling quick early-stage inspiration via
<Generate-Analyse/Evaluate-Spark>, followed by idea expansion through <Build-Analyse/Evaluate-
Spark> upon developing a physical model. This hybrid idea generation pattern possibly leads to
the prolonged creative surge stage in Group HP.

6.3 Influence of AI on Creativity Support in Co-creation System
6.3.1 The contribution of AI to hybrid prototype method. We investigated the AI contribution
to the hybrid prototype method by interviewing participants and analysing design outcomes.
First, generative AI mainly serves as the role of an inspiration stimulator in the hybrid prototype
method [93]. We categorised designers’ inspiration sources from AI-generated artefacts into two
types: inspiration from concrete details and inspiration from visual reasoning based on abstract
patterns. Figure 18 a○ illustrates how generated artefacts can inspire human designers through
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Fig. 18. Examples selected from participants’ design solutions to show the AI’s contribution.

concrete design details directly. In addition, designers can also get inspiration from abstract and
vague elements through visual reasoning based on their own experience and understanding [74].
In Figure 18 b○, the designer reported that “The first time I observed the results generated by AI, I
found that there was a black circle in front of the drone, and I thought it could be used as a front
camera. Later, I observed this black circle again and felt that it might have other understandings, such
as a circular interface. Finally, I designed a modular interface at the front, which can plug in various
functional modules, such as cameras, speakers, and so on”. Therefore, ambiguous artefacts can be
re-understood and re-interpreted by self-explanation, thereby stimulating creativity [81].
Previous studies clarified different contribution ways during co-creation and delineated the

cooperative contribution as create new, refine, extend, and transform [6, 62]. In our experiment, all
four contribution types can be found in AI-inspired design solutions. Figure 18 exemplifies these
types. Create new: AI augmented a physical prototype by adding a camera at the bottom of the
drone (Figure 18 c○). Refine: AI enriched a simple physical model with additional design information,
enhancing details and aesthetics (Figure 18 d○). Extend: AI introduced new interpretations, altering
the original colour scheme (Figure 18 e○). Transform: AI expanded upon the designer’s idea, for
example by adding wheels to the base of the drone to support its movement (Figure 18 f○).

6.3.2 The influence of AI on the idea development and iteration in hybrid prototype method. We
analysed the idea iteration modes and our results indicated that the utilisation of standalone AI
tools assisted designers in generating a diverse array of new ideas but was adverse to deepening
and iterating on original ideas. Although the generative AI is good at opening an inspiration
space due to generative variability [86], the end-to-end generative mode might provide random
and unpredictable inspiration stimulation, which could break designers’ original thinking and
disturb their rhythm. For example, in Group AI, AI provided irrelevant independent ideas through
multiple generations, such as “Large capacity battery & Lid kit & Screen”. While it might inspire
brainstorming, the combination of AI randomly generated ideas did not constitute a complete
design scheme. However, the hybrid prototype method helped AI to follow designers’ original ideas
due to more accurate intention conveyance. In the hybrid prototype method, the physical model
served as the anchor point and shared base of the original idea for AI’s generation and designer’s
reasoning. Designers were supported to use physical material to externalise ambiguous concepts
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and obtain iterated inspiration through AI refinement, such as “Solar panel & Solar panel with lamp
strip & Foldable solar panel”, which protected designers’ original ideas and promoted idea iteration.
We also explored the AI influence on original ideas with the combination of designers’ own-

ership for the co-creation design scheme. Specifically, we asked designers’ subjective perception
of ownership, as gleaned from interview questions like “Do you think you are the author of this
design outcome”. Participants reported a diminished sense of ownership under the pure support
of AI tools. Some of them pointed out that “because it is difficult to describe my ideas clearly in
pure text, the generated schemes are quite different from my text requirements and lack my original
ideas”. Contrarily, participants in Group HP indicated they had a higher awareness of ownership
because the main ideas in the co-creation outcome originated from themselves. They considered
that they maintained creative dominance during the prototype process, which was consistent with
the results of idea iteration modes that the number of iterated ideas was greater than that of new
ideas with the support of the hybrid prototype method.

6.4 Critical Discussion on Inherent Characteristics and Application Scenarios of Three
Prototype Methods (RQ3)

Although the findings showed that the hybrid prototype method was effective in general, we
discussed the unique strengths and limitations of each method critically and comprehensively
based on our experimental results, in an attempt to further highlight the application scenarios and
best practices of each prototype method.
The hybrid prototype method presents a range of distinct benefits, including providing long-

term creative support, enhancing the prototype expressiveness, and lowering the threshold of
design. Therefore, we consider that the hybrid prototype method can effectively support the
design process led by engineers or technicians due to its low threshold and high expressiveness, in
addition to providing general conceptual design creativity support. As engineers usually have a
deep understanding of structures and techniques but lack expression skills, such as sketching or
modelling, the hybrid prototype method can support their rapid ideation and expression, allowing
them to apply physical models, or even add physical materials to existing mechanical structures
for creation and expression in conceptual design. Similarly, as design is often interdisciplinary
teamwork [84], involving designers, engineers, and even customers [2], the hybrid method might
also enhance team collaboration and interdisciplinary communication during conceptual design.

For the physical prototype method, the CSI questionnaire results indicated its strengths in design
enjoyment and immersion. Besides, participants in Group PP also reported distinct advantages of the
physical prototype method, especially in promoting structural thinking and exposing shortcomings,
which was consistent with the expert evaluation results. Owing to the distinct merits of the
physical prototype method, we contend that it is highly suitable for some conventional industrial
design scenarios characterised by mechanical structures and simple appearances. The structural
feasibility might be enhanced significantly through iterative examination of the physical structure
manually, fostering a higher sense of immersion compared to sketching or digital prototyping.
However, the physical prototype method may not be suitable for appearance-oriented products
with complex surfaces, as participants have expressed concerns regarding its notable drawbacks,
such as time-consuming and manufacturing limitations.
For the standalone AI tool, the behavioural analysis revealed that it effectively and intensively

inspired designers at the beginning of the creative process. Similarly, interview results confirmed
that AI participation significantly accelerated the inspiration acquisition. Consequently, we believe
that standalone AI tools are well-suited for facilitating divergent thinking during the initial concep-
tual design phase, such as brainstorming. Nonetheless, considering the limited AI availability and
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the randomness observed in our study, we do not recommend relying solely on AI for the evolution
and iteration of ideas.

6.5 Reflection and Implication of Hybrid Prototype Method
6.5.1 The optimisation space of hybrid prototype method. In light of our findings, we delineate the
optimisation space of the hybrid prototype method. On the one hand, generative AI in the hybrid
method should command the structural knowledge, enabling the structural design to be successfully
refined based on the physical model. Although the participation of the physical model has been
proven to promote structural thinking in conceptual design, our expert evaluation results showed
that the number of structures that were successfully recognised, understood, and transformed by AI
based on physical models only stood at 22.11% of the total number of structures. The result indicated
that many structures in physical models were misunderstood and ignored after the AI refinement.
This result is expected because our study integrates an image-based model, which is better at
providing visual creative stimulation but lacks structural knowledge. However, the gap could be
addressed with the development of multi-modal vision language models, such as GPT-4V [57],
Gemini 1.5 [56], and Claude 3 [15]. This might enhance AI’s ability in image understanding and
reasoning, as well as the association of image and language. Large multi-modal models have proven
the potential in engineering design reasoning, including spatial reasoning, material inspection,
manufacturability assessment, structural interpretation, and so on [59]. Previous studies also
explored the ability of GPT to assist with converting text into 2D engineering schemes, even into
3D models [51, 55]. In this context, further optimisation involves integrating large multi-modal
models into the hybrid prototype method, thus enabling the AI to better understand and reason in
engineering design, thereby improving the feasibility of the generated physical structure.

On the other hand, AI should provide inspiration stimulation that follows design logic and design
knowledge. Our results indicated that a single general-purpose generative model limited the idea
development and iteration, though its random generation stimulated inspiration. Although the
hybrid prototype method alleviated this problem through more concrete intention communication,
the unpredictable generation may still violate designers’ original ideas and destroy their design
rhythm. For example, AI generated details while the designer was engrossed in shaping the overall
form and proportion, or it modified the overarching style during the designer’s final refinement
stage. Interviews revealed that experienced designers exercised greater control over parameters and
prompts or ignored unreasonable generated outputs in order to avoid the influence of randomness
on ideation. In contrast, novice designers may be swayed by AI’s randomness, leading to more
chaotic and disordered thinking patterns. To alleviate these challenges, integrating AI with design
knowledge and logic is necessary for further optimisation. Therefore, fusing design cognitive
knowledge (e.g., the theory of divergent and convergent thinking [79]) and designmethodology (e.g.,
such as FBS framework [24]) with data-enabled generative models might have the potential to
enable AI to follow design logic instead of unpredictable generation. Moreover, the generative
model can also be fine-tuned based on the designer’s behaviour coding and modelling, allowing the
AI to align with the designer’s procedural approach, thought patterns, and behavioural tendencies.

6.5.2 The implication for actual design practices. Our research delineates the potential of the hybrid
prototype method to foster creativity, as evidenced by empirical data and designers’ feedback. First,
the hybrid prototype method can be used to navigate designers from ambiguity, pointing the way
forward. In the early stage of conceptual design, the original ideas in designers’ minds are often
vague, unclear, and abstract, which are challenging to externalise through language alone [69].
The physical prototype method facilitates rapid externalisation of these fledgling concepts, while
generative AI further refines and substantiates them [54]. It contributes to navigating designers
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from abstract and ambiguous ideas, providing a forward direction through embodied interaction
and generative variability. Second, the hybrid prototype method lets AI take over the refined
expression task, alleviating the physical material limitation. Design expression via traditional
physical prototypes is often seriously limited by the availability and characteristics of materials. The
data-driven enhancements provided by the hybrid prototype method alleviate visual representation
challenges, such as the expression of style, colour, and texture [36, 69]. Consequently, designers
may lessen their concerns with material constraints during the prototyping phase. Third, the hybrid
prototype method provides designer-centred interactive modes, empowering designers to cooperate
with AI in their familiar design language. AI research has delved into the exploration of generative
models under diverse human-AI communication modes, including semantic map [11] and bounding
box [92]. However, end-users are still required to conform to computer-centred rules to interact
with AI, such as designating semantics according to specified colours or editing prompt words in a
structured way. With the support of the hybrid prototype method, designers can use their familiar
design materials and design language to express their design intentions intuitively, without the
translation between design language and computer language.

6.6 Limitations and Future Work
In this section, we discuss the technical limitations that need to be addressed in future research.
First, the implemented system simplified the interactive parameters to reduce the complexity of
AI tools, potentially affecting the AI’s creative support due to diminished controllability. Some
advanced generative models like ControlNet [91] can be applied in the hybrid prototype method for
more precise control. Second, AI primarily serves as a generator and stimulator [93] in this study.
Future research aims to expand the AI’s role to include design evaluation and active participation,
akin to co-designers, thus augmenting its contribution in the hybrid prototype method [21]. Third,
the hybrid prototype method employs a preliminary system capturing physical models via camera,
which faces limitations such as shooting angle and image quality. Future research will investigate
efficient data transmission techniques, including sensor-equipped physical prototype components
for direct three-dimensional data capture.

7 CONCLUSION
In this study, we proposed a hybrid prototype method combining physical models and generative AI
to support creativity in the conceptual design stage. We conducted a comparative experiment with
45 designers who were requested to complete the same design task with the traditional physical
prototype, standalone generative AI tool, and the hybrid prototype method. The results confirmed
the effectiveness of the hybrid prototype method in supporting creativity. Specifically, the hybrid
prototype method was beneficial for enhancing utility and design novelty, boosting structural
exploration and design expressiveness, and accelerating prototype iteration. We discussed AI
participation in the design process and clarified the implication of the hybrid prototype method
for actual design practices. Our work can be used to further understand collaborative design with
human designers and generative AI in the design process.
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A DETAILS OF THE EXPERIMENTAL TASK
During our experiment, a design problem card was provided to participants.

Fig. 19. The design problem card presented the design task for participants.

B THE CSI QUESTIONNAIRE

Table 5. The summary of analysis perspectives and evaluation metrics.

CSI Factor Agreement Statement Description

Collaboration The system allowed other people to work with me easily.
It was really easy to share ideas and designs with other people inside this system.

Enjoyment I would be happy to use this system on a regular basis.
I enjoyed using the system.

Exploration It was easy for me to explore many different ideas, options, designs, or outcomes, using this system.
The system was helpful in allowing me to track different ideas, outcomes, or possibilities.

Expressiveness I was able to be very creative while doing the activity inside this system.
The system allowed me to be very expressive.

Immersion My attention was fully tuned to the activity, and I forgot about the system that I was using.
I became so absorbed in the activity that I forgot about the system that I was using.

Results Worth Effort I was satisfied with what I got out of the system.
What I was able to produce was worth the effort I had to exert to produce it.

Table 6. The Paired-Factor Comparison Test on the CSI.

When doing this task, it’s most important that I’m able to. . .
• Be creative and expressive
• Become immersed in the activity
• Enjoy using the system
• Explore many different ideas, outcomes, or possibilities
• Produce results that are worth the effort I put in
• Work with other people

During the paired-factor comparison section of the CSI, each individual factor is paired with every other factor
for a total of 15 comparisons.
To promote independent consideration of each factor pairing and minimise the likelihood of participants aligning
their answers to paired comparisons, the questionnaire display was designed such that only two factors per page
were visible at a time.
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C THE STRUCTURE AND OUTLINE OF SEMI-STRUCTURED INTERVIEW
Ice Breaker: introduce the design output
Q: Could you introduce your final design?
Q:What do you think are the innovative ideas in your scheme?
Q: How do you like this design scheme?

Key Issue 1: the advantage of the support tool
Q:What advantages do you think this support tool has for prototype design?
Q:What do you think is the difference between this support tool and your traditional prototype
tool?
Further Guide Keywords: creativity, inspiration, design efficiency, design expressiveness,
ideation process, product structure, usability. . .

Key Issue 2: the disadvantage of the support tool
Q: Do you think there are any defects in this support tool?
Q: Did you encounter any challenges in using that tool during the design process?
Further Guide Keywords: creativity, inspiration, design efficiency, design expressiveness,
ideation process, product structure, usability. . .

Key Issue 3: the cooperation with AI (only for Group AI and HP)
Q: How was your cooperation experience with AI during the design process?
Q:When and where do you think AI is helpful for your design process?
Q: Have you encountered any challenges in your cooperation with AI?
Further Guide Keywords: cooperation contribution, communication, shared goal, inter-
action, experience, skill. . .

Key Issue 4: the AI influence on design ideas (only for Group AI and HP)
Q: Do you think AI can affect your creativity?
Q:What do you think is the influence of AI on your design idea?
Q: Do you think you are the author of the final co-creation scheme?
Further Guide Keywords: creativity support, idea change, original idea, design stimuli,
design fixation, inspiration, authorship. . .

D THE DESIGN SOLUTION ANSWER SHEET
In order to clearly present the design solution answer sheet and related instructions, we present a
blank answer sheet template and some representative answer sheets (Figure 20). In the “Solution
Presentation Area”, participants are required to present the design scheme in the form of diagrams
and text notes, which can be photos of physical models, generated pictures, etc. Participants are
required to present only one scheme, which can be multi-angle photos or scheme details of the same
scheme. In the “Solution Description Area” and “Innovative Concepts Description Area”, participants
are requested to describe the design scheme in words as detailed as possible and summarize all
innovative ideas in a structured way respectively.

E THE SOFTWARE PACKAGE
In order to facilitate further development of the hybrid prototype method, we have released the
software package of the proposed hybrid prototype system. We uploaded related information to
GitHub.
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Fig. 20. The design solution answer sheet with instructions
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