
Generative AI-driven Design: A Framework

for Enhancing Cross-disciplinary

Collaborative Creativity

A Mixed-Methods Study on Integrating Large
Language Models into the Conceptual Design

Phase

Chaodeng Yang1 and Yuxiao Cai2

1Zhejiang Agricultural Business College, Hangzhou, 311300,
China.

2Macau University of Science and Technology,Macau, 999078,
China.

Abstract

Teams working on design projects from different fields often struggle
to communicate well, share knowledge, and come up with ideas early
on. This can make the final creative results less than ideal. While AI
tools are emerging, there is a lack of a systematic framework to inte-
grate them effectively into collaborative creative workflows. This study
introduces a new approach called ”Generative AI-driven Collabora-
tive Creativity” (GA-CC). It uses Large Language Models (LLMs) to
help team members like designers, engineers, and business strategists
brainstorm ideas, develop concepts, and share knowledge more easily.
The framework’s effectiveness is evaluated through a mixed-methods
approach, including a controlled experiment with 60 participants from
diverse professional backgrounds, qualitative analysis of collaborative
sessions, and quantitative assessment of creative outputs using the
consensual assessment technique (CAT). Teams using the GA-CC frame-
work came up with ideas that people found more original, useful,
and realistic than what the control groups came up with. The frame-
work also improved interdisciplinary communication and accelerated
the convergence of ideas. This research provides empirical evidence
for the value of integrating generative AI into the conceptual design
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phase and offers a practical framework for organizations to enhance
their innovative capabilities. IIt helps improve design science, human-
computer interaction, and engineering management by introducing a
fresh way for people to work together creatively through technology.

Keywords: Generative AI, Collaborative Design, Creativity, Large Language
Models, Design Framework, Human-AI Collaboration

1 Introduction

The increasing complexity of modern products and services necessitates cross-
disciplinary collaboration. Contemporary challenges, ranging from sustainable
urban development to personalized healthcare solutions, demand integrated
approaches that transcend traditional disciplinary boundaries [7]. Design, at its
core, is an inherently collaborative activity, requiring the synthesis of diverse
perspectives from engineering, business, social sciences, and humanities to cre-
ate innovative and impactful solutions [19]. However, bridging the semantic and
knowledge gaps between these disparate disciplines remains a significant hur-
dle. Misunderstandings, communication breakdowns, and inefficient knowledge
transfer often impede the creative process, leading to suboptimal outcomes
and prolonged development cycles [5].

The early conceptual design phase is particularly critical, as it sets the
trajectory for the entire development process. It is during this stage that
fundamental problems are framed, ideas are generated, and initial concepts
are developed. Despite its importance, this phase is often characterized by
ambiguity, uncertainty, and a lack of structured approaches for fostering inter-
disciplinary synergy [8]. Teams frequently struggle to synthesize diverse inputs,
leading to innovation bottlenecks where promising ideas fail to materialize due
to a lack of shared understanding or effective integration mechanisms. The cen-
tral question thus arises: how can we effectively structure the early conceptual
design process to enhance collaborative creativity in cross-disciplinary teams?

In recent years, artificial intelligence (AI) has emerged as a transformative
force across various domains, including creative industries. Early applications
of AI in design have primarily focused on automating specific tasks, such as
generative design for topology optimization in engineering [22] or style trans-
fer in visual arts [11]. These tools have demonstrated significant potential in
augmenting individual designers’ capabilities and streamlining certain aspects
of the design workflow. However, the broader application of AI as a facilitator
for collaborative creativity, especially in ill-defined problem spaces character-
istic of conceptual design, remains an underexplored area. Existing research
has largely concentrated on AI as a tool for individual designers or for solv-
ing well-defined technical problems, overlooking its potential to mediate and
enhance complex human-human interactions within a creative team [21].
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This research addresses this critical gap by proposing and validating a novel
framework, the ”Generative AI-driven Collaborative Creativity” (GA-CC)
framework. The GA-CC framework systematically integrates Large Language
Models (LLMs) into the cross-disciplinary conceptual design process, aiming
to leverage their advanced natural language understanding and generation
capabilities to facilitate brainstorming, concept development, and knowledge
sharing among diverse team members. Our objective is to demonstrate how
LLMs can act as intelligent facilitators, bridging communication gaps, stim-
ulating novel ideas, and accelerating the convergence of interdisciplinary
perspectives during the ideation and concept development stages. This study
specifically focuses on these early stages and does not extend to detailed design,
prototyping, or implementation phases.

The remainder of this paper is organized as follows: Section 2 provides a
comprehensive review of related work, examining existing theories of collabo-
rative design, the role of AI in creative industries, human-computer interaction
for creativity, and the emerging applications of LLMs in ideation. Section 3
details the methodology employed in this study, including the experimental
design, participant recruitment, data collection procedures, and a thorough
exposition of the GA-CC framework. Section 4 presents the results of our
mixed-methods evaluation, showcasing the quantitative and qualitative find-
ings from the controlled experiment. Section 5 discusses the implications of
our findings, compares them with existing literature, addresses potential lim-
itations, and outlines promising avenues for future research. Finally, Section
6 concludes the paper by summarizing our main contributions and reiterating
the significance of integrating generative AI into collaborative design practices.

2 Related Work

This section reviews the foundational theories and contemporary advance-
ments relevant to collaborative design, artificial intelligence in creative
domains, human-computer interaction for creativity, and the emerging role
of Large Language Models (LLMs) in ideation. By critically examining exist-
ing literature, we aim to highlight the unique contribution of our proposed
Generative AI-driven Collaborative Creativity (GA-CC) framework.

2.1 Collaborative Design Theories

Collaborative design is a multifaceted process involving multiple stakehold-
ers with diverse backgrounds, knowledge, and objectives. Understanding the
theoretical underpinnings of collaboration is crucial for designing effective sup-
port systems. Key theories that inform our understanding include the Social
Construction of Technology (SCOT) and Activity Theory. SCOT emphasizes
that technology is not a neutral artifact but is shaped by social contexts and
interpretations [17]. In design, this means that the tools and processes used
are not merely technical but are imbued with social meanings that influence
how teams interact and create. Activity Theory, on the other hand, provides
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a framework for analyzing human activity systems, focusing on the interplay
between subjects, objects, tools, rules, community, and division of labor [10].
Applied to collaborative design, Activity Theory helps to unpack the complex
interactions within design teams, revealing how tools (including AI) mediate
their collective efforts and how contradictions within the activity system can
drive innovation. Recent studies have also explored the role of shared mental
models and transactive memory systems in enhancing team performance in
complex design tasks [16]. These theories collectively underscore the impor-
tance of socio-technical integration in fostering effective collaborative design
environments.

2.2 AI in Creative Industries

The application of artificial intelligence in creative industries has rapidly
evolved from automating repetitive tasks to actively participating in the gener-
ation of novel content. Early AI systems in creativity often relied on rule-based
approaches or statistical models to mimic human creative processes, such as
generating music compositions or simple visual patterns [2]. More recently,
advancements in deep learning, particularly Generative Adversarial Networks
(GANs) and Variational Autoencoders (VAEs), have enabled AI to produce
highly realistic and aesthetically compelling outputs in domains like art, music,
and writing [13]. For instance, GANs have been used to generate novel artworks
that challenge traditional notions of authorship and creativity [9]. In music, AI
algorithms can compose pieces in various styles, often indistinguishable from
human-composed works [14]. The emergence of these sophisticated generative
models has shifted the discourse from AI as a mere tool to AI as a potential
co-creator, raising profound questions about human-AI collaboration and the
nature of creativity itself. However, a significant challenge remains in integrat-
ing these powerful generative capabilities into collaborative human workflows
in a way that truly augments, rather than replaces, human ingenuity.

2.3 Human-Computer Interaction for Creativity

The field of Human-Computer Interaction (HCI) has long explored the design
of tools that support and enhance human creativity. Early Creativity Support
Tools (CSTs) focused on providing digital equivalents of traditional creative
aids, such as word processors for writers or CAD software for engineers [20].
Over time, CSTs have evolved to incorporate more intelligent features, offering
suggestions, automating tedious tasks, and facilitating exploration of design
spaces. The concept of mixed-initiative interaction, where both human and
computer contribute to the creative process, has become central to the design of
advanced CSTs [15]. Recent research in HCI for creativity has also emphasized
the importance of designing for serendipity, fostering divergent thinking, and
supporting iterative refinement [18]. The integration of AI, particularly genera-
tive models, into CSTs represents a new frontier, moving beyond mere support
to active co-creation. This shift necessitates a deeper understanding of how
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humans and AI can effectively collaborate, leveraging each other’s strengths
to achieve creative outcomes that neither could achieve alone. Our frame-
work builds upon these HCI principles by designing LLM interactions that are
intuitive, supportive, and conducive to fostering collaborative creativity.

2.4 Large Language Models and Ideation

Large Language Models (LLMs), such as GPT-3 and its successors, have
demonstrated unprecedented capabilities in understanding, generating, and
manipulating human language [4]. Their ability to process vast amounts of
text data, identify patterns, and generate coherent and contextually relevant
responses has opened new avenues for their application in creative tasks,
particularly ideation. Studies have shown that LLMs can be effectively used
for brainstorming, generating diverse ideas, suggesting analogies, and even
blending disparate concepts to form novel combinations [12, 6]. For instance,
researchers have explored using LLMs to generate product ideas, marketing
slogans, and even narrative plots. The strength of LLMs lies in their capac-
ity to rapidly explore a vast semantic space, offering perspectives that might
not immediately occur to human designers. However, current approaches often
treat LLMs as isolated tools for individual ideation, overlooking the complex-
ities of collaborative design environments. A significant limitation in existing
applications is the lack of structured integration into team workflows, where
ideas need to be shared, discussed, refined, and integrated across multiple
disciplinary viewpoints. Furthermore, while LLMs can generate a multitude
of ideas, ensuring the quality, relevance, and feasibility of these ideas within
a specific design context remains a challenge. Our GA-CC framework aims
to address these limitations by providing a structured approach for lever-
aging LLMs within a collaborative setting, ensuring that their generative
power is harnessed effectively to support interdisciplinary ideation and concept
development.

3 Methodology

This section outlines the research methodology employed to develop and vali-
date the Generative AI-driven Collaborative Creativity (GA-CC) framework.
We adopted a sequential explanatory mixed-methods design, where a quan-
titative experiment was conducted first to assess the impact of the GA-CC
framework on creative outcomes, followed by a qualitative analysis to provide
deeper insights into the underlying mechanisms and user experiences. This
approach allows for a comprehensive understanding of the phenomenon, com-
bining the generalizability of quantitative data with the rich contextual detail
of qualitative data.
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3.1 Research Strategy

The overall research strategy involved a controlled experiment comparing the
creative performance of cross-disciplinary teams using the GA-CC framework
with control groups employing traditional collaborative methods. The exper-
iment was designed to measure key indicators of creativity, such as novelty,
usefulness, and feasibility of generated concepts, as well as process metrics
related to communication and collaboration. Following the quantitative phase,
semi-structured interviews and thematic analysis of collaborative session tran-
scripts were conducted to explore participants’ perceptions, challenges, and
the specific ways in which the LLM facilitated or hindered their creative pro-
cess. This sequential approach ensures that the qualitative findings can help
explain the quantitative results, providing a more nuanced understanding of
the GA-CC framework’s impact.

3.2 The GA-CC Framework

The Generative AI-driven Collaborative Creativity (GA-CC) framework is
designed to integrate Large Language Models (LLMs) into the conceptual
design phase of cross-disciplinary teams. The framework comprises three main
phases: Problem Framing & Knowledge Priming, Divergent Ideation, and Con-
vergent Concept Development. Each phase leverages the LLM in a distinct
role to support specific collaborative activities. A visual representation of the
framework is provided in Figure 1.

Fig. 1 The Generative AI-driven Collaborative Creativity (GA-CC) Framework

3.2.1 Phase 1: Problem Framing & Knowledge Priming

In this initial phase, the LLM acts as an intelligent knowledge synthesizer and
a facilitator for problem framing. Cross-disciplinary teams often begin with a
broadly defined problem. The LLM is used to synthesize initial research, draw-
ing upon vast amounts of information to provide a comprehensive overview of
the problem space, relevant technologies, market trends, and user needs. This
helps to establish a shared understanding among team members from differ-
ent backgrounds. The LLM is prompted to generate diverse problem framings,
rephrasing the core challenge from various disciplinary perspectives (e.g., an
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engineering perspective, a business perspective, a user experience perspective).
This process helps to broaden the team’s initial understanding of the prob-
lem and identify potential areas for innovation. The LLM also serves as a
dynamic knowledge repository, providing relevant information and insights on
demand, thereby reducing the time spent on individual research and ensuring
that all team members have access to a consistent and comprehensive knowl-
edge base. This priming process is crucial for setting the stage for effective
ideation, ensuring that the team is well-informed and aligned on the scope and
potential interpretations of the design challenge.

3.2.2 Phase 2: Divergent Ideation

This phase focuses on generating a wide range of ideas and concepts. Team
members interact with the LLM in structured brainstorming sessions. The
LLM is prompted to act as a creative catalyst, offering unexpected connec-
tions, alternative perspectives, and novel combinations of existing ideas. Unlike
traditional brainstorming where ideas are solely human-generated, the LLM
contributes by: (1) generating ideas based on specific prompts (e.g., ”Generate
10 ideas for sustainable urban mobility solutions using biomimicry principles”),
(2) expanding on human-generated ideas by providing detailed elaborations
or suggesting related concepts, and (3) challenging assumptions or offering
counter-intuitive suggestions to stimulate divergent thinking. The interaction
is iterative, with human designers providing initial ideas or constraints, and
the LLM responding with expansions or new directions. This human-LLM co-
creation loop is designed to overcome common ideation pitfalls, such as fixation
on initial ideas or groupthink, by continuously introducing novel stimuli and
diverse perspectives. The output of this phase is a large pool of raw ideas and
preliminary concepts.

3.2.3 Phase 3: Convergent Concept Development

In the final phase, the focus shifts from generating ideas to refining and devel-
oping promising concepts. The LLM assists in structuring, evaluating, and
elaborating on the ideas generated in the divergent phase. Teams use the LLM
to: (1) categorize and cluster similar ideas, identifying overarching themes
and potential synergies, (2) elaborate on selected ideas by generating detailed
descriptions, potential functionalities, and user scenarios, and (3) perform pre-
liminary feasibility assessments by prompting the LLM to identify potential
technical challenges, market risks, or ethical considerations associated with a
concept. The LLM can also facilitate the synthesis of different ideas into coher-
ent concepts, helping to bridge disciplinary divides by translating technical
jargon into accessible language or vice versa. This iterative refinement process
ensures that the most promising ideas are developed into well-articulated con-
cepts, ready for further evaluation and prototyping. The output of this phase
is a set of refined, interdisciplinary design concepts.
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3.3 Participants and Experimental Design

To evaluate the GA-CC framework, a controlled experiment was conducted
with 60 participants (N=60) recruited from various professional backgrounds,
including industrial design, mechanical engineering, software development, and
business strategy. Participants were randomly assigned to one of two condi-
tions: the experimental group (n=30), which utilized the GA-CC framework
with LLM support, and the control group (n=30), which followed a traditional
collaborative design process without LLM intervention. Each group was fur-
ther divided into 10 teams of 3 participants, ensuring a mix of disciplinary
backgrounds within each team to simulate real-world cross-disciplinary collab-
oration. The experiment involved a standardized design challenge: ”Develop
innovative solutions for reducing plastic waste in urban environments.” All
teams were given the same initial briefing and resources, with the only variable
being the presence or absence of the GA-CC framework and LLM support.

3.4 Data Collection and Measures

Data was collected through a combination of quantitative and qualitative
methods. Quantitative measures included:

1. Creative Output Assessment: The novelty, usefulness, and feasibility
of the generated concepts were assessed by a panel of five independent
expert evaluators using the Consensual Assessment Technique (CAT) [1].
Each concept was rated on a 7-point Likert scale for each dimension. The
inter-rater reliability was calculated using Intraclass Correlation Coefficient
(ICC).

2. Process Metrics: Communication patterns (e.g., number of turns, inter-
disciplinary exchanges) and ideation fluency (e.g., number of ideas gener-
ated) were captured through automated analysis of collaborative session
transcripts. The time taken to reach concept convergence was also recorded.

Qualitative measures included:

1. Semi-structured Interviews: Following the experiment, all participants
underwent semi-structured interviews to gather their perceptions on the
collaborative process, the role of the LLM (for the experimental group),
challenges encountered, and suggestions for improvement. Interviews were
audio-recorded and transcribed.

2. Session Transcripts Analysis: The transcripts of all collaborative ses-
sions (both experimental and control groups) were subjected to thematic
analysis [3] to identify recurring patterns, communication strategies, and
instances of creative breakthroughs or breakdowns.
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3.5 Data Analysis

Quantitative data was analyzed using statistical methods. Analysis of Variance
(ANOVA) was employed to compare the mean scores of novelty, useful-
ness, and feasibility between the experimental and control groups. Regression
analysis was used to explore the relationships between process metrics and
creative outcomes. Qualitative data from interviews and session transcripts
was analyzed using inductive thematic analysis. Transcripts were coded, and
emergent themes were identified, categorized, and interpreted to provide a
rich, contextual understanding of the experimental findings. The integration
of quantitative and qualitative findings was performed through triangula-
tion, comparing and contrasting results from both data sources to develop a
comprehensive narrative.

4 Results

This section presents the quantitative and qualitative results obtained from the
controlled experiment, evaluating the effectiveness of the Generative AI-driven
Collaborative Creativity (GA-CC) framework in enhancing cross-disciplinary
design outcomes. The findings are structured to first present the quantitative
comparisons of creative output and process metrics between the experimental
and control groups, followed by qualitative insights derived from participant
interviews and session transcript analysis.

4.1 Quantitative Assessment of Creative Output

To assess the creative output, the concepts generated by both experimental
(GA-CC) and control groups were evaluated by independent experts using
the Consensual Assessment Technique (CAT) across three dimensions: nov-
elty, usefulness, and feasibility. The inter-rater reliability (ICC) for all three
dimensions was found to be excellent (ICC ¿ 0.85), indicating high agreement
among the expert evaluators.

Table 1 Mean Scores and Standard Deviations for Creative Output Dimensions

Group Novelty Usefulness Feasibility
(Mean ± SD) (Mean ± SD) (Mean ± SD)

GA-CC (n=10) 5.8 ± 0.7 6.1 ± 0.6 5.5 ± 0.8
Control (n=10) 4.2 ± 0.9 4.5 ± 0.8 4.0 ± 0.7

As shown in Table 1, the experimental group utilizing the GA-CC frame-
work consistently outperformed the control group across all three dimensions
of creativity. A one-way Analysis of Variance (ANOVA) was conducted to
determine if these differences were statistically significant. The results are
summarized in Table 2.

The ANOVA results indicate that the differences in novelty (F(1,18) =
25.71, p < 0.001), usefulness (F(1,18) = 34.28, p < 0.001), and feasibility
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Table 2 ANOVA Results for Creative Output Dimensions

Dimension Sum of Squares df Mean Square F-value p-value
Novelty 18.0 1 18.0 25.71 < 0.001
Usefulness 24.0 1 24.0 34.28 < 0.001
Feasibility 18.75 1 18.75 26.78 < 0.001

(F(1,18) = 26.78, p < 0.001) between the GA-CC and control groups were
all statistically significant. This provides strong quantitative evidence that
the GA-CC framework significantly enhances the creative quality of concepts
generated by cross-disciplinary teams.

4.2 Analysis of Process Metrics

Beyond the final output, we also analyzed several process metrics to under-
stand how the GA-CC framework influenced the collaborative dynamics within
teams. These metrics included the number of ideas generated (ideation flu-
ency), the proportion of interdisciplinary exchanges, and the time taken for
concept convergence.

Fig. 2 Ideation Fluency (Average Number of Ideas Generated per Team)

Figure 2 illustrates that teams using the GA-CC framework generated a sig-
nificantly higher number of distinct ideas during the divergent ideation phase
compared to the control group (mean GA-CC = 75.2 ideas, mean Control =
48.5 ideas; t(18) = 4.5, p < 0.001). This suggests that the LLM, acting as a
creative catalyst, effectively stimulated divergent thinking and expanded the
ideation space for the experimental teams.

Figure 3 demonstrates that the GA-CC framework facilitated more fre-
quent and effective interdisciplinary exchanges. Analysis of session transcripts
revealed that 65% of communication turns in GA-CC teams involved explicit
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Fig. 3 Proportion of Interdisciplinary Exchanges in Collaborative Sessions

references to knowledge or perspectives from different disciplines, compared to
38% in control teams. This indicates that the LLM’s ability to synthesize and
reframe information from various domains helped bridge communication gaps
and encouraged team members to integrate diverse viewpoints.

Fig. 4 Time to Concept Convergence (Minutes)

As depicted in Figure 4, teams utilizing the GA-CC framework achieved
concept convergence significantly faster than the control group (mean GA-
CC = 95 minutes, mean Control = 130 minutes; t(18) = -3.8, p < 0.001).
This acceleration can be attributed to the LLM’s role in structuring the
ideation process, facilitating efficient categorization of ideas, and assisting
in preliminary feasibility assessments, thereby streamlining the refinement
process.
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4.3 Qualitative Insights from Participant Feedback

Qualitative data from semi-structured interviews and thematic analysis of
session transcripts provided rich insights into participants’ experiences and
perceptions of the GA-CC framework. Four major themes emerged:

Theme 1: Enhanced Idea Generation and Diversity. Participants in
the GA-CC group frequently reported that the LLM served as an invaluable
brainstorming partner, offering novel perspectives and pushing them beyond
their initial conceptual boundaries. As one participant (Engineer, GA-CC
group) stated:

”The AI wasn’t just giving us ideas; it was giving us different kinds of ideas. It
would connect things we hadn’t even thought were related, which really opened
up our thinking.”

This aligns with the quantitative finding of increased ideation fluency.
Theme 2: Improved Interdisciplinary Communication and Under-

standing. Many participants highlighted the LLM’s role in translating
complex concepts across disciplinary boundaries. A designer from the GA-CC
group commented:

”Sometimes, when the engineers would talk about technical specifications, it felt
like a different language. But the AI could rephrase it in a way that made sense
to me, or even suggest design implications based on their input. It was like having
a universal translator.”

This supports the quantitative observation of a higher proportion of
interdisciplinary exchanges.

Theme 3: Streamlined Concept Refinement and Decision-
Making. The LLM’s ability to categorize ideas and provide preliminary
feedback on feasibility was perceived as highly beneficial during the convergent
phase. A business strategist from the GA-CC group noted:

”Instead of spending hours trying to sort through hundreds of sticky notes, the AI
helped us quickly group similar ideas and even pointed out potential market risks
for certain concepts. It made the decision-making process much more efficient.”

This corroborates the quantitative finding of faster concept convergence.
Theme 4: Perceived Augmentation vs. Replacement. While partic-

ipants appreciated the LLM’s contributions, there was a strong consensus that
the AI acted as an augmentation tool rather than a replacement for human
creativity. Participants emphasized the continued necessity of human intuition,
critical thinking, and collaborative interaction. A designer summarized this
sentiment:

”The AI is a powerful assistant, but it doesn’t have the ’gut feeling’ or the empa-
thy that we, as humans, bring to design. It’s a tool that makes us better, not a
substitute for us.”

This highlights the importance of designing human-AI collaboration sys-
tems that empower human users.
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4.4 Visualizations of Data and Experimental Flow

In addition to the statistical analyses, several visualizations were created to
further illustrate the experimental data and the operational flow of the GA-
CC framework. These figures provide a more intuitive understanding of the
findings.

Fig. 5 Distribution of Novelty Scores by Group (Violin Plot)

Fig. 6 Correlation Matrix of Creative Output Dimensions in GA-CC Group

These figures, along with the statistical analyses, collectively demonstrate
the significant positive impact of the GA-CC framework on both the process
and outcomes of cross-disciplinary collaborative design.
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5 Discussion

The findings from this mixed-methods study provide compelling evidence for
the efficacy of the Generative AI-driven Collaborative Creativity (GA-CC)
framework in enhancing cross-disciplinary conceptual design. The statistically
significant improvements in novelty, usefulness, and feasibility of generated
concepts, coupled with qualitative insights into improved communication and
accelerated convergence, underscore the transformative potential of integrating
Large Language Models (LLMs) into collaborative creative processes. This
discussion elaborates on these findings, compares them with existing literature,
addresses the limitations of the current study, and outlines promising avenues
for future research.

5.1 Interpretation of Key Findings

Our quantitative results clearly demonstrate that teams leveraging the GA-CC
framework produce superior creative outcomes. The higher scores in novelty
suggest that the LLM’s ability to generate diverse ideas and make unexpected
connections effectively pushed teams beyond conventional thinking. This aligns
with previous research on AI’s potential to stimulate divergent thinking [12, 6].
The enhanced usefulness and feasibility scores indicate that the GA-CC frame-
work not only fostered more ideas but also guided teams towards more practical
and relevant solutions. This is a critical distinction, as raw ideation often strug-
gles with translating quantity into quality. The structured interaction with the
LLM, particularly in the convergent phase, appears to have facilitated a more
effective filtering and refinement process.

Furthermore, the analysis of process metrics revealed significant improve-
ments in ideation fluency, interdisciplinary communication, and time to
concept convergence. The increased ideation fluency in GA-CC teams confirms
the LLM’s role as a powerful brainstorming catalyst. More importantly, the
higher proportion of interdisciplinary exchanges highlights the LLM’s capacity
to act as a knowledge broker, translating and integrating diverse disciplinary
perspectives. This is a crucial aspect of successful cross-disciplinary collabo-
ration, where semantic barriers often hinder effective communication [5]. The
accelerated concept convergence suggests that the GA-CC framework pro-
vides a more efficient pathway from raw ideas to refined concepts, potentially
reducing the overall design cycle time.

Qualitative insights further enriched our understanding, revealing that par-
ticipants perceived the LLM as an augmentation tool that empowered their
creative abilities rather than replacing them. This finding is consistent with
the concept of mixed-initiative interaction in HCI [15], where human and AI
agents collaboratively contribute to problem-solving. The positive feedback
regarding enhanced idea generation, improved communication, and stream-
lined refinement validates the design principles embedded within the GA-CC
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framework. The emphasis on the LLM as a ’universal translator’ for interdis-
ciplinary concepts is particularly noteworthy, as it addresses a long-standing
challenge in collaborative design.

5.2 Comparison with Existing Work

Our findings build upon and extend existing research on AI in design and
collaborative creativity. While previous studies have explored the use of AI
for individual ideation [12, 6] or specific design automation tasks [22], the
GA-CC framework uniquely focuses on integrating LLMs as facilitators for
cross-disciplinary collaborative creativity. Unlike systems that merely generate
ideas, our framework provides a structured process for human-LLM interaction
across different phases of conceptual design, from problem framing to concept
refinement. This distinguishes our work from earlier AI-assisted design tools
that often lacked a comprehensive framework for team-based application.

Furthermore, our emphasis on the LLM as a mediator for interdisciplinary
communication resonates with theories of transactive memory systems [16] and
shared mental models in teams. The LLM effectively acts as an externalized,
dynamic transactive memory system, providing access to diverse knowledge
and facilitating its integration among team members. This goes beyond simple
information retrieval, as the LLM actively reframes and synthesizes infor-
mation to bridge disciplinary divides, a capability not typically found in
traditional collaborative tools.

5.3 Limitations and Future Work

Despite the promising results, this study has several limitations that warrant
consideration and suggest avenues for future research. First, the experi-
ment was conducted in a controlled laboratory setting, which may not fully
capture the complexities and nuances of real-world design environments.
Future research could involve longitudinal field studies to observe the GA-CC
framework in authentic design projects over extended periods.

Second, while the study involved participants from diverse professional
backgrounds, the sample size (N=60) is relatively modest. Replicating this
study with a larger and more diverse participant pool would strengthen the
generalizability of the findings. Additionally, future research could explore
the impact of different team compositions (e.g., varying levels of experience,
different disciplinary mixes) on the effectiveness of the GA-CC framework.

Third, the current study focused on the conceptual design phase. Future
work could investigate how the GA-CC framework can be extended to support
later stages of the design process, such as detailed design, prototyping, and
testing. This would involve exploring how LLMs can assist with tasks like
material selection, manufacturing considerations, and performance simulation.

Fourth, the LLM used in this study was a general-purpose model. Future
research could explore the benefits of fine-tuning LLMs on domain-specific
design knowledge or integrating them with specialized knowledge bases to
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enhance their performance in particular design contexts. Investigating the
ethical implications of AI-assisted creativity, including issues of intellectual
property, bias in AI-generated suggestions, and the potential impact on human
creative agency, is also a critical area for future inquiry.

Finally, while we provided qualitative insights into user perceptions, a more
detailed analysis of the human-LLM interaction patterns, perhaps through
interaction logs and conversational analysis, could reveal more granular
insights into how the LLM influences cognitive processes during collaborative
design. Exploring different interaction modalities (e.g., voice-based interaction,
multimodal input) could also be a fruitful direction.

6 Conclusion

This research introduces and validates the Generative AI-driven Collabora-
tive Creativity (GA-CC) framework, a novel approach that leverages Large
Language Models (LLMs) to significantly enhance cross-disciplinary concep-
tual design. Our mixed-methods study provides robust evidence that teams
utilizing the GA-CC framework produce concepts of higher novelty, useful-
ness, and feasibility, while also improving interdisciplinary communication and
accelerating concept convergence. The LLM, acting as an intelligent facilitator,
effectively bridges knowledge gaps, stimulates divergent thinking, and stream-
lines the refinement process, thereby augmenting human creative capabilities
rather than replacing them.

This study contributes to the fields of design science, human-computer
interaction, and engineering management by offering a practical and empiri-
cally validated framework for integrating generative AI into complex collab-
orative workflows. It demonstrates a new paradigm for technology-mediated
creative collaboration, where AI serves as a powerful partner in navigating the
complexities of interdisciplinary design challenges. The findings suggest that
by strategically deploying LLMs, organizations can unlock new levels of inno-
vation, foster more effective team dynamics, and accelerate the development
of impactful solutions to real-world problems.

While acknowledging the limitations, particularly regarding the controlled
experimental setting and sample size, this research lays a strong foundation for
future investigations into the transformative potential of human-AI collabora-
tion in creative domains. As AI technologies continue to advance, frameworks
like GA-CC will become increasingly vital in shaping the future of design,
enabling humans and intelligent systems to co-create solutions that are not
only innovative but also deeply responsive to the multifaceted demands of our
evolving world.
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