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Large language model tools as catalysts for collective cognition in collaborative 

new-product development: a quasi-experimental study 

 

ABSTRACT 

Modern organisations frequently face complex cognitive challenges in Collaborative New-Product 

Development (Co-NPD), particularly when integrating dispersed knowledge and coordinating work across 

different development phases. To investigate how Large Language Models (LLMs) influence collective 

cognition and collaborative processes, this study introduces the 2I2A model, which defines four 

collaboration spaces and eight associated communication dimensions. A mixed-methods design was 

adopted, combining quantitative analysis of collaborative behaviours with semi-structured interviews 

analysed using grounded theory. The findings indicate that LLMs mainly support the early stages of Co-

NPD by expanding collective cognitive boundaries, improving knowledge integration and facilitating idea 

generation. However, their contribution to deeper analytical reasoning, negotiation and solution integration 

is more limited. The grounded theory analysis additionally highlights potential drawbacks, including 

reduced collaborative naturalness and a tendency toward over-reliance on LLM-generated suggestions. 

Overall, the study suggests that the 2I2A model offers a useful framework for examining how collective 

cognition develops in Co-NPD and clarifies both the potential and the boundaries of LLM assistance in 

collaborative innovation. 
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1 Introduction  

Collaborative new product development (Co-NPD) is a systematic innovation approach that encourages the 

formation of a shared cognitive framework within and across organizational teams (Beverland et al., 2016) . 

By establishing this common foundation, Co-NPD improves collaboration efficiency and enhances overall 
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creativity (Marzi & Balzano, 2025)(Christiansen & Varnes, 2009). Co-NPD emphasises the transformation 

of individual cognition into collective cognition among team collaborators (Lobo et al., 2025). This 

transformation expands cognitive boundaries and strengthens teams’ shared understanding of development 

goals and design requirements (Kozar, 2010). Through this cognitive convergence, collaborators can 

integrate diverse knowledge resources and generate more novel ideas and solutions (Järvelä et al., 2016). 

In practice, collective cognition functions as a dynamic system that supports knowledge sharing and idea 

dispersion. This system facilitates team decision-making and improves the quality of collaborative 

outcomes (London & Singh, 2013; Razmerita et al., 2014).  

Recent developments in Artificial Intelligence (AI) and the rapid popularity of Large Language Models 

(LLMs) tools have brought vast potential for Co-NPD. Given their strong natural language processing and 

reasoning capabilities, LLMs can assist teams in recognising, defining and addressing complex innovation 

problems (Ge et al., 2025; Zamfirescu-Pereira et al., 2025). Empirical research on LLM-assisted team tasks 

suggests that these tools can enhance idea generation, coordination, and information structuring in complex 

collaborative design scenarios (Qiu & Jin, 2025; Suh et al., 2024; Feng et al., 2025). Current studies have 

preliminarily explored the benefits of utilising LLMs at the individual level in education, technology and 

business domains (Omidvar Tehrani et al., 2024; Nejjar et al., 2023; Murtaza et al., 2024). However, despite 

these insights, there remains a need for systematic and fine-grained examination of how LLMs influence 

collective cognitive flow in complex Co-NPD scenarios. In particular, the practical effects and applicability 

of LLMs in dynamically adapting to and analysing complex innovation tasks are not yet well understood 

(Woolley, 2025). 

This study investigates the potential of LLMs in Co-NPD, focusing on how these tools support the 

construction of collective cognition and influence collaboration quality and efficiency. Through empirical 

analysis, we aim to uncover the mechanisms by which LLMs shape cognitive and collaborative processes 

in complex innovation settings. This study addresses the following research questions: 

RQ1: How do LLMs influence the construction of team collective cognition during Co-NPD? 

RQ2: How do LLMs alter team members’ collaboration patterns during Co-NPD? 

RQ3: What are the practical values and limitations of LLMs during Co-NPD? 
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To answer the above research questions, the main contributions of this paper are as follows: 

1. It proposes and validates the 2I2A model for analysing cognitive processes in Co-NPD, offering a 

structured perspective for examining collective cognition. 

2. It advances understanding of the role of LLMs in collaborative processes and collective cognitive flow. 

3. It identifies the practical value and boundaries of LLMs in Co-NPD, particularly their dual role in 

supporting innovation and enhancing collaboration efficiency. 

The remainder of this paper is organised as follows. Section 2 reviews the theoretical background, including 

collective cognition in collaborative contexts (2.1), Co-NPD and the cognitive interaction model (2.2), the 

evolution of intelligent technologies for collaborative work (2.3), and the role of LLMs in collaborative 

innovation (2.4). Section 3 outlines the research methodology, including participant recruitment (3.1), 

experimental design and tasks (3.2), and the quantitative and qualitative analytical procedures (3.4 and 3.5). 

Section 4 presents the results, including both statistical analyses and grounded-theory findings. Section 5 

discusses the implications of the findings, relating them to existing research and identifying practical 

applications and limitations. Finally, Section 6 concludes the study, summarising the key contributions and 

outlining directions for future research. 

2 Literature review 

2.1 Collective cognition in collaborative contexts 

Team collaboration is an essential driving force for enterprise innovation (Cohn et al., 2024). Collaboration 

involves multiple individuals continuously defining problems, constructing ideas and providing feedback. 

This iterative process reflects ongoing interaction between collaborators’ individual cognitions and the 

team’s collective cognitive system (Kozar, 2010). As an important indicator of effective collaboration 

(Järvelä et al., 2016), collective cognition is commonly described as a dynamic system that supports the 

construction, coordination and transformation of shared understanding (Oygür, 2018). Collective cognition 

has two core characteristics: First, it emerges through bottom-up interactions among individuals’ cognitive 

contributions (DeChurch & Mesmer-Magnus, 2010). Second, it is situated within shared interpretive frames 

developed through interaction, rather than within any single collaborator’s mind (Danish et al., 2020; 
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Gibson, 2001; Järvelä et al., 2016). From this perspective, collaboration becomes a constructivist and 

reflective group practice (Yang et al., 2024). Shteynberg (2023) suggests that shared cognitive 

representations can amplify collective attention, strengthen relational ties and increase collaborative 

engagement. 

The current academic research on collective cognition mainly covers the following aspects: First, Shared 

Intention and Cognitive Evolution. Asarnow’s research (2020) reveals that shared behaviour does not 

require shared intentions, and the taste for sociality and cognitive-conative theory of mind can facilitate 

shared agency. Heintz & Scott-Phillips’s research (2023) show that diverse human expressive behaviours 

arise from interrelated cognitive abilities. Their work further suggests that different expressive acts function 

as sub-functions of a unified capacity for ostensive communication. Second, Collective Beliefs and Socially 

Evaluative. Vlasceanu et al (2024) argue that beliefs can be understood as a multidimensional system of 

mental representations that spans three cognitive structures at both individual and collective levels. They 

further emphasise that such beliefs tend to be highly resilient to interventions. Woo’s research (2023) shows 

that the human capacity for mentalizing is enhanced in social evaluation contexts, especially when there is 

a need to assess the behaviour of others as potential social partners. Third, Cognitive Adaptation and 

Interaction Dynamics. Iskra et al (2024) observes that sports decision-making research has relied heavily 

on static and simulated options but lacks cognitive-action interaction dynamics. Galesic’s research (2023) 

highlights that collective adaptation transcends the notion of collective intelligence. Several key aspects of 

real-world collective behaviour include path dependence, collective transience, and aimless exploration of 

alternative worlds. 

Additionally, Complexity and Cognitive Overload. Chen et al. (2023) identify that task complexity can be 

measured by element interactivity, which integrates information structure and knowledge in learners’ long-

term memory. Patel & Alismail’s research (2024) points out that emotional and motivational factors have a 

significant influence on cognitive load. Their study also shows that regulating negative emotions can 

improve learning outcomes. Lastly, Cognitive Analysis of Technological Interventions. Wang et al. (2023) 

emphasize that mobile technology in primary and secondary education positively impacts students’ 

cognitive, affective, and behavioural learning outcomes. Hao’s research (2024) shows that generative 
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artificial intelligence can reduce cognitive burden in complex situations. However, the study also notes 

several challenges, including technology dependence, inherent biases and limited situational creativity. 

However, most existing studies focus on traditional forms of team collaboration and mainly examine how 

cognitive mechanisms vary across specific contexts (Cooke et al., 2024; Carraro et al., 2025). They offer 

limited insight into the cognitive interactions that unfold in complex, dynamic and multi-stage collaborative 

scenarios. In addition, although new AI technologies and LLM tools such as ChatGPT are now widely used, 

their influence on team collective cognition has received relatively little attention (Li et al., 2024; Gao et 

al., 2024). In particular, little is known about how LLMs support knowledge integration or help teams adapt 

to complex innovation tasks (Woolley, 2025). 

2.2 Co-NPD and cognitive interaction model 

Co-NPD is a structured innovation model grounded in cognitive interaction and driven by team-based 

knowledge integration (Beverland et al., 2016; Christiansen & Varnes, 2009; Zahra et al., 2007). It 

emphasises the complex, iterative work that occurs from concept generation to final product realisation. 

This process depends on continuous interaction and cognitive integration among team members. In contrast 

to traditional linear product development, Co-NPD highlights dynamic knowledge sharing, timely feedback 

and the joint use of collective expertise within and across teams (Beverland et al., 2016). Corallo et al. 

(2012) point out that this collaborative model is particularly suitable for innovation under conditions of 

high uncertainty and complexity. It enables teams to overcome limitations in individual knowledge, 

experience and thinking by facilitating effective cognitive interaction. These mechanisms help reduce 

cognitive inertia and design fixation by expanding the organisation’s knowledge base (X. Jin et al., 2024). 

A broader knowledge base, in turn, supports the development of more feasible and innovative solutions 

(Nagaraj et al., 2020). 

Cognitive interaction is a key capability that shapes innovation in Co-NPD (Dell’Era et al., 2020). Its core 

involves transforming independently held knowledge into shared understanding through knowledge fusion 

and collaborative communication (Razmerita et al., 2014). This process expands cognitive boundaries and 

helps team members form a more comprehensive understanding of development goals and innovation 

requirements. Kyriakopoulos & De Ruyter’s research (2004) shows that success in Co-NPD depends on 
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establishing a shared cognitive framework within the team. Such a framework not only improves 

collaboration efficiency but also supports greater creativity. 

However, cognitive design processes are often difficult to observe or formalise. They are frequently 

intuitive, serendipitous and partly subconscious (J. H. Lee et al., 2020). To study these processes in greater 

depth, researchers have proposed several cognitive models. The Design Team Cognition (DTC) model 

conceptualises collaborative knowledge as a type of transactive memory and emphasises cognitive, 

collaborative and creative processes (J. H. Lee et al., 2020). It comprises two knowledge bases: emergence 

and sharedness, which relate to communication and performance; and distributed knowledge, which relates 

to creativity and cognition. 

Badke-Schaub et al. (2007) developed another model that identifies five key elements involved in individual 

cognitive transitions: task, process, team, competence and environment. Their model also highlights three 

factors that influence the quality of mental models: sharedness, accuracy and importance. Building on 

Sternberg’s research (1998), Stempfle & Badke-Schaub (2002) proposed a cognitive operation model that 

defines four fundamental operations involved in problem-solving: generation, exploration, comparison and 

selection. These operations form part of the cognitive interaction process, offering a clear framework for 

expanding and narrowing problem spaces. Ostergaard & Summers (2008) developed an analytical 

framework for collaborative design that identifies six key factors: team composition, communication, 

distribution, design approach, information and problem type. 

Gibson (2001) provided an early analysis of how knowledge accumulates within teams and developed a 

widely cited model of collective cognition. The model outlines four interchanging stages of collaboration: 

accumulation, interaction, examination and accommodation. It also identifies feedback, consensus and 

conflict and other collaborative processes as key processes that shape cognitive flow within groups. These 

studies provide an important theoretical foundation for team cognitive interaction in Co-NPD. 

Gibson’s (2001) framework provides a foundational understanding of the collective cognition cycle through 

four interchanging "stages". However, it faces challenges when applied to highly complex and dynamic 

tasks such as Co-NPD. For example, the “Accumulation” stage offers a broad description of knowledge 

gathering. However, it provides less guidance on proactive, goal-oriented identification of problems and 
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information, which is important for innovation. The “Examination” stage brings together general discussion 

and more structured analytical work. This overlap may make it harder to distinguish systematic, evidence-

based reasoning, particularly in contexts where AI-assisted analysis is involved. 

To address these gaps, we introduce the 2I2A framework. It refines Gibson’s stages into four concurrent 

cognitive spaces: Identification, Interaction, Analysis and Accommodation. This structure enables more 

fine-grained observation by linking team behaviours to eight collaborative dimensions: Information 

Perception, Information Selection and Accumulation, Structuring of Questions and Ideas, Cognitive 

Exchange, Evaluation, Negotiation and Interpretation, Solution Accommodation, and Creative Output. 

These dimensions allow us to examine how LLMs contribute to different aspects of cognitive and 

collaborative activity without overstating their role. 

2.3 Evolution of intelligent technologies for collaborative work 

Intelligent technologies that support collaborative work have evolved along several technological pathways. 

Some systems focus on structured Knowledge Management (Riyadh et al., 2021; Cha et al., 2015). Others 

enhance analytical capacity through data-driven methods (Sarker, 2021; Alaskar et al., 2024). More recent 

approaches incorporate interaction designs that enable richer and more flexible human-machine 

communication (Z. Zhang et al., 2025; Xu et al., 2025). Examining these developments provides the broader 

context for understanding why large language models have become increasingly relevant to collaborative 

intelligence. 

Early intelligent systems, including Knowledge Management Systems (KMS) (Alavi & Leidner, 2001), 

expert systems (Shu-Hsien Liao, 2005), and Computer-supported Cooperative Work (CSCW) systems 

(Pratt et al., 2004), relied primarily on structured knowledge bases and predefined rules. These tools 

supported tasks such as solution evaluation and risk assessment through rule-based outputs and formalised 

knowledge structures (Cowan, 2001; Fan et al., 2008; Edwards et al., 2005). While KMS and expert systems 

facilitated knowledge reuse and reduced cognitive load associated with information retrieval, their capacity 

was limited. They struggled to process unstructured language or tacit knowledge generated during 

collaboration (Tseng, 2008). CSCW systems were more effective at improving communication and 

information sharing, but contributed less to deeper forms of cognitive alignment (Gross, 2013). As a result, 
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the influence of these early systems on collaborative thinking remained constrained by their dependence on 

structured information. 

With the expansion of data resources and the advancement of computational methods, organisations 

increasingly adopted data-driven tools to enhance analytical capability. Business Intelligence (BI) systems 

support historical reporting, trend identification, and performance evaluation across sectors (Cody et al., 

2002). They have been widely applied in sectors such as healthcare and education to support trend analysis, 

performance evaluation, and data-driven decision-making (Alkhwaldi, 2024; Alkhwaldi et al., 2025). This 

analytical foundation plays a role in organisational learning and strategic consensus-building. 

Complementing BI, more sophisticated algorithmic methods, such as Machine Learning (ML) (Jordan & 

Mitchell, 2015) and predictive analytics (Shmueli & Koppius, 2011) further enhance strategic foresight. 

ML identifies complex patterns and provides predictive indicators for decision-making (Trovato et al., 

2025), while predictive analytics forecasts future trends and supports scenario-based planning (Ugbebor et 

al., 2024). These algorithmic tools effectively expand the analytical space available to teams. However, 

these tools are primarily oriented toward quantitative interpretation and insight delivery, focusing on what 

the data indicates (Herm et al., 2023). Consequently, they offer limited direct support for real-time 

knowledge construction, negotiation, or co-creation within teams (Nahar et al., 2022). Their analytical logic 

operates on a different dimension from the generative and linguistic capabilities introduced by LLMs. 

To better understand the cognitive mechanisms underlying these technological interventions, research in 

human-computer interaction (HCI) offers a theoretical bridge between earlier structured systems and 

contemporary AI (Carroll, 1997; Liu, 2024; Ho & Vuong, 2025). This body of work examines how users 

interact with technological systems and how interface design shapes cognitive processes (Hurtienne, 2009; 

Chalmers, 2003; Zhang & Soergel, 2014). Studies show that interface transparency, levels of automation 

and feedback design affect attention allocation, verification behaviours and reliance on system outputs 

(Parasuraman et al., 2000; J. D. Lee & See, 2004; Parasuraman & Manzey, 2010; Hoff & Bashir, 2015). 

Higher levels of automation can increase susceptibility to automation bias (Onnasch et al., 2014). In 

addition, the format of information presentation influences both cognitive load and judgment strategies 

(Wickens, 2002; Scharowski et al., 2023). Research on distributed cognition highlights the role of digital 
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representations in enabling teams to externalise and coordinate cognitive processes (Fiore & Wiltshire, 2016; 

J. H. Lee & Ostwald, 2025). Studies on trust calibration further show that users often misjudge system 

reliability, resulting in either overreliance on or unnecessary rejection of automated recommendations (J. 

D. Lee & See, 2004; Lebiere et al., 2021; Carragher et al., 2024). Collectively, these insights establish a 

comprehensive foundation for understanding how artificial intelligence influences team reasoning 

processes. They help explain the evolving dynamics of the human-tool relationship when natural language 

interfaces are introduced (Andrews et al., 2023). 

These technologies provide valuable foundations in knowledge management, data analytics, and cognitive 

support. However, they still rely heavily on structured information and relatively fixed interaction patterns 

(Salma et al., 2025; Zhou et al., 2024). This reliance limits their ability to address the open-ended and 

semantically rich exchanges required in Co-NPD. Advances in natural language processing have gradually 

introduced tools that can engage with unstructured language, generate diverse responses, and support more 

flexible forms of reasoning during collaborative work (Hirschberg & Manning, 2015; Huang et al., 2025). 

These developments complement earlier systems and illustrate the ongoing evolution of technological 

support for collaborative work. In this context, LLMs have attracted increasing attention as a promising 

tool for supporting open-ended, language-rich collaboration in Co-NPD. 

2.4 Large language models in collaborative innovation 

Researchers and practitioners see IT infrastructures as important tools for the successful NPD. These 

infrastructures are essential in facilitating knowledge integration and optimising the innovation process (Y. 

Chen et al., 2015). As such, they are considered an important source of competitiveness in new product 

development (Qin et al., 2021). Recently, the Co-NPD innovation approach has been extended to the field 

of human-computer collaboration. This extension has been facilitated by the development of deep learning 

and natural language processing technologies, alongside the widespread use of LLM applications. With its 

excellent natural language understanding and reasoning capabilities, the LLM tools help teams efficiently 

identify, define and solve complex problems in the new product development process. Research has shown 

that LLMs are helpful in information acquisition (Vu et al., 2024), copywriting (Wohllebe & Lagodka, 

2024), software development (Omidvar Tehrani et al., 2024), data analysis (Nejjar et al., 2023), education 
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and training (Murtaza et al., 2024), and customer service (Kolasani, 2023).  

In human-computer collaborative environments, LLMs are believed to have the potential to enhance human 

cognitive abilities (Demetriadis & Dimitriadis, 2023). Kernan Freire et al. (2024) found that LLMs can help 

knowledge creation and sharing in the factory production process; Wei et al. (2024) explored that 

collaboration with LLMs enhanced learners’ willingness to learn with emotional satisfaction, as well as 

their tendency to collaborate and their academic performance; Liu et al. (2024) found that when serving as 

facilitators of teamwork, LLMs are more helpful in fostering creative thinking in children; Memmert & 

Tavanapour (2023) found that LLMs can provide significant stimulation of cognitive stimulation, 

facilitating the generation and iteration of more novel ideas in collaboration; Gonzalez (2024) found that 

the role of LLMs can be extended to facilitate team brainstorming, rather than being limited to generating 

ideas. Studies also found that Chat GPT was able to improve mutual trust in collaboration when 

participating in human-computer collaboration (Ye et al., 2023). These findings suggest that LLMs 

stimulate cognitive processes and optimise information transfer and knowledge integration, creating more 

potential value for collaborative innovation. 

Although existing studies have revealed many potential applications of LLMs, most still focus on human-

computer collaboration and cognitive assessment at the individual level (Xu et al., 2025; Kang et al., 2025). 

Research on how LLMs influence team-level processes in complex innovation tasks remains limited 

(Burton et al., 2024). In particular, little is known about whether LLMs can support collective cognition, 

optimise team collaboration patterns, and enhance the efficiency and creativity of collaborative innovation 

(Marzi & Balzano, 2025). This paper takes Co-NPD as the research background and investigates the role 

of LLMs in team collaboration and innovation to fill these research gaps. By analysing their functions and 

challenges in cognitive interactions, this paper aims to reveal how LLMs empower collaborative innovation 

teams. It also seeks to provide theoretical references and practical guidance for future research in related 

fields. 

 

3 Methods 
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This study employed a sequential mixed-methods design, following Creswell & Clark’s (2017) suggestion. 

The process began with qualitative discourse analysis to encode collaborative data, followed by quantitative 

methods to examine inter-group differences. Finally, qualitative grounded theory was applied to explore 

collaborators’ perceptions. 

By integrating both quantitative measures of team collaboration and semi-structured interviews, this study 

ensured a comprehensive understanding of the Co-NPD process. The quantitative analysis provided an 

objective assessment of collaborative behaviours and cognitive patterns across different stages, while the 

qualitative interviews offered rich insights into participants’ subjective experiences. This combined 

approach captured both observable outcomes and underlying cognitive processes, providing deeper insights 

than single-method designs could offer. 

3.1 Participants 

We posted experimental recruitment on several university forums. Eventually, we recruited 44 (17 males, 

27 females) senior undergraduate and junior master’s students from design and engineering disciplines, 

with an average age of 21.1 years (SD = 0.71). A summary of the detailed demographic characteristics and 

educational level of the participants is provided in Table 1. All participants had prior experience using LLM 

tools, having interacted with them at least once a week over the three months preceding the experiment. 

This ensured that participants were familiar with typical LLM interfaces and functionalities. Additionally, 

participants had more than three years of study in design or three years of experience in product 

development.  

Doctoral students and professional designers were intentionally excluded. This decision was based on the 

significant experience gap between them and the participants (undergraduate and junior master’s students). 

This difference in prior knowledge and expertise could have confounded the assessment of LLM support 

in collaborative cognition. All participants performed the tasks under the same time constraints, ensuring 

comparable levels of time pressure across teams.  

Table 1. Participant Demographics 

Characteristic Category / Value N Percentage (%) 
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Total Sample Size N = 44 44 100% 

Gender Male 17 38.64% 

Female 27 61.36% 

Age Mean Age (SD) 21.1 (0.71) N/A 

Educational Level Undergraduate Students 39 88.64% 

Junior Master’s Students 5 11.36% 

Field of Study Industrial Design 25 56.82% 

Visual Design 17 38.64% 

Environment Design 2 4.55% 

This study involved human participants, and all procedures adhered to institutional ethical standards. Before 

the experiment, all participants signed a written informed consent form and were fully informed of the 

study’s purpose, procedures, potential risks, and their right to withdraw from the study at any time without 

penalty. No personally identifiable or sensitive information was collected during the experiment or 

interviews. 

3.2 Quasi-experimental design and design task 

The 44 participants were divided into 22 collaborative teams of two people per team and further assigned 

to two experimental conditions (LLM-assisted or non-LLM), with 11 teams per group. All teams were 

provided with paper, pencils, and erasers, and each collaboration session was strictly limited to 90 minutes. 

Participants collaborated to design an innovative product for children. They were required to verbalise their 

reasoning using the think-aloud method (Eccles & Arsal, 2017). This procedure enabled the collection of 

naturalistic collaborative communication for subsequent protocol analysis (Charters, 2003). All verbal 

communication was audio-recorded. 

The two groups differed only in whether LLM assistance was available during collaboration. Participants 

in the LLM-assisted condition were instructed to use ChatGPT-4.0 or Kimi (running on a MacBook Pro 

laptop) during collaboration and were prohibited from accessing other websites or search engines. To ensure 

transparency and consistency of the intervention, participants were permitted to interact freely with the 

LLM throughout the task. They could use it for information search, idea expansion, problem clarification, 

or solution refinement as needed. All prompts were generated by the team members themselves without 

researcher intervention, and multi-turn dialogue was allowed to replicate naturalistic use. LLMs served 
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solely as text-based assistants, with no external web browsing allowed. Teams were also instructed to refrain 

from seeking information unrelated to the design task. By contrast, teams in the non-LLM condition were 

not allowed to use any digital devices during collaboration. 

Although participants worked in pairs, all quantitative analyses were performed at the team level rather 

than the individual level. Each team contributed one aggregated value per variable, and no individual-level 

measurements were used in any inferential test. Accordingly, the statistical assumptions regarding 

independence were satisfied at the team level, and the analytical approach aligns with standard practices in 

team-based cognitive and collaboration research. 

3.3 Protocol analysis and 2I2A model 

Under experimental settings, researchers see verbal communication as “construct mental spaces, the 

relationships between them, and the relationships between the elements within them” (Fauconnier, 1994). 

To explore the construction and interaction process of collective cognition, this paper uses Protocol Analysis 

to code and analyse data from participants’ verbal communication during the experiment. Protocol Analysis 

is a widely used methodology in applied psychology, cognitive science, and behavioural analysis. It collects 

verbal exchanges from participants to reveal the process of cognitive construction (Ericsson, 2017). 

Data coding builds on the collective cognition model proposed by Gibson (2001), which specifies four 

iterative collaborative spaces and eight dynamic transition processes in collaboration. Unlike Gibson’s 

sequential “stages”, the 2I2A model defines four concurrent “Spaces”. This approach allows for 

simultaneous tracking of collaborative cognition and supports the operationalization of AI-assisted 

interactions in Co-NPD. Initially, we faced challenges when applying Gibson’s framework due to its 

complexity and the overlapping nature of some definitions. To address these limitations, the prototype was 

refined and developed into the 2I2A (Identification, Interaction, Analysis, Accommodation) model, as 

shown in Figure 1. 
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Figure 1. The 2I2A Model of Collective Cognition 

The 2I2A model conceptualizes collaborative communication within the notion of different spaces, 

highlighting the cognitive interactions among collaborators within the team (Razmerita et al., 2014). It 

specifies four collaborative Spaces (Identification, Interaction, Analysis, and Accommodation) as first-level 

dimensions. These are further subdivided into eight types of collaborative communication (cf. Table 2). In 

this study, the 2I2A model served as the foundation for coding and quantifying collaborative interactions. 

Each observed exchange was mapped to one of the four Spaces and categorized into one of the eight sub-

dimensions. This operationalization ensured consistency in coding collaborative behaviours across the four 

Spaces and eight communication types. In this way, the 2I2A model both operationalizes and extends 

Gibson’s framework, offering theoretical clarity and practical utility in assessing multi-dimensional 

cognitive support. 

Table 2. Dimension and Definition of the 2I2A Model 

Dimension Sub-dimension Definition Sources 

Identification 

Space 

Information 

Perception 

Receive task-related 

information and external 

(M. H. Kim et al., 

2007) 
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environmental cues. 

Information 

Selection and 

Accumulation 

Collect and aggregate 

relevant information 

required for the mandate. 

(Lloyd & Scott, 1994) 

(M. H. Kim et al., 

2007) 

Interaction 

Space 

Structuring of 

Questions and 

Ideas 

Sort, organise and logically 

manipulate problems and 

ideas. 

(Chan, 1990) (J. Lee 

et al., 2014) 

Cognitive 

Exchange 

Deepen understanding 

through the exchange of 

information, experiences 

and feelings. 

(Stauffer & Ullman, 

1991) (Liikkanen & 

Perttula, 2009)  

Analysis Space Evaluation Interpret and evaluate its 

relevance and implications 

for decision-making. 

(Y. Jin & Benami, 

2010) (J. Kim & Ryu, 

2014) 

Negotiation and 

Interpretation 

Reconcile differences and 

explain each other's views 

to reach agreement. 

(J. Kim & Ryu, 2014) 

(Ball et al., 2004) 

Accommodation 

Space 

Solution 

Accommodation 

Integrate diverse inputs to 

formulate a coherent and 

viable solution. 

(Leblebici-Başar & 

Altarriba, 2013)  

Creative Output Generate innovative and 

actionable results based on 

synthesized information. 

(M. H. Kim et al., 

2007) (Stauffer & 

Ullman, 1991) 

 

Figure 2 provides a concise example of how the 2I2A model was applied in practice. The episode begins 

with the two participants reviewing GPT’s suggestion and working to clarify the form and functional logic 

of the proposed device. At this stage, their discussion focuses on structuring an initially ambiguous idea. 

This segment was coded as Interaction Space, as the participants were reorganizing the idea, shaping the 

problem structure, and refining the design question. These activities reflect Structuring of Questions and 

Ideas, rather than the acquisition of new information. 

As the conversation evolves, the focus shifts from structuring to assessing the practical feasibility of the 

idea, signaling a move into the Analysis Space. One participant raised a concern about how the device 
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would function when the child was not nearby. This reflects Evaluation, as it involves assessing constraints 

and examining the practical implications of the proposed design. Building on this insight, the other 

participant suggested embedding monitoring and reward functions into the child’s digital device, marking 

the transition into the Accommodation Space. At this stage, the previous reasoning was synthesized into an 

actionable concept. The contribution was coded as Creative Output. 

After forming this preliminary idea, the participants revisited GPT’s list of reference products and extracted 

functional features such as app-based operation, gamified reward systems, and interactive elements like 

virtual pets or screens. This marks the movement into the Identification Space, specifically corresponding 

to Information Selection and Accumulation. The participants were expanding their information base by 

gathering and consolidating task-relevant inputs. This differs from the earlier Interaction segment, which 

focused on reorganizing an existing idea rather than adding new information. 
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Figure 2. Illustrative Example of 2I2A Coding Across Collaborative Spaces 

 

The development of the 2I2A model aims to achieve three key objectives: first, to clarify and quantify 

collaborators’ interactions within different collaborative spaces; second, to explore how collaborators make 

cognitive transitions between collaborative spaces and the structure of cognitive interactions; and third, to 

provide new perspectives for understanding, evaluating, and optimising collaboration and decision-making 

processes. 

To ensure the rigour of the protocol analysis, all collaborative communication (approximately 36 hours 

across 22 teams) was audio-recorded, transcribed, and independently coded by two coders (the first and 

second authors) to maintain objectivity. A random 20% subset of the collaborative data was double-coded 

to assess inter-coder reliability. Cohen’s Kappa for the four collaborative Spaces was 0.64 (p < 0.001), 

indicating moderate to substantial agreement. This level of reliability is consistent with widely accepted 

benchmarks for complex and context-dependent discourse coding (Landis & Koch, 1977; Lombard et al., 

2002). The frequency counts for the eight communication sub-dimensions also showed strong 

correspondence between coders (Spearman’s ρ = 0.81, p < 0.001). All discrepancies were resolved through 

discussion to reach full consensus before coding the remaining data. 

 

3.4 Qualitative data collection: semi-structured interviews  

To gain rich insights into the mechanistic “why” behind the quantitative results, semi-structured interviews 

were conducted with all 22 participants assigned to the LLMs group (11 teams). These interviews were 

executed within one week of the main experiment and lasted approximately 35 minutes each. The interview 

outline focused on three main aspects: attitudes and perceptions towards LLMs, the specific ways in which 

LLM tools were used, and the perceived role of LLMs during Co-NPD (cf. Table 3). During the interviews, 

the researcher employed probing questions to explore potentially valuable responses in detail.  

The qualitative data analysis was subsequently guided by the principles of Grounded Theory, utilising 

continuous data collection, initial open coding, and axial coding (Corbin & Strauss, 1990). This structured 
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approach ensured the rigorous development of emergent concepts and facilitated the achievement of 

theoretical saturation. While all 22 interviews were conducted, the systematic analysis process adhered 

strictly to the continuous comparative method of Grounded Theory. This approach focused on achieving 

the required depth and rigour in concept development. Data analysis revealed that the core conceptual 

themes were nearing saturation after the 14th interview transcript. The assessment of thematic saturation 

followed established criteria widely adopted in qualitative research, whereby saturation is reached when no 

new conceptual codes emerge from consecutive interviews (Bowen, 2008; Urquhart et al., 2010). The 15th 

and 16th transcripts yielded no additional codes or relationships, confirming that theoretical saturation had 

been achieved. Therefore, a final dataset of 16 interview transcripts was deemed sufficient and obtained for 

the in-depth grounded theory analysis. 

Table 3. Interview Outline and Questions  

Interview outline Interview Questions 

Attitudes and 

perceptions 

towards LLM 

tools 

What are the advantages and disadvantages of LLMs for collaborative 

new product development? 

Do you rely on these tools when collaborating during Co-NPD? 

What is your attitude towards these tools during use, and has there been 

any change? 

Which features of LLMs are most easily accepted by the team, and 

which may be resisted? 

How LLM tools 

were used during 

Co-NPD 

Has the introduction of LLMs changed the way your team 

communicates and collaborates? 

Have LLMs helped you overcome creative barriers during Co-NPD? 

What impact do LLMs have on your design thinking or problem-

solving approach? 

Have LLMs helped you expand your thinking or provided new 

perspectives? 

The role of LLM 

tools during Co-

NPD 

What role do LLMs play in different stages of collaboration? 

Do you prefer to view LLMs as a member of the team or as a tool during 

Co-NPD? 

Will there be any changes in cooperation and conflict when LLMs 
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participate? 

Can LLMs help alleviate certain conflicts? 

Has design process or design thinking changed when LLM 

participated? 

Two researchers iteratively analysed the interview data using Nvivo 14 software, following the Grounded 

Theory (Lane & Seery, 2011; Tan, 2010). Grounded theory is a comprehensive and structured analysis 

method conducted in three stages (cf. Figure 3). 

 

Figure 3. Stages of Grounded Theory Analysis 

Open coding: The researcher sliced the interview data and gave the same label to coded content with similar 

meanings. The coded data were continuously compared and grouped to extract subcodes (Chun Tie et al., 

2019). 

Axial coding: The researcher connects the subcodes established in the open coding at the level of meaning 

and generalises to a higher level of main categories (Chun Tie et al., 2019). 

Selective coding: The researcher refines and integrates the main categories, clarifies their relationship with 

the core themes and finally builds a comprehensive conclusion framework. This process uses a continuous 

comparative analysis approach. The researchers move back and forth between stages to refine and integrate 

the categories and to clarify their relationships with the core themes, eventually forming the final conceptual 

framework. (Charmaz & Thornberg, 2021).  
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The data are considered saturated when the relationships between concepts are fully elucidated and no new 

information emerges, signifying that the analysis has reached its conclusion (Clarke et al., 2023). 

4 Results 

Using the 2I2A model as a guiding framework, we analysed the observed collaborative interactions to 

examine differences in the four collaborative Spaces and eight communication sub-dimensions across the 

LLM and non-LLMs groups. 

4.1 Differences in collaboration spaces between two groups 

Independent-sample t-tests were conducted for four collaboration spaces to examine differences between 

two groups with and without LLMs. Prior to the t-test, Levene’s test for equality of variances was performed 

for all four collaboration spaces. For spaces where the assumption of equal variance was violated (Levene’s 

test, p < 0.05), the Welch’s t-test was employed, resulting in non-integer degrees of freedom (df). 

Conversely, for spaces where the equal variance assumption was met, the standard Student’s t-test was used 

(df = 20).  

Significant differences were found in the Identification Space and Interaction Space, while no significant 

differences were found in the Analysis and Accommodation Space (cf. Table 4). Given that four 

independent comparisons were performed, the Holm-Bonferroni correction (Holm, 1979) was applied to 

control the familywise error rate. After correction, the Identification Space (p = 0.0005) and Interaction 

Space (p = 0.0005) remained statistically significant. The Analysis Space (p = 0.467) and Accommodation 

Space (p = 0.937) remained non-significant. A detailed summary of the adjusted p-values for these four 

comparisons is provided in Appendix 1. 

Table 4. Group Differences in Collaboration Spaces 

Collaborative Space Group Mean (SD) T (df) P-value 
Cohen’s 

d 

Identification Space LLMs 18.64 (2.872) -9.219 

(13.297) 

< 0.001 -3.930 

Non-LLMs 10.00 (1.183) 

Interaction Space LLMs 28.18 (2.958) -8.224 

(20) 

< 0.001 -3.510 

Non-LLMs 18.64 (2.462) 
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Analysis Space LLMs 23.55 (3.012) -0.742 

(20) 

0.467 -0.316 

Non-LLMs 22.64 (2.730) 

Accommodation Space LLMs 14.36 (2.838) -0.080 

(20) 

0.937 -0.034 

Non-LLMs 14.27 (2.453) 

LLMs group (M = 18.64, SD = 2.872) collaborated significantly more frequently in Identification Space 

than the non-LLMs group (M = 10.00, SD = 1.183, t(13.297) = -9.219, p < 0.001, Cohen's d = -3.93). 

Similarly, in the Interaction Space, the LLMs group (M = 28.18, SD = 2.958) collaborated more frequently 

than the non-LLMs group (M = 18.64, SD = 2.462, t (20) = -8.224, p < 0.001, Cohen's d = -3.51). In contrast, 

no significant differences were found in the Analysis Space (t(20) = -0.742, p = 0.467, Cohen's d = -0.316). 

Similarly, in the Accommodation Space, the LLMs group (M = 14.36, SD = 2.838) and non-LLMs group 

(M = 14.27, SD = 2.453) also did not differ significantly (t(20) = -0.080, p = 0.937, Cohen's d = -0.034). 

4.2 Differences in collaboration communications 

Using MANOVA, Friedman’s test, and the Wilcoxon Signed-Rank Test, significant differences were 

identified across the eight collaborative communication dimensions between the LLM and non-LLMs 

groups. Because eight follow-up comparisons were conducted across the communication dimensions, the 

Holm-Bonferroni correction (Holm, 1979) was applied to control the familywise error rate. All dimensions 

that were initially significant remained statistically significant after correction, while non-significant 

dimensions remained unchanged. A detailed summary of the adjusted p-values for all eight dimensions is 

provided in Appendix 2. 

The LLMs group exhibited significantly higher frequencies in three dimensions related to idea and 

information generation. Specifically, for Information Perception, the LLMs group (M = 21.55, SD = 3.012) 

showed a substantially higher frequency compared to the non-LLMs group (M = 15.55, SD = 3.446), (F(1, 

20) = 18.906, p < 0.001, partial η² = 0.486). The LLMs group also interacted more frequently for 

Information Selection and Accumulation (M = 21.55, SD = 4.741) than the non-LLMs group (M = 17.00, 

SD = 1.844), (F(1, 20) = 8.784, p = 0.008, partial η² = 0.305). Furthermore, expressions within the LLMs 

group were significantly more frequent for Structuring of Questions and Ideas (M = 49.27, SD = 4.941) 

compared to the non-LLMs group (M = 42.09, SD = 6.978), (F(1, 20) = 7.761, p = 0.011, partial η² = 0.280). 

Conversely, the non-LLMs group showed significantly higher frequencies in critical analysis and decision-
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making dimensions. For Evaluation, the non-LLMs group exhibited a significantly higher frequency (M = 

35.36, SD = 5.500) compared to the LLMs group (M = 26.45, SD = 4.204), (F(1, 20) = 18.217, p < 0.001, 

partial η² = 0.477). Similarly, for Negotiation and Interpretation, expressions in the non-LLM condition 

occurred significantly more frequently (M = 44.36, SD = 8.488) than in the LLMs group (M = 34.73, SD = 

4.819), (F(1, 20) = 10.721, p = 0.004, partial η² = 0.349). No significant differences were observed for 

Creative Output (F(1, 20) = 1.879, p = 0.186, partial η² = 0.086), with means of 11.18 (SD = 2.136) for the 

LLMs group and 12.73 (SD = 3.069) for the non-LLMs group. 

The Wilcoxon Signed-Rank Test was used to analyse dimensions that did not meet normality assumptions. 

No significant differences were identified between the two groups for Cognitive Exchange (Z = -1.512, p = 

0.130) or Solution Accommodation (Z = -0.134, p = 0.893). These results highlight the varying impact of 

LLMs across different collaborative dimensions, demonstrating strengths in perception, selection, and 

structuring but limitations in evaluation and negotiation. 

4.3 Dynamic changes in collaboration at different stages 

The study examined differences in the four collaboration spaces across early, middle, and later stages by 

groups with and without LLMs. Figure 4 depicts the frequency change within each collaboration space. 

The figure reveals significant trends in collaboration dynamics across the stages. 
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Figure 4. Changes in Mean Values of Collaboration Spaces Frequencies Across Stages 

Differences in collaboration within Identification Space were significant across three stages (χ²(2) = 33.86, 

p < 0.001) based on the Friedman test. Post hoc Wilcoxon signed-rank tests with Bonferroni correction (α 

= 0.0167) showed that there was significantly more collaboration in the early stages than in the middle and 

later stage (p < 0.001) and that collaboration in the middle stage was considerably more concentrated than 

in the later stage (p = 0.002). A detailed summary of the Bonferroni-adjusted post hoc comparisons for the 

Identification Space is provided in Appendix 3. This suggests a gradual decrease in the frequency of 

collaboration between collaborators in the Identification Space at all stages. 

Collaboration within the Interaction Space showed a significant main effect of stage, (F(1, 20) = 62.701, p 

< 0.001, η² = 0.758). No significant quadratic trend was observed (F(1, 20) = 0.590, p = 0.451). The stage-
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group interaction effect was also non-significant (F(1, 20) = 3.375, p = 0.081), suggesting that the LLMs 

group did not differ significantly from the non-LLMs group in the pattern of collaboration trends over time. 

However, the LLMs group was consistently significantly higher than the non-LLMs group in the frequency 

of collaboration in the Interaction Space (F(1, 20) = 68.290, p < 0.001, η² = 0.773). 

Collaboration within Analysis Space showed significant variation across stages, as indicated by a significant 

main effect (F(1, 20) = 8.959, p = 0.007, η² = 0.309). A significant quadratic trend was also observed (F(1, 

20) = 12.350, p = 0.002, η² = 0.382), reflecting both linear and non-linear patterns of change. The interaction 

effect between stage and group was insignificant (F(1.538, 30.767) = 1.894, p = 0.174). Additionally, no 

significant group difference was observed in the overall frequency of collaboration in the Analysis Space 

(F(1, 20) = 0.550, p = 0.467, η² = 0.027). 

Collaboration within Accommodation Space also differed significantly across the three stages (χ²(2) = 

16.949, p < 0.001). Post hoc Wilcoxon signed-rank tests with Bonferroni correction (α = 0.0167) showed 

that collaboration in the later stage was significantly fewer than in both the early stage and the middle stage 

(p < 0.001). At the same time, no significant difference was observed between the early and middle stages 

(p = 0.793). The corresponding Bonferroni-adjusted pairwise results for the Accommodation Space are 

summarised in Appendix 4. These findings suggest that collaboration of Accommodation Space remained 

stable between the early and middle stages but exhibited a substantial decline in the later stage.  

4.4 Transition patterns under two groups 

This section examines differences in collaborative spatial transitions between two groups to assess their 

transition patterns during Co-NPD (cf. Table 5). The results showed that LLM-involved groups exhibited 

higher mobility and complexity, reflected in higher overall chi-square values (χ²(9) = 1435.584, p < 0.001). 

In contrast, non-LLMs groups showed more fixed transition patterns (χ²(9) = 799.073, p < 0.001). 

Table 5. Observed and Expected Frequencies of Collaborative Space Transitions under LLM and Non-

LLM Conditions 

Group 

To Space 

Total Accommo

dation 

Analysis Identific

ation 

Interacti

on 
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Without 

LLMs 

From 

Space 

Accommodation Count 0.0 133.0 23.0 0.0 156.0 

Expected 34.5 54.5 23.7 43.3 156.0 

Analysis Count 124.0 0.0 0.0 121.0 245.0 

Expected 54.2 85.6 37.3 68.0 245.0 

Identification Count 33.0 0.0 0.0 76.0 109.0 

Expected 24.1 38.1 16.6 30.2 109.0 

Interaction Count 0.0 115.0 85.0 0.0 200.0 

Expected 44.2 69.9 34.0 55.5 200.0 

Total Count 157.0 248.0 108.0 197.0 710.0 

Expected 157.0 248.0 108.0 197.0 710.0 

With 

LLMs 

From 

Space 

Accommodation Count 0.0 141.0 16.0 0.0 157.0 

Expected 26.9 43.9 34.4 51.8 157.0 

Analysis Count 117.0 0.0 0.0 140.0 257.0 

Expected 44.0 71.9 56.3 84.7 257.0 

Identification Count 41.0 0.0 0.0 164.0 205.0 

Expected 35.1 57.4 44.9 67.6 205.0 

Interaction Count 0.0 117.0 186.0 0.0 303.0 

Expected 51.9 84.8 66.4 99.9 303.0 

Total Count 158.0 258.0 202.0 304.0 922.0 

Expected 158.0 258.0 202.0 304.0 922.0 

 

Under LLM conditions, the transition frequency between different collaborative spaces showed more 

substantial fluidity than expected. For example, the bidirectional transitions between the Identification 

Space and the Interaction Space were 164 and 186, markedly higher than their corresponding expected 

frequencies of 67.6 and 66.4, respectively. Similarly, the transitions between the Analysis Space and the 

Interaction Space were 140 and 117, also substantially elevated above their expected values. 

In contrast, the overall transition frequencies of the non-LLMs group were significantly lower than those 

of the LLMs group. Specifically, the bidirectional transitions between the Identification Space and the 

Interaction Space were 76 and 85 in the non-LLMs group, markedly lower than the 164 and 186 observed 

under LLM conditions. Additionally, the transition from the Accommodation Space to the Analysis Space 

was 133 in the non-LLMs group, compared to 141 in the LLMs group. 

On specific transitions, LLM participation did not significantly alter collaboration patterns. For example, 

transitions from the Interaction Space to the Analysis Space were 115 under non-LLMs conditions and 117 

under LLM conditions. Transitions from the Analysis Space to the Accommodation Space were 124 under 
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non-LLM conditions and 117 under LLM conditions. However, LLMs appeared to inhibit specific 

transitions; for example, transitions from the Accommodation Space to the Identification Space were only 

16 under LLM conditions, lower than 23 under non-LLM conditions. 

4.5 Grounded theory analysis: insights towards LLMs in collaborative design  

The coding at open coding stage is explanatory, with researchers focusing on the relationships and variations 

between coding categories. Figure 5 gives an initial encoding example. 

 

Figure 5. Example of Encoding in Open Coding Stage 

After the 14th interview, the data were considered to be nearing saturation, as no new codes, categories, or 

conceptual insights emerged at this stage. To verify this judgement, the 15th and 16th interviews were 

analysed using the same open-coding procedure. Both transcripts failed to generate any additional codes or 

relationships, confirming that theoretical saturation had been reached according to established criteria that 

require consecutive interviews to yield no new conceptual contributions. 

 This stage ultimately obtained 125 preliminary codes, defined as 18 subcategories (cf. Figure 6). A detailed 

summary of the code count and category examples at each level is provided in Table 6. 
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Figure 6. Grounded Theory Coding Process Flow 

Table 6. Summary of Grounded Theory Core Categories 

Coding Level Item Count Representative Subcategory Supporting Quotes 

Level 1: Open 

Coding 

125 initial 

codes 

Improve decision quality; 

Conflict mitigation; Error 

reviewer; Lead new directions  

Conflict mitigation: “Right, the conflicts went 

down. When people have GPT acting like an 

‘expert’ giving suggestions, they feel more 

confident and have a clearer sense of which 

option is more workable.” 

Level 2: Axial 

Coding 

18 

subcategories 

Facilitate decision-making; 

Role allocation; Shift Design 

thinking; Transform 

collaboration processes 

Transform collaboration processes: “The 

design process did improve. For example, 

when generating a 3D model, I would first use 

images to generate prompts, and then...” 

Level 3: Core 

Category 

8 core themes Facilitate decision-making  “So in a way, it (GPT) basically ends up 

playing a sort of decision-maker role.” 

Shift design thinking “With GPT in the mix, designers’ 

responsibilities have expanded, and their way 

of thinking has shifted as well.” 

Facilitate collaboration “The collaboration went more smoothly 

because communication became more fluid, 

and team members could understand each 

other’s ideas more easily.” 

Spark inspiration and 

creativity 

“For individuals, AI support can boost their 

creativity.” 

Provide information and 

reference 

“In the early stages, these tools mainly helped 

me with searching and research, giving me 

access to the relevant knowledge and 

information I needed.” 

Support creative realisation “It (GPT) really did help us bring the design to 

life and carry out the solution more 

effectively.” 

Shortcomings and negative 

impacts 

“The downside is that for some of the newest 

knowledge, GPT might not have the latest 

information, so I still need to use traditional 

search tools in those cases.” 

Practical value “But it may create more AI-related career 
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opportunities and broaden designers’ career 

paths.” 

 

During the Axial Coding stage, the subcategories identified during open coding are further integrated into 

a coherent structure and constructed into abstract conceptual classifications based on descriptive details to 

explore the interrelationships and differences among these categories (Clarke et al., 2023). Finally, 18 

subcategories were refined into eight categories, including Facilitate Decision-making, Shift Design 

Thinking, Facilitate Collaboration, Spark Inspiration and Creativity, Provide Information and Reference, 

Support Creativity Realisation, Shortcomings and Negative Impacts, and Social Value (cf. Figure 6). 

During the Selective Coding stage, researchers refine and integrate the main categories extracted based on 

axial coding, identifying the core categories and their relationships with other categories. During this 

process, researchers connect all categories related to the core category to construct a comprehensive 

theoretical framework. “Practical Value” was identified as the core category connecting all other themes. 

Based on this, we developed a conceptual model that illustrates the perceived roles and practical 

contributions of LLMs in supporting collaborative new product development (cf. Figure 7). 

 

Figure 7. The Relationship Model Diagram between the perceptions and Actual Value of LLMs during 

Co-NPD of Collaborators 
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5 Discussion 

5.1 Promotion and limitations of LLMs on collective cognition 

This paper provides insights into the role of LLMs during Co-NPD on collective cognition, aiming to 

explicitly address RQ1. The experimental results indicate that teams supported by LLMs collaborated 

significantly more frequently than non-LLM teams in both the Identification and Interaction Spaces. This 

effect was particularly pronounced in the sub-dimensions of Information Perception, Information Selection 

and Accumulation, and the Structuring of Questions and Ideas. According to the 2I2A model, the 

Identification Space represents the initial stage of shared perception and knowledge input for collective 

cognition, and the Interaction Space represents the core process of knowledge coordination, structuring, 

and preliminary integration.  

Grounded theory analysis further indicates that LLMs exhibit a distinctive capability in group information 

processing. Themes such as “Facilitate collaboration” and “Provide information and reference” (see Section 

4.5) help explain the quantitative pattern. Several interviewees noted that LLMs were able to organise and 

present large volumes of complex information directly within the communication flow, thereby accelerating 

the team’s shared understanding of the design problem. For instance, interviewee 16 emphasised this 

inspirational function of LLMs, stating,  

“In the early design stage, our team relied heavily on large language models to help us gather 

information.”  

Similarly, interviewee 1 noted the efficiency benefits, explaining,  

“At the beginning, we needed to conduct a lot of background research, and using GPT saved us some 

of that time and accelerated the design process.”  

Taken together, these accounts indicate that LLMs reduce early-stage search and filtering effort by 

providing structured, task-relevant information in a timely manner. This support enables collaborators to 

identify relevant content more frequently and to organise it more effectively into problem statements and 

sub-tasks, resulting in increased activity in the Identification and Interaction Spaces. This mechanism aligns 

with established literature on collective cognition and knowledge management, which emphasises that 

structured and well-timed information flows are essential for forming shared mental models (Mathieu et al., 
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2000), Accordingly, LLMs’ ability to streamline the creation and circulation of structured inputs plays a 

meaningful role in accelerating the initial formation of collective cognition. 

While LLMs demonstrate clear advantages in these early cognitive stages, their support does not extend 

equally to the more complex analytical processes required in the later stages of collaboration. Collaboration 

in the Analysis and Accommodation Spaces typically requires logical deduction, complex decision-making, 

and the integration of diverse perspectives. The quantitative results show no significant differences between 

LLM and non-LLMs groups in these Spaces, and the qualitative findings echo this pattern. Under the theme 

“Shortcomings and Negative Impacts”, interviewees frequently noted accuracy issues, limited contextual 

reasoning, and a tendency to offer surface-level suggestions. These limitations collectively constrain the 

utility of LLMs during deeper analytical reasoning. For instance, interviewee 1 highlighted this lack of 

critical challenge in LLM interactions, stating,  

“Because it (GPT) always follows along with my line of thinking and lacks the kind of questioning that 

a human teammate would offer, I can’t help worrying that the design might become limited.”  

Similarly, interviewee 9 commented on the inefficiency that may arise during use, explaining,  

“GPT can’t always fully understand what I input, so I have to keep adjusting and re-entering 

information, which takes time.”  

Furthermore, interview analyses indicated that collaborators often preferred to rely on their professional 

judgement and direct discussion rather than on AI-generated suggestions when engaging in evaluative or 

interpretive tasks. Non-LLM teams performed better in sub-dimensions such as Evaluation and Negotiation 

and Interpretation. Interviewee 3 remarked that AI-generated ideas sometimes narrowed their thinking, 

noting that  

“In some steps, the LLMs replaced my own thinking, and it really somehow interfered with my design 

process.”  

In summary, LLMs offer clear benefits in facilitating early cognitive alignment and structuring collaborative 

problem spaces. However, their contribution becomes more limited in collaborative contexts that require 

interpretive depth, nuanced negotiation, and complex integrative reasoning (Cuskley et al., 2024). 
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5.2 The role of LLMs in collaborative cognitive mobility 

The results reveal the profound effect of LLMs on the dynamic characteristics of group collaboration during 

Co-NPD. Across the three stages of the experiment, the LLMs group consistently demonstrated a higher 

frequency of cooperation in the Identification and Interaction Spaces compared to the non-LLMs group. 

However, both groups exhibited a decreasing trend in collaboration activities over time. This pattern 

suggests that as collaboration progressed, the team’s focus gradually shifted from initial problem 

identification and information exchange toward more complex tasks, such as analysis and adaptation. The 

consistently higher frequencies in the Identification and Interaction Spaces for the LLMs group indicate 

that LLMs help teams work more efficiently in early problem identification and information sharing. These 

advantages accelerate the development of shared cognition. As a result, teams demonstrate greater cognitive 

flexibility in the early stages of collaboration. 

Collaboration patterns in the Analysis and Accommodation Spaces were more complex. Collaboration in 

the Analysis Space did not show significant differences between the two groups, with activity peaking in 

the middle stage before declining in the later stage. This suggests that activities in the Analysis Space are 

mainly concentrated in the middle stage when the team needs to conduct an in-depth assessment and trade-

offs of the collected information and preliminary options. The absence of group differences indicates that 

teams relied primarily on members’ expertise and deductive reasoning rather than LLM assistance in this 

Space. In the Accommodation Space, collaboration remained stable during the early and middle stages but 

dropped sharply in the later stage. This pattern reflects that fewer integrative actions occur once teams 

converge toward a tentative solution. 

The result of transitions in the collaboration space showed that the significantly higher fluidity and 

complexity brought by LLMs is associated with a shift in the team’s collaboration pattern (as detailed in 

Table 5). This change indicates a transition towards a more iterative and agile approach, indicating that 

LLMs actively reform the team's collaborative dynamics. LLMs significantly enhanced collaboration 

dynamics, especially in the bidirectional transitions between the Identification Space and the Interaction 

Space, as well as the switch from the Analysis Space to the Interaction Space, facilitating the team’s 

information exchange and cognitive iteration. This increase in fluidity is closely linked to the qualitative 
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themes “Support Creative Realisation” and “Facilitate Collaboration,” where LLMs provide instant 

feedback, generate rapid prototypes, and offer structured responses. This efficiency was frequently noted 

by participants, for example:  

Interviewee 7 described this efficiency vividly, noting that  

“GPT acted like a kind of conceptual design partner. It mainly helped propose ideas and concepts, 

giving us initial directions and references for the design.” 

Similarly, interviewee 2 highlighted its role in expanding the team’s thinking:  

“LLMs can also broaden my imagination by presenting knowledge that I might not be familiar with.” 

This tool-supported agility allows teams to cycle faster between identifying needs and structuring options, 

thereby enhancing overall cognitive mobility. However, the involvement of LLMs did not significantly alter 

the frequency of transitions in specific pathways (such as Interaction Space to Analysis Space, Analysis 

Space to Accommodation Space). A particularly notable feature is the low frequency of transitions from the 

Accommodation Space back to the Identification Space. This pattern suggests a collaboration flow that 

relies less on cyclical feedback loops and problem re-definition once a solution has begun to take shape. 

This structural characteristic has a meaningful influence on the overall collaboration pattern. 

Despite the clear improvements in collaboration fluidity, LLM use also introduces potential drawbacks. For 

example, frequently switching collaboration spaces may interfere with the team’s deeper thinking about 

critical tasks (interviewee 7). At the same time, over-reliance on technology may weaken the team’s long-

term programme development continuity (Interviewee 8). Therefore, the practical application of LLMs 

must be tailored to different task types. The team should design an optimised strategy that promotes 

collaborative flexibility while retaining the ability to analyse in depth and iterate on innovation. 

5.3 Practical application value of LLMs during Co-NPD 

The Relationship Model Diagram in section 4.5 (cf. Figure 6) reveals the practical application value of 

LLMs in Co-NPD, thereby addressing RQ3. Research has found that actual value, as the core category, is 

closely related to all other main categories, especially those related to “support creative realisation”, 

“shortcomings and negative impacts”, and “social value”. Among them, “support creative realisation” has 

a positive driving effect on actual value, while “shortcomings and negative impacts” have a negative effect. 
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“Social value” reflects the extensive influence of LLMs at the team and social levels. These qualitative 

findings not only highlight the practical impact (RQ3) but also provide the underlying mechanistic 

framework used to interpret the quantitative differences observed across the collaborative spaces (as 

discussed in 5.1 and 5.2). 

Support creative realisation 

Multiple interviewees (Interviewees 1, 3, 5, 7, 8, 9, 10, 11, 12, 13, 14) mentioned that LLMs play a 

significant role in creative generation and concept optimisation. Interviewee 13 pointed out, “GPT 

sometimes provides very inspiring ideas, and I tend to see it as a motivator.” Interviewee 14 pointed out: 

“In the middle stage of design, it can solve operational problems, which is more effective than search 

engines. In the later stage, it is mainly used for debugging and optimisation. These tools allow designers to 

take on more responsibilities, such as modelling to final rendering and optimisation work, reducing 

dependence on programmers. Therefore, the role of designers becomes more diverse, and the workflow 

becomes more efficient”. Interviewee 11 mentioned, “For innovation capabilities, AI provides a wide range 

of inspiration sources not limited to information cocoons. Through LLMs, we can gain more diverse 

perspectives and creativity.” 

Based on the interviews and protocol analysis results, LLMs have significantly improved the team’s 

innovation ability and task efficiency, especially in the early stages of collaboration, thanks to their inspiring 

and diverse perspectives. For example, in Identification and Interaction spaces, LLMs can accelerate the 

establishment of collective cognition by providing inspiration and optimizing information flow, promoting 

team formation of shared perception and intention. Interviewees consistently described that LLMs helped 

them “see more possibilities” (interviewee 15), “organise messy information” (interviewee 6), and “quickly 

form initial ideas” (interviewee 13). These patterns help explain the mechanism underlying the statistical 

differences. LLMs broaden the accessible information base and enable faster organisation of that 

information. This process leads to the higher frequencies of Identification and Interaction activities 

observed in the experiment. 

Disadvantages and negative impacts 

Some interviewees mentioned that LLMs can lead to collaborators’ overreliance on technology, thus 
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limiting their creativity. Interviewee 8 mentioned, “LLM tool can be very helpful, but it may not be possible 

to over-rely on it, (as it) may limit the output of some of our ideas.” Interviewee 13 notes that “It may limit 

the viewpoint to the GPT idea.” This suggests that such interventions not only diminish the designer’s 

initiative but also hurt the naturalness of the collaborative development process. 

Furthermore, there are limitations in the technical capabilities of LLMs. Interviewee 3 mentioned, “I found 

that the LLMs replaced my thinking in some steps, which affected my design process.” Interviewee 16 

mentions that “There is still a lot of room for improvement in the accuracy of information gathering in 

LLMs.” This suggests that although the model provides information efficiently, its reliability is inconsistent. 

As a result, designers must spend additional effort on verification, which may affect overall workflow 

efficiency. 

Collectively, LLMs’ negative impacts are mainly in technology dependency, lack of information accuracy, 

and weakened collaborative naturalness. These issues remind us that when LLMs are introduced to 

participate in Co-NPD, their application scenarios and usage should be reasonably planned to ensure that 

the technology’s advantages are not exploited at the cost of team creativity and collaboration quality. 

These qualitative limitations also help interpret the quantitative findings. In later-stage collaborative spaces 

that require negotiation, integration and evaluation, interviewees reported hesitation or distrust toward 

LLM-generated content. This aligns with the lower frequencies observed in the Analysis and 

Accommodation Spaces. Thus, the qualitative insights clarify why LLMs enhanced early-stage cognition 

but did not extend their benefits to deeper collaborative reasoning. 

Finally, beyond these technical and cognitive limitations, LLM deployment in Co-NPD also raises ethical 

considerations. Issues such as data privacy, confidentiality of proprietary design information, and potential 

algorithmic biases in AI-generated suggestions may affect team trust and collaborative quality. These 

findings highlight the importance of carefully planning how LLMs are used. It is also essential to implement 

safeguards such as secure data handling and critical evaluation of AI outputs to mitigate risks while 

supporting team creativity. 

Social value  

The feedback from interviewees indicates that the social value of LLMs in Co-NPD is mainly reflected in 
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optimising team power structure, transforming foundational work, and improving individual abilities. 

Interviewee 16 pointed out, “This (LLM tool) also gives product managers greater say in the team, which 

may be the most crucial point: the maximum value brought by LLMs.” This indicates that LLMs optimise 

the organisation’s power structure and empower specific core roles with more significant influence in the 

collaborative process. 

The social value of LLMs is also reflected in promoting the automation and digital transformation of 

specific foundational work. Interviewee 2 pointed out, “It is very likely to replace some basic work.” In 

contrast, Interviewee 9 pointed out that “It reduces the demand for basic work roles, while the demand for 

roles in the creative and decision-making stages will increase.” This indicates that the involvement of LLMs 

enables the automation of some simple and repetitive work through Co-NPD, freeing up more resources 

and energy for high-value creative and decision-making work, and can promote the trend of developers 

transitioning from fundamental work to higher-level skills. In addition, LLMs significantly affect the 

allocation of responsibilities within the team, as mentioned in Interviewee 9: “These tools allow designers 

to take on more responsibilities, such as modelling to final rendering and optimisation work, reducing 

reliance on programmers.” Interviewee 7 added, “LLMs reduce the workload of planning and leadership 

roles.” 

In summary, the practical application value of LLMs during Co-NPD mainly lies in creative support, 

process optimisation, and social impact. Although LLMs still face technological dependence and 

information accuracy challenges, they demonstrate enormous potential in empowering team innovation, 

improving task efficiency, and driving organisational role transformation. 

6 Conclusion 

6.1 Summary of contributions 

This study provides an in-depth examination of the influence of LLMs during Co-NPD and makes three 

primary contributions. 

 First, it develops and validates the 2I2A model from a collective cognition perspective. 

The model systematically captures cognitive flow and spatial transitions by organising team interactions 

into four collaboration spaces and eight sub-dimensions. This framework offers a novel analytical lens for 
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understanding the dynamic cognitive processes involved in Co-NPD. It also supports more precise 

evaluation and optimisation of complex collaborative activities. 

Second, through a quasi-experimental design, this study systematically evaluates the role of LLMs across 

different stages of Co-NPD. LLMs significantly enhanced collaboration efficiency in the Identification and 

Interaction Spaces, particularly in Information Perception and Structuring of Questions and Ideas during 

the early phase. These findings demonstrate that LLMs substantially facilitate the early construction and 

integration of collective cognition. 

However, in the Analysis and Accommodation Spaces, collaborators relied more heavily on their own 

experience and knowledge. In these contexts, LLMs did not provide significant facilitation. In addition, 

LLMs increased the overall fluidity of transitions between most collaborative spaces, indicating a shift 

toward a more iterative and agile collaboration pattern (addressing RQ2). Yet, the transition from the 

Accommodation Space back to the Identification Space showed limited or even inhibitory effects. This 

pattern suggests boundaries in LLMs’ ability to support cyclical reinterpretation and problem reframing. 

Overall, while LLMs optimise collaboration dynamics and enhance cognitive mobility, their value is more 

restricted in tasks requiring deep analysis or complex decision-making. 

Finally, the paper supplements the analysis with qualitative Grounded Theory, revealing the practical value 

and limitations of LLMs in Co-NPD. LLMs offer strong support for idea generation, process optimisation, 

and expansion of cognitive breadth, thereby improving innovation efficiency within teams. Moreover, they 

contribute to the automation of repetitive tasks within the collaborative process. This shift also fosters role 

diversification, enabling team members to assume broader responsibilities. However, LLMs may also 

introduce drawbacks, including overreliance on AI-generated suggestions, reduced creative exploration, 

and a diminished depth of human–human collaboration. Their inconsistent accuracy and limited contextual 

reasoning often require teams to manually verify AI-generated content. This extra verification reduces 

efficiency and weakens trust, particularly in later-stage analytical and integrative tasks. 

6.2 Limitations 

This study has several limitations. First, the experiment was conducted in a controlled environment with 

participants drawn from academic backgrounds. The relatively small sample size of 44 participants (22 
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collaborative teams) may restrict the statistical generalisability of the findings and may not fully capture 

the complexity of Co-NPD practices in real organisational settings. This limits the broader applicability of 

the conclusions. 

Second, as LLM technologies continue to evolve rapidly, their capabilities are likely to expand. Future, 

more advanced models may therefore exhibit behaviours or affordances that fall beyond the scope of those 

examined in this study. In addition, participants in the LLM-assisted condition were allowed to choose 

between two commonly used models (ChatGPT-4.0 and Kimi) during the Co-NPD tasks, which may 

introduce minor variability across teams. While this reflects real-world Co-NPD settings where different 

teams may adopt different LLM tools, we acknowledge that this flexibility may introduce variability. Future 

studies may therefore consider standardising the LLM model to further reduce potential confounds. 

Third, the study focuses on immediate, short-term collaboration dynamics and does not investigate the 

effects of LLMs in long-term collaboration or in extended iterative design cycles. The absence of 

longitudinal evidence may limit understanding of cumulative or delayed impacts. 

Crucially, while our qualitative data touched on negative impacts, the study does not provide a systematic 

quantitative or qualitative examination of these issues. The analysis does not cover key ethical and 

governance challenges associated with LLM deployment. These challenges include issues such as data 

privacy, the confidentiality of proprietary design information, and the influence of algorithmic biases on 

design outcomes. Addressing these issues will be essential for developing comprehensive and responsible 

frameworks for Al-supported Co-NPD. 

6.3 Future research directions 

Building upon the limitations identified in this study and the current findings, we propose several concrete 

directions for future research to deepen the understanding of LLM impacts on collaborative cognition. 

First, exploring diverse contexts and professional settings. Future work should involve larger sample sizes 

and include professional designers or engineers in real-world industry environments. Additionally, research 

should investigate LLM use in multicultural and multidisciplinary teams. This will help validate the 

applicability of the 2I2A model and examine LLM effects under practical constraints such as time pressure 

and budget limitations. 
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Second, conducting longitudinal studies. Future research should adopt longitudinal designs to investigate 

the long-term impact of continuous LLM use on team creativity, skill development, and the potential erosion 

of independent critical thinking and design expertise. 

Third, quantifying negative impacts and establishing responsible guidelines. Future studies should develop 

specific metrics and protocols to assess potential negative socio-cognitive effects of LLMs. This assessment 

must cover critical areas such as technological dependency, shifts in communication equity, algorithmic 

bias, and risks to data confidentiality and intellectual property in Co-NPD. This comprehensive approach 

will ensure a more balanced and rigorous assessment of both the benefits and drawbacks of LLM integration. 

Building upon these findings, future work should propose and validate concrete guidelines and governance 

frameworks to ensure the responsible and ethical application of LLMs in collaborative design processes. 

Finally, conducting industry-specific case studies and external validity tests. Future work should 

incorporate industry-specific case studies to examine the 2I2A model and LLM effects in concrete industrial 

settings, such as design studios or technology firms. This will allow rigorous testing of applicability under 

real-world constraints, including varying timelines, resource limitations, and high project stakes. 

Overall, the 2I2A model presented in this study is an initial step. Future research should continue to validate 

and refine the model across diverse teams, industrial contexts, and long-term collaborative processes. 
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Figure legends 

Figure 1. The 2I2A Model of Collective Cognition 

Figure 2. Illustrative Example of 2I2A Coding Across Collaborative Spaces 
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Figure 3. Stages of Grounded Theory Analysis 

Figure 4. Changes in Mean Values of Collaboration Spaces Frequencies Across Stages 

Figure 5. Example of Encoding in Open Coding Stage 

Figure 6. Grounded Theory Coding Process Flow 

Figure 7. The Relationship Model Diagram between the perceptions and Actual Value of LLMs during Co-

NPD of Collaborators 

 

 


