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Abstract 

Higher education institutions are progressively implementing online learning modules due to their 

promotion of equity through scalability, accessibility, inclusivity, and affordability. Despite the 

advantages, online learning environments face persistent challenges in facilitating meaningful 

networked learning (NL) opportunities. One particularly pressing challenge is supporting effective NL 

through group formation and collaborative teamwork. With rising enrolments, manual grouping has 

become impractical. Random allocation overlooks complementary skills and often produces 

unbalanced teams, while self-assessment relies on students’ often inaccurate self-perceptions, leading 

to mismatched roles and group tensions. A substantial body of research has examined strategies for 

group formation, and many studies have emphasised the value of team role allocation in promoting 

effective NL. However, little attention has been paid to approaches that infer learners’ collaborative 

role tendencies from their actual behavioural interactions and subsequently use this information to 

inform group composition and achieve a better NL experience. Accordingly, this study examines 

whether large language models (LLMs) can infer higher-education learners’ teamwork role tendencies 

comparably to human judgment, using data from an international sample of undergraduate and 

postgraduate learners recruited via Prolific who interacted with a custom-built chatbot in 

collaborative learning scenarios. The resulting interactions were analysed through an LLM to infer 

teamwork role tendencies based on previously established Belbin Team Roles. The roles inferred by 

the LLM were then compared against those coded by human coders, with inter-rater alignment 

evaluated using Cohen’s Kappa and percentage agreement. Learner responses were coded by trained 

human researchers using a consensus-based Belin Team Role framework. The findings reveal that LLM 

achieved a moderate degree of alignment with human coders, suggesting its viability as a tool for 

inferring learners’ teamwork role tendencies. Moreover, exploratory analyses revealed that the length 

of learners’ responses to the chatbot is associated with the extent to which the LLM’s inferences aligned 

with human coders. However, future research would benefit from larger sample sizes and the use of 

more advanced statistical methods to better capture the effects of interaction quality. This study 

contributes to the growing body of work on LLM-supported NL by highlighting both the potential and 

the limitations of using LLMs for role inference. Future implementations should pay particular 

attention to fostering high-quality learner-chatbot interactions to maximise reliability and pedagogical 

value to help design for effective social participation in online NL experiences. The findings of this 

research are expected to advance the development of technology-enhanced, NL practices within online 

higher education. 
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Introduction 
 

The evolution of digital technologies has transformed the way higher education institutions deliver teaching and 

learning. Online learning has become a mainstream mode of instruction worldwide, reshaping traditional 

pedagogical approaches and institutional strategies (Salama & Hinton, 2023). While mediated through 

technology, learning remains fundamentally social, rooted in interpersonal relationships, influenced by human 

activity, and enacted through collaboration on meaningful tasks (Networked Learning Editorial Collective 
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(NLEC), 2021). For individual learners, interaction with others plays a central role in the processes of knowledge 

acquisition, cognitive development, and adult learning (De Felice et al., 2022). Such interaction enables the 

creation of shared networks of knowledge, where understanding emerges through connections between people, 

information sources, and digital technologies (Siemens, 2005). 

Despite its growing importance in higher education, online higher educators often struggle to facilitate meaningful 

and effective teamwork, with challenges such as complexities in group formation, unequal participation and work 

distribution (Düker & Rieber, 2024; McCollum et al., 2019), resulting in a poor networked learning (NL) 

experience. In practice, time and logistical constraints often result in random group allocation or scripted 

assignment of predetermined group roles as default approaches (Gardeli & Vosinakis, 2025; Oyarzun & Martin, 

2023). Although such strategies offer administrative simplicity, they often give rise to issues in group dynamics, 

including dominance, marginalisation, and inefficiencies in networked collaboration (Düker & Rieber, 2024). 

Simultaneously, while research has shown that role assignment can enhance participation and foster peer 

interaction in NL (Luo et al., 2023), structured scaffolding to help learners effectively understand and enact their 

group roles, remains uncommon in most online learning environments. Providing such support is crucial, as 

effective collaboration in depends on trust, reciprocity, and a sense of belonging to an NL community, which 

provides the conditions for learners to act collectively towards shared goals (NLEC, 2021).  

Although research has examined strategies for effective group formation in NL, much of this work has primarily 

concentrated on the process of allocating learners to groups (Chen & Kuo, 2019; Danahy et al., 2024). Less 

attention has been directed toward approaches that first identify learners’ teamwork role tendencies and, in the 

longer term, use these insights both to create balanced groups and to cultivate learners’ awareness of their 

teamwork role tendencies. The emergence of large language models (LLMs) offers new opportunities in this 

direction. Therefore, this study focuses on harnessing the generative capacity of LLMs in the initial step of this 

process by investigating whether LLMs can accurately infer learners’ teamwork role tendencies from their 

naturalistic interactions with a custom-built chatbot. Specifically, this study analyses interaction data from a single 

learner-chatbot conversation to identify learners’ teamwork role tendencies, drawing on Belbin Team Roles 

(Belbin, 2010) as the basis for classification and group formation. Validating this inferential capability is an 

essential precursor for future research that investigates whether LLM-inferred roles can be used to form more 

balanced and cohesive groups, reduce the likelihood of role-related conflict, and ultimately enhance learners’ 

collaborative and networked learning experiences. While such automation may also reduce instructor workload 

in large-scale online settings, the primary contribution of this study lies in establishing the feasibility and validity 

of LLM-based role inference as a foundation for these pedagogical applications. 

 

Background 
 

Social Aspects in Online Learning 
From the earliest stages of development, humans’ social nature is evident in the way they construct knowledge 

through interaction (Vygotsky, 1978). Within educational contexts, such interaction is foundational for promoting 

knowledge acquisition and fostering cognitive development (De Felice et al., 2022). Despite these affordances, 

online learning environments tend to position learners in relative isolation, limiting opportunity for establishing 

social presence and leading to challenges such as low motivation, feelings of disconnection, and inadequate 

support (Kotera et al., 2021; Pei et al., 2024). Connectivism (Siemens, 2005) conceptualises learning as a process 

of building and navigating networks, where knowledge is distributed across connections among individuals, 

communities, and digital resources. The quality of learning, especially in online environments, depends on the 

richness of connections established among learners, educators, and resources (Goodyear et al., 2004). NL 

emphasises that whether such connections are collaborative, co-operative, or collective, they must be underpinned 

by mutual trust and shared motivation (NLEC, 2021). Technology, in this regard, is not merely an external tool 

but a component of the learning design that fosters the emergence and sustainability of meaningful connections, 

while avoiding the risks of isolating learners through individualised designs or exerting undue control through 

overly prescriptive systems (NLEC et al., 2021). This study builds on these theoretical foundations to position 

LLM-based role inferencing as a supportive technology that can strengthen teamwork and NL without 

constraining learners to fixed roles or structures. 

 

Social Formation and Role Assignment for Effective Social Learning 
Group formation in online learning requires careful consideration due to its significant influence on collaborative 

outcomes (Y. Chen et al., 2025). While random group allocation is common practice, particularly in online 
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environments (Oyarzun & Martin, 2023), such approaches risk creating imbalances in participation, knowledge, 

and perspectives, which can hinder deep learning due to some students being more dominant while others are 

marginalised (Düker & Rieber, 2024). In contrast, intentional grouping techniques have been found to foster better 

perceived work quality, time management, efficiency, and relationship building (Scheidler et al., 2025). As a 

result, extensive research has been conducted on the effective grouping of learners within online environments 

(Oyarzun & Martin, 2023). Regardless, group formation in online NL remains a challenge, as manual assignment 

grows increasingly complex with rising enrolments, often making random allocation the default. While learner 

self-selection offers an alternative, this approach could create imbalance between groups and other group dynamic 

issues (Düker & Rieber, 2024).  

Simply grouping learners does not guarantee meaningful collaboration in NL settings. Assigning roles that each 

participant might assume in a group is important to prevent issues such as intimidation, frustration, isolation, and 

unequal participation (Kotera et al., 2021; McCollum et al., 2019; Pei et al., 2024). Roles, understood as expected 

behaviours and responsibilities (Biddle, 1986), can help establish the conditions for cooperative learning outlined 

by Johnson & Johnson (1999), including interdependence, accountability, interaction, social skills, and group 

processing. Research indicates that using roles in collaborative settings can foster participation and peer 

interaction, boost cognitive engagement, strengthen group cohesion, clarify responsibilities, and improve 

coordination (Cheng et al., 2014; Luo et al., 2023). In the literature, the roles within collaborative learning contexts 

are considered from two perspectives: either as scripted, where tasks are explicitly assigned, or as emergent, 

arising naturally through group interaction (Belbin, 2010; O’Donnell, 1992). Effective role assignment, however, 

should go beyond rigid task division to support flexible behaviours shaped by individual traits and group dynamics 

(Strijbos & De Laat, 2010). The Belbin Team Roles (Belbin, 2010) (see Figure 1), which conceptualises roles as 

behavioural tendencies, has been widely adopted in higher education to support group formation and project-

based learning, with studies showing that teams balanced across Belbin roles report improved collaboration and 

performance (Aranzabal et al., 2022). Therefore, recognising and utilising roles is consequently significant for 

balancing group dynamics and fostering the NL conditions needed for effective social learning in online 

environments.  

 

 
Figure 1: Team Roles Grouped into Social, Thinking, and Task categories. Adapted from Belbin (2010) 

 

Automatic Group Formation and Role Awareness 
Automated group formation methods have advanced considerably, moving from simple rule-based systems to 

sophisticated Artificial Intelligence (AI) driven approaches. Early methods relied on fixed parameters, such as 

preferences, requests, or pre-test results (Ergulec, 2019; Muuro et al., 2014), with some incorporating dynamic 

regrouping based on participation and performance (Wijaya et al., 2019). Subsequent studies employed machine 

learning techniques to cluster learners by attributes such as prior academic performance, interaction patterns, and 

collaboration competence levels (Hasan et al., 2024; Maina et al., 2017). Optimisation and meta-heuristic 

approaches, such as genetic algorithms, were also explored to balance factors such as prior knowledge, roles, and 

social interactions in groups, though these methods still relied on predefined parameters (Chen & Kuo, 2019). 

More recently, advanced AI approaches have integrated diverse learner data, such as preferences, performance, 

behaviours, affective states, and interests, using deep neural networks and natural language processing (Pillai, 

2022; Smith et al., 2023).  

Despite these advances, many approaches remain constrained by their reliance on narrow or pre-existing data, 

limiting their applicability in certain contexts, for example, first-time learners. Similarly, automated approaches 

for detecting learners’ social roles or behavioural traits within NL settings are becoming more common with most 

existing methods employing traditional machine learning and deep learning techniques (Figueroa et al., 2019; 

Pongpaichet et al., 2022; Wijenayake et al., 2020). A common feature across these methods, however, is their 

reliance on pre-recorded datasets, such as learner interactions in online forums (Figueroa et al., 2019; Wijenayake 

et al., 2020), academic and behavioural traces from learning management systems (Pongpaichet et al., 2022). As 

a result, their applicability remains limited in contexts where prior learner data are unavailable. More recently, 
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Danahy et al. (2024) investigated the use of LLMs for group formation without relying on prior learner data, 

replacing traditional Likert-scale surveys with open-ended student reflections. Using ChatGPT, they analysed 

students’ responses to create learner profiles, synthesise class-wide themes, recommend groups, and generate 

individual and group reports to scaffold collaboration. However, their approach was constrained by its reliance 

on self-reported reflections and the absence of a validated theoretical framework for role inference. 

 

Purpose of the Study 
Intentional group formation and role assignment are essential for effective collaboration in NL (Y. Chen et al., 

2025; Luo et al., 2023), yet limited research has examined how learners’ teamwork role tendencies can inform 

these processes. Emerging advances in LLMs offer opportunities to automate role inference and group 

composition, reducing instructor workload while supporting pedagogically effective teams for NL. Accordingly, 

the aim of this study is to examine whether LLMs can be used as a socio-technical tool to infer learners’ teamwork 

role behaviours from brief, naturalistic learner–chatbot interactions in order to inform collaborative group 

formation in networked learning contexts. To achieve this aim, the study addresses the following research 

questions: 

RQ1: How do LLM-inferred teamwork roles from learner–chatbot exchanges in students compare with expert 

human judgements? 

RQ2: How does response length influence the reliability of LLM-inferred teamwork roles from students’ chatbot 

interactions compared with expert human judgements? 

 

Methodology 
 

System Overview 
To address the research questions, a custom-built chatbot was developed to first interact with learners and generate 

conversational data about their team role tendencies. These chatbot–learner interactions were then analysed using 

an LLM to infer the role tendencies of each learner relative to their peers. This study utilised Belbin Team Roles 

(Belbin, 2010) as the foundation for inferring role tendencies (see Figure 1). The chatbot was developed using 

ChatMate, a GenAI platform that allows educators to design custom chatbots tailored to instructional needs. In 

this study, the chatbot was specifically designed to elicit learner input on teamwork traits through naturalistic, 

scenario-based dialogue rather than self-reported surveys. Learners were presented with three realistic group work 

scenarios and asked to select one, after which the chatbot engaged them in a dynamic, branching conversation that 

adapted based on their responses. These interactions simulated common collaborative challenges, such as 

coordination, decision-making, and conflict resolution, to capture how learners might respond in authentic 

contexts. The chatbot continued the dialogue until sufficient information was gathered, typically lasting 15–20 

minutes. Following these interactions, learner dialogue data were processed for team role inference. Each 

conversation was retrieved, ordered, and broken down into message pairs consisting of the chatbot’s prompt and 

the learner’s response. These pairs were submitted to OpenAI’s LLM via structured API calls, which analysed 

responses against the Belbin Team Roles. Instead of producing a single categorical role, the model returned 

percentage-based role scores and justifications in JSON format separately for each participant message. To 

mitigate potential randomness, each message was scored five times, and the average score was used as the final 

output. This allowed for nuanced interpretation, acknowledging that responses could reflect multiple roles or none. 

When aggregated across conversations, these message-level analyses produced comprehensive role distributions 

per learner, enabling the detection of role tendencies and patterns for subsequent evaluation. 

 

Participants and Data Collection 
Participants were recruited through Prolific, an online research recruitment platform that facilitates participant 

involvement with informed consent, provided they meet the study’s eligibility criteria. In total, 56 participants 

were recruited from an international pool, with the majority based in South Africa (n = 25), followed by the United 

States (n = 9), Spain (n = 6), and the United Kingdom (n = 5), with the remaining 11 participants representing 

other countries. The inclusion criteria required participants to be currently enrolled in a university program (31 

undergraduate and 25 postgraduate students). Participants accessed the platform via a unique link and were 

instructed to engage with the chatbot.  Upon completion of this activity, all participant–chatbot interactions were 

automatically recorded and stored in ChatMate’s database. These conversation transcripts were later retrieved and 

used for the analysis presented in this study. Participation in this study was voluntary, and all participants received 
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monetary compensation through the Prolific platform in line with standard research practice. The study received 

institutional human research ethics approval prior to the commencement of data collection. 

 

Data Analysis 
To address RQ1, the LLM-inferred roles were compared with human-coded roles. Two coders conducted human 

coding. Each participant’s conversation was coded for all nine Belbin roles (see Figure 1) by both coders. Initially, 

they coded the data independently; however, due to discrepancies, likely resulting from the inherent subjectivity 

of role interpretation, they subsequently adopted a consensus coding approach. This involved jointly reviewing 

and assigning role labels to each message in the participant conversations to ensure consistency and reliability. 

The coding process mirrored the LLM-based approach in structure (see System Overview), assigning roles at the 

message level for each participant, allowing multiple roles to be assigned to a single message. However, unlike 

the LLM coding, the human coding did not involve confidence or weight scores; only categorical role labels were 

applied. At the end of the coding process, a role was considered assigned to a participant if it appeared in at least 

one of their messages. This procedure was followed for all participant conversations in the dataset. To address 

RQ1, the human coding was compared against the roles assigned for each participant’s message by the LLM. To 

quantify the level of agreement between the two coding approaches, two standard inter-rater reliability metrics 

were used: Cohen’s Kappa and Percentage Agreement. Cohen’s Kappa accounts for chance agreement, offering 

a more conservative and robust measure than simple percentage agreement. Percentage Agreement, on the other 

hand, provides an intuitive sense of how often the LLM and human reviewers assigned the same roles to the same 

messages. Importantly, the comparison was conducted at the message level. That is, each individual message 

within a participant’s conversation was examined to determine whether the LLM and human coders assigned the 

same set of roles. This resulted in a single Cohen’s kappa score and a single percentage agreement score for each 

Belbin role.  

To respond to RQ2, the length of participants’ responses in the learner-chatbot exchanges was used to determine 

if they moderated the agreement between LLM- and human-coded roles. For each participant, we first calculated 

the overall percentage of agreement across all nine roles (see Figure 1), based on whether the LLM and human 

coders assigned the same set of roles to each participant. This agreement percentage was then plotted against the 

proportion of messages of different lengths in the learners’ responses to the chatbot. Message length categories 

were determined empirically from the distribution of responses. This approach allowed for exploring whether 

conversations containing a higher proportion of long, detailed messages were associated with stronger alignment 

between the LLM and human role inference, compared to conversations dominated by shorter, less elaborated 

responses. 

 

Results 
 

Table 1 shows the resulting Cohen’s kappa scores and percentage agreement scores for each role, based on the 

comparison of 675 messages from 56 participants engaged with the chatbot. In terms of RQ1, the results indicate 

a strong level of agreement between LLM and human coding based on percentage agreement, with all roles 

achieving scores above 80% and some reaching as high as 98%. According to Cohen’s kappa, the social roles (i.e. 

Coordinator, Team-worker, and Resource Investigator) demonstrated moderately higher agreement between 

human judgment and LLM outputs compared to thinking and task-related roles. Nevertheless, all roles showed 

higher agreement than would be expected by chance (Cohen’s Kappa > 0). The discrepancy between the 

percentage agreement and Cohen’s kappa values can be explained by the imbalance in the dataset: for most roles, 

the number of messages assigned to that role is considerably lower than the number not assigned. This class 

imbalance is accounted for in Cohen’s kappa, which adjusts for agreement occurring by chance, thereby producing 

more moderate scores compared to the high values observed in percentage agreement. 

The distribution of message lengths (see Figure 2) was highly right-skewed, with a high concentration of brief 

responses and a long tail extending beyond 100 words. To categorise responses meaningfully, thresholds were 

determined based on visual inspection of the histogram and changes in response density. Messages with ≤5 words 

were classified as concise (very short), reflecting minimal or acknowledgment-style responses. Messages with 6–

39 words were classified as short, capturing the majority of conversational turns. Responses of 40–79 words were 

classified as medium-length, representing more elaborated but typical contributions, while messages with ≥80 

words were classified as long, corresponding to the sparse upper tail of the distribution. 
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Table 1: Cohen's Kappa percentage agreement by Belbin role 

 Social roles Thinking roles Task roles 

Role CO TW RI SP ME PL CF IM SH 

Cohen’s Kappa 0.52 0.51 0.41 0.39 0.38 0.15 0.41 0.27 0.20 

Percentage Agreement 80.96 86.74 93.23 98.73 91.96 93.65 97.32 89.42 96.05 

 

 
Figure 2: Distribution of the number of words per participant message in the learner-chatbot exchange 

 

Figure 3 visualises scatterplots showing the percentage agreement between LLM and human coding plotted 

against the proportion of (1) concise, (2) short, (3) medium-length, and (4) long learner messages within a 

conversation. The results indicate that as the proportion of short messages increases, agreement between LLM 

and human coders tends to decrease. In contrast, conversations containing a higher proportion of long learner 

messages are associated with improved agreement. A similar, albeit weaker, positive trend is also observed for 

medium-length messages, suggesting that increased informational content may modestly support coding 

alignment. Interestingly, agreement was also found to increase in conversations with a higher proportion of 

concise messages (see Figure 4). 

 

 
Figure 3: Prediction accuracy against the proportion of concise, short, medium and long learner 

responses 
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Figure 4: Example comparisons of AI vs human coding across different lengths of messages 

 

Discussion 
 

This study used a GenAI-powered chatbot to elicit textual data through open-ended learner dialogues and 

examined the capacity of LLMs to infer learners’ collaborative tendencies from brief, naturalistic learner–chatbot 

interactions without reliance on large datasets or direct instructor input. Furthermore, the study analysed whether 

the length of the learner responses is associated with the degree of agreement between LLM-derived coding and 

human judgements of teamwork roles. Two research questions guided the investigation. 

With respect to RQ1, the findings indicate that LLM-based role inferencing achieved a moderate level of 

alignment with human coding, as measured by percentage agreement and Cohen’s Kappa. This outcome warrants 

consideration from two complementary perspectives. Firstly, it provides evidence that LLM exhibits significant 

potential in capturing and inferring learners’ teamwork role tendencies in a manner that closely aligns with human 

judgment. This demonstrates that LLMs can be leveraged to surface insights about how learners contribute to 

collective tasks, thereby offering practical tools for supporting online social participation and balanced group 

design in NL environments (Y. Chen et al., 2025; De Felice et al., 2022). Secondly, it highlights the interpretive 

subjectivity inherent in human coding. While human judgment was used as the reference standard in this study, it 

should not be regarded as the absolute truth. During the initial phase of human coding, inter-rater agreement 

between two coders was low, necessitating the adoption of consensus coding, which highlights the inherent 

subjectivity in Belbin role coding. Consequently, the moderate agreement observed between LLM- and human-

generated codings can also be attributed to this inherent subjectivity. Thus, while perfect alignment with human 

coding was not achieved, the findings indicate that LLM outputs were nonetheless comparable to human 

interpretations. Evidence in the literature of similar contexts supports this finding. For example, Zhang et al. 

(2025) found moderate agreement between GPT-4 and human coders and concluded that such levels of 

concordance are acceptable given the inherent subjectivity of qualitative coding. Similarly, Borse et al. (2025) 
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reported moderate to substantial agreement with consensus human coding and noted that discrepancies could 

partly reflect the inherent subjectivity of qualitative categories. While empirical research is required to determine 

the broader acceptability and validity of using LLMs, the findings of this study suggest that LLM-supported role 

inference could serve as a comparable mechanism to educators in facilitating equitable group composition, thereby 

fostering conditions for reciprocity, accountability, and collaboration in NL spaces.  

The results for RQ2 revealed that the length of learner responses was associated with the degree of alignment 

between LLM and human-coded role inference. Specifically, there was greater agreement between LLM and 

human role inference for participants who consistently provided longer and more elaborated responses throughout 

the chatbot conversations. Conversely, when participants predominantly provided shorter responses, the 

agreement between LLM and human inference decreased. This pattern is expected, as longer messages are likely 

to contain more detailed reasoning and richer self-descriptions in response to the chatbot’s questions (Error! 

Reference source not found.), thereby enabling the LLM to make more accurate role inferences compared to 

shorter messages. Human coders may rely on clear, concrete evidence before assigning a role, whereas the LLM 

may categorise a response under a role based on more subtle or partial indications. As a result, in shorter responses, 

humans often assigned fewer roles than the LLM, leading to lower agreement. This discrepancy between LLM 

and human role inference is consistent with recent work of Zhang et al. (2025) which compared GPT-4 and human 

coders in inductive and deductive coding tasks, showing that the GenAI applied codes more consistently, even 

when evidence was limited, while human coders tended to wait for clearer justification before coding. Similarly, 

Chen et al. (2025) in their study of online discourse data found that AI coders generated codes grounded mainly 

in narrow textual content, whereas human coders contributed more contextually grounded codes based on 

conversational dynamics. This interpretation is further extended by our observed pattern in cases where 

participants’ responses were predominantly very short (concise), in which the agreement between LLM and 

human role inference actually increased. The likely reason is that when responses are extremely short (i.e. less 

than five words), there is insufficient information for either humans or LLM to identify meaningful role indicators 

(Error! Reference source not found.). Therefore, both assign few or no roles, resulting in higher agreement.  

 

Conclusion  
 

This study examined the use of LLMs to infer learners’ teamwork role tendencies from chatbot-mediated 

dialogues and compared these inferences with human coding. The findings showed that LLM outputs reached a 

moderate level of alignment with human judgments and that learners’ response length is associated with the degree 

of agreement, with longer and more elaborated responses showing more aligned role inference between LLM and 

humans. From a design perspective, these results highlight the potential of LLMs to support the inference of 

teamwork role tendencies in ways that closely parallel human judgment, while reducing instructor workload and 

data requirements. At the same time, the study shows that the length of learner responses might matter to the 

agreement between LLM and human role inference. Consequently, the practical deployment of similar tools 

should promote more profound and elaborated learner contributions, including open-ended prompts and reflective 

questioning. Such design considerations can augment the environment for NL by facilitating technology use in 

supporting collaboration while also encouraging learners to engage in more substantial exchanges with a chatbot 

that contributes to the construction of meaning. This approach thereby fosters connection building through 

strengthening NL relationships, reciprocity, and meaningful interactions. Attending to these design features can 

help educators establish conditions where LLM enhances administrative efficiency while also elevating learners’ 

awareness of their teamwork role tendencies and bolsters opportunities for meaningful engagement within social 

online NL. While these implications are promising, the present study was limited by a modest sample size (56 

participants from Prolific) and the absence of more advanced statistical testing to capture the effects of interaction 

quality. In addition, reliance on Prolific introduces potential self-selection bias and limits generalisability, as 

participants may not fully represent learners engaged in authentic higher-education settings where collaboration 

unfolds within real curricular and social contexts. Building on this foundation, future research will expand to 

larger cohorts and extend to real-world contexts, allowing a rigorous evaluation of how LLM-based role inference 

can enhance group formation, role awareness, and ultimately strengthen social NL experiences and outcomes. 
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