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Abstract: This study explores the differences in students’ verbal behavior 
sequences between high-performing (HP) and low-performing (LP) groups in a 
computer-supported collaborative learning (CSCL) environment. Employing 
quantitative content analysis and Lag Sequential Analysis (LSA), this study 
analyzed the verbal interactions of these two groups. The findings reveal that 
HP groups frequently engaged in cycles of negotiation, clarity-seeking, and 
task coordination, leading to effective collaboration and problem-solving. In 
contrast, LP groups exhibited fragmented problem-solving approaches and 
frequent off-task behaviors. These insights highlight the importance of 
structured support and focused task management in enhancing collaborative 
learning outcomes. These findings suggest that educators should foster 
learning environments that promote continuous critical evaluation and 
seamless coordination to improve group performance. 
 
Keywords: Collaborative Learning, Computer-Supported Collaborative 
Learning, Verbal Interaction, Lag Sequential Analysis, Behavioral Patterns 

 
 

1. Introduction 
 
Collaborative learning, characterized by joint efforts toward shared goals through continuous 
communication, is recognized as an effective educational strategy (Wilczenski et al., 2001). In 
the context of Computer-Supported Collaborative Learning (CSCL), understanding how 
students interact with each other is critical for optimizing effective learning environments and 
experiences. Existing studies highlight the importance of both team coordination activities 
(such as planning and organizing) and task-related interactions (such as commenting and 
responding to messages) in fostering successful collaborative learning experiences (Vuopala 
et al., 2016). Moreover, peer interactions within CSCL environments have been shown to 
enhance students' interest and motivation, encouraging deeper engagement with diverse 
ideas, and ultimately improving learning outcomes (Molinillo et al., 2018; Moore, 1989).  

Verbal communication plays a central role in the collaborative learning process, serving 
as a key mechanism through which students share knowledge, engage in critical thinking, and 
solve problems collectively (Dillenbourg, 1999; Mercer, 2000). In CSCL environments, verbal 
interactions encompass both coordination efforts and task-related discussions, both of which 
are essential for developing a shared understanding and establishing collaborative learning 
norms (Ouyang & Xu, 2022). These interactions are vital for grasping the cognitive and social 
dimensions of learning, which are critical for the development of effective collaborative skills 
(Johnson & Johnson, 2009; Kwon et al., 2014; Vuorenmaa et al., 2023). Consequently, 
analyzing students' verbal communication patterns offers valuable insights into their 



   

 

   

 

collaborative learning dynamics and the overall effectiveness of their interactions (Roschelle 
& Teasley, 1995; Stahl, 2006; Wang et al., 2019).  

This study aims to delve deeper into these dynamics by employing Quantitative Content 
Analysis and Lag Sequential Analysis (LSA) to examine the verbal behavior sequences of 
high-performing (HP) and low-performing (LP) groups (Wu et al., 2016). Identifying sequential 
patterns in dialogue allows for a nuanced understanding of the strategies employed by 
students and the impact of these strategies on group performance (Hou et al., 2015）. In this 

context, understanding the differences between HP and LP groups is crucial for developing 
tailored interventions that enhance collaborative learning (Malmberg et al., 2015). For instance, 
strategies such as promoting proactive communication, providing structured task guidance, 
and fostering continuous engagement and critical evaluation can significantly improve learning 
outcomes (Kozlowski & Ilgen, 2006; Vygotsky, 1978). By analyzing the behaviors of HP and 
LP groups, educators can either reinforce strengths in coordination and problem-solving for 
HP groups or offer additional scaffolding and task management support for LP groups 
(Bransford et al., 2000; Gillies, 2004). These targeted strategies can lead to a more effective 
and inclusive collaborative learning environment, addressing the unique needs of each group 
and ultimately enhancing the overall learning experience (Sawyer, 2004). With the above, this 
study aims to address the following research question: What are the differences in verbal 
behavioral sequences between HP and LP groups during collaboration? 
 
 

2. Methods 

 
2.1. Experimental Design & Data Collection  
 
The experiment was conducted in a university laboratory with ethical approval from the 
Institutional Review Board. Sixteen participants, aged 21 to 40 and from diverse academic 
backgrounds, were paired with unfamiliar partners to minimize the effects of prior 
collaboration. Each dyad participated in a single session, using individual computers to access 
a shared online interface for collaborative ideation task, where they designed a multifunctional 
schoolbag based on prompts related to 'customer traits,' 'outlook,' 'function/technology,' and 
'materials.' Prior to the task, participants had 2 minutes for individual preparation in separate 
workspaces, during which they recorded their ideas without verbal communication. 
Subsequently, dyads collaborated for 5 minutes, discussing and integrating their ideas verbally 
in a shared collaboration column (Figure 1). 

 
Figure 1. Online task interface used in the study. The first two columns are the individual 

working spaces while the last column served as the dyads’ shared workspace (left to right). 
 
Audio recordings were collected throughout the sessions to analyze verbal discourse 

behaviors. Since spoken communication was disallowed during individual preparation, only 
the last 5 minutes of each recording were analyzed. The recordings were transcribed using 
Whisper, an automatic speech recognition tool, and reviewed by two researchers for accuracy. 
To assess dyadic collaborative performance, scoring rubrics adapted from previous peer 
assessment research (Chang et al., 2020; Chang et al., 2021) were used. The rubrics 



   

 

   

 

evaluated responses in the collaborative ideation space across four dimensions: 
'Completeness,' 'Elaboration,' 'Functionality,' and 'Innovation,' with each dimension scored 
from one to three. Two raters independently graded the responses, and discrepancies were 
resolved through discussion. The total scores were then calculated, and dyads were 
categorized into high-performing (top half, n = 8) and low-performing (bottom half, n = 8) 
groups based on their performance. 

 
2.1.2 Coding Scheme  

 
Various coding schemes have been developed to analyze interaction patterns in collaborative 
verbal communication (Chung et al., 2013). Gunawardena et al.'s (1997) Interaction Analysis 
Model (IAM) explores knowledge construction in computer-mediated settings, categorizing 
interactions into five stages from information sharing to knowledge affirmation. Building on 
this, Wang et al. (2020) developed a verb-centric coding scheme for synchronous online 
learning, focusing on academic relevance, social connectivity, and off-topic behaviors. This 
study adapted Wang’s framework to further emphasize task completion and interaction 
dynamics, capturing nuanced student interactions and collaborative behaviors. Details of the 
coding framework are in Appendix Table 1. 

In analyzing dialogues within collaborative learning, participants typically follow a turn-
taking communication model. Researchers used a predefined coding framework (Table 1) to 
encode each turn within the dialogue, identifying interaction behavior patterns. The unit of 
analysis was the individual turn, coded according to predefined categories. To ensure 
reliability, Cohen’s Kappa was calculated across all groups, resulting in an average value of 
0.894, indicating substantial agreement between the two coders (Landis & Koch, 1977). 
 
 

3.  Discussion & Conclusion 

 
To ascertain whether these sequences relationships hold statistical significance, in this study, 
we utilized the software GSEQ 5.1 to conduct Lag Sequential Analysis (LSA) that primarily 
employed to examine the probability and statistical significance of one behavior occurring 
immediately after another (Bakeman & Gottman, 1997). In LSA, As shown in Appendix, the 
columns in the contingency table represent the given behaviors (which occur first), and the 
rows represent the target behaviors (which occur subsequently). The adjusted residual results 
(Z-scores) of each behavioral transition determined whether the subsequent behaviors were 
significant (Z-scores > 1.96, Bakeman & Gottman, 1997). The results reveal that the number 
of significant sequences in the HP and LP groups was 9 and 8, respectively. We then depicted 
the behavior transition diagrams for all sequences that reached statistical significance. 
Numerical values represent the Z-scores of the sequences while arrows indicate the direction 
of the transition. Statistically significant sequences are represented in a behavioral transition 
diagram (Figure 2) to provide a comprehensive view of the findings. 
 

 
Figure 2. Behavior transition diagram of sequences in the HP group(left) and LP group(right).  
 



   

 

   

 

As shown in Figure 2, high-performance (HP) groups demonstrate effective collaboration 
through several key behavioral paths. Self-loops in A5 (negotiation), A6 (discover uncertainty), 
and A7 (lead task coordination) indicate continuous engagement in critical evaluation, clarity, 
and coordination. For instance, members repeatedly refine proposed solutions (A5), address 
ambiguities (A6), and maintain focus through persistent coordination efforts (A7). The 
transition from A7 to A4, where task coordination leads to agreement, highlights how 
coordination results in consensus and cohesive action. Even when off-task behavior occurs 
(A9), HP groups typically return to task relevance (A8), maintaining overall productivity. In 
contrast, low-performance (LP) groups exhibit behavioral sequences that reflect challenges in 
staying on track and managing discussions (Molinillo et al., 2018). The transition from A6 to 
A2 to A3 shows a fragmented approach to problem-solving, where identified uncertainties (A6) 
lead to ineffective requests for help (A2) and unproductive responses (A3). Additionally, the 
sequence from A7 to A8 to A9 indicates a breakdown in focus, where task coordination (A7) 
devolves into irrelevant content (A9), highlighting persistent distraction and lack of task 
commitment. 

The findings have significant implications for educators and instructional designers. For 
HP groups, reinforcing their strengths in coordination and critical evaluation can be achieved 
by providing complex, open-ended tasks that challenge their leadership and problem-solving 
skills (Johnson & Johnson, 1999). For LP groups, targeted strategies are needed to address 
challenges such as fragmented problem-solving and distractions. Assigning specific roles and 
responsibilities, along with implementing monitoring tools and regular feedback, can help LP 
groups maintain focus and improve task management (Barron, 2003; Chen et al., 2018). 
These interventions can foster proactive communication, clear task guidance, and 
environments that support continuous engagement and critical evaluation (Volet et al., 2017; 
Järvelä et al., 2019). 
 

4. Limitations and Future Work 
 
This study primarily examines verbal data from collaborative learning design session, which 
provides valuable insights into the communication patterns and behavioral dynamics of HP 
and LP groups. However, this focus on verbal interaction alone may not capture the full 
complexity of collaborative processes in computer-supported collaborative learning (CSCL) 
environments. Future research should incorporate additional modes of interaction, including 
online interactions and non-verbal communication, to gain a holistic understanding of the 
CSCL process. By examining multiple modalities of interactions, future studies can provide a 
more comprehensive picture of how collaborative learning unfolds in various contexts. 
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