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Abstract: Multi-method approaches are an emerging trend in CSCL research as they allow to 
paint a more comprehensive picture of complex group learning processes than using a single 
method. In this contribution, we combined measures from different data sources to capture the 
quality of collaborative group engagement (QCGE) in CSCL-groups: QCGE-self-assessments, 
QCGE-ratings of verbal group communication, and video recorded nonverbal group behaviors. 
Using different methods of analysis, we visualized, described, and analyzed the data and related 
the measures to each other. Here, we present results suggesting that measures from different 
data sources are interrelated: For instance, nonverbal behavior (like nodding the head) is related 
to high QCGE-ratings of verbal communications. Results are preliminary and show disparities, 
too. Yet, we conclude that the multi-method approach results in a more comprehensive 
understanding of QCGE. Feasibility and suitability of the multi-method approach are discussed 
and conclusions for future research are drawn. 

Introduction 
Computer-supported collaborative learning (CSCL) has positive effects on skill acquisition, knowledge gain, and 
student perceptions (Chen et al, 2018). By now, CSCL-research has repeatedly emphasized that it is of utmost 
importance to understand group learning processes in CSCL-groups in depth and on different levels so that they 
may be appropriately regulated to support successful learning (e.g., Järvelä & Hadwin, 2013; Slof et al., 2020). 
Our contribution here adds to this research. We present methods developments – in our case: methods to assess 
the quality of collaborative group engagement (QCGE, Sinha et al., 2015) in CSCL groups – because complex 
constructs demand appropriate methods to be comprehensively researched and understood, also for improved 
future options to help groups to regulate their group processes in CSCL. In the next section we will further describe 
the complex construct QCGE, before we explain our multi-methods approach. 

Quality of Collaborative Group Engagement (QCGE) and how to measure it 
Sinha et al. (2015) investigated collaborative group engagement in CSCL learning contexts as a construct 
consisting of four different dimensions on the group level. They postulate four dimensions: 1) Behavioral 
engagement relates to task-related collaboration and defines if group members focus on the common task to be 
solved (i.e., on-task behavior) or if they rather get distracted (i.e., off-task behavior) and includes on-task 
persistence and effort investment. 2) Social engagement refers to group cohesion and the ways of communicating, 
whether groups communicate in a constructive and respectful way and whether they are responsive to each other. 
3) Cognitive engagement addresses the development of a mutual understanding about the common task and of 
how to proceed in the task as well as the joint regulation of deep-level strategies in group learning. 4) Conceptual-
to-consequential engagement addresses the ability of learning groups to interrelate diverse content to draw 
meaningful conclusions, and effectively use technological and conceptual tools to develop group products.  

On the empirical level, Sinha et al.`s (2015) four-dimensional conceptualization of engagement and their 
respective research highlights the complexity and dynamics of the quality of those aspects of engagement varying 
between and within learning groups. The authors could demonstrate in their study using a newly developed video-
based observational measure to assess engagement in CSCL-groups and basically quantifying engagement quality 
according to three levels (1=low, 2=moderate, and 3=high) that groups with low engagement could clearly be 
differentiated from those with high engagement on the postulated engagement dimensions. Additionally, the 
authors demonstrated in comparative case studies (by qualitative analyses) how the engagement quality levels on 
certain dimensions influenced the quality of other dimensions, e.g., high quality behavioral and social engagement 
fostered high quality cognitive engagement, which then facilitated conceptual-to-consequential engagement. 
These results are highly important to analyze group engagement in CSCL and point to important options for 
regulating group processes (e.g., socio-emotional regulation, cf. Hadwin et al., 2017; Järvelä & Hadwin, 2013) 
and thus how to find ways to support it in CSCL practice in targeted ways.  

However, as Sinha et al. (2015) clearly state, further methodological developments are necessary to 
achieve this goal to investigate the complex nature of group engagement quality more comprehensively and in 



 

detail. In the next section we provide a brief overview regarding the scope of CSCL-research methods before we 
will elaborate on our own multi-methods approach that we have developed to study QCGE.  

Methods to capture group processes in CSCL 
Seminal CSCL-research has invested important work in developing a range of methods to study group learning 
processes, e.g., by self- assessment data, which allow to survey motivation, learning and socio-digital activity 
(Stahl & Hakkarainen, 2021) or by qualitative methods based on different verbal data sources such as verbal 
conversation analysis (Zemel et al., 2005), content analysis (cf. Trausan-Matu & Slotta, 2021), or dialogue 
analysis (Hu et al., 2022). Other works additionally included nonverbal behaviors captured in activity transcripts 
together with verbal communication data (e.g., Barron, 2003; Zahn et al., 2010) or analyzed both transcriptions 
and gestures from video recordings as a complex process (Trausan-Matu, 2013). Likewise, quantitative 
approaches based on verbal communication data from audio recordings or written communication in chats were 
used (e.g., Gijlers et al., 2009; Slof et al., 2016) as well as approaches based on nonverbal behavior data from 
video recordings, logfiles and data visualizations (e.g., Rack, et al., 2019; Oshima & Hoppe, 2021; Zahn, et al., 
2010). Nonverbal body behaviors during social interaction (e.g., gaze, head nodding, gesture) were analyzed in a 
broad range of research works (from ethnographic research traditions in the Learning Sciences; see Goldmann et 
al, 2014 to group interaction research on nonverbal expressions of power and dominance in relationships, see 
Burgoon & Dunbar, 2018). To sum it up, in the field of CSLC and related research, a multitude of methods was 
applied to understand group processes of learning and motivation.  

With growing interest in comprehensively grasping the complexity of collaborative learning processes, 
there is a related growing interest in combining research methods relying on different data sources (cf. Schneider 
et al., 2021; Suthers & Lund, 2013), applying computational methods (Oshima & Hoppe, 2021) and including 
nonverbal behavior. To name just a few: Spikol et al. (2017) detected wrist movements and face orientation in 
small learning groups using computer vision systems and found that the number of times group members looked 
at the shared screen and the distance between their hands could identify synchronicity and physical engagement. 
Grafsgaard et al. (2014) found relations between facial and gestural behaviors and student engagement and 
frustration in a multimodal study combining self-assessments and automatic recognition of facial and gestural 
features. In sum, we recognize that in CSCL research multi-modal and multi-method developments have 
increasingly been appreciated and applied. This is the starting point of our approach presented here with the goal 
of developing ways to research QCGE as a complex theoretical construct with the group as the basic unit of 
analysis (Stahl, 2015) demanding a multi-method-approach to study it in fair detail. Particularly, we explore and 
compare different methods to examine the different dimensions of QCGE (i.e., behavioral, social, cognitive, 
conceptual-to-consequential engagement quality).  

We demonstrate the methods to study QCGE based on (1) self-assessment data from a QCGE-
questionnaire (for post-hoc self-ratings in CSCL-groups), (2) verbal communication data and QCGE-ratings on 
four dimensions (by trained raters), (3) coding of nonverbal group behavior data (by trained coders) and relating 
them to QCGE-dimensions using visualizations of results to detect possible patterns over the course of task 
performance in CSCL-groups. We present the initial results from applying this multi-method approach to a data 
set to demonstrate which insights can be gained from this research practice.  

Our main research questions were: RQ1: How can the complex construct QCGE in CSCL-groups be 
assessed by combinations of measures based on self-assessment data, verbal communication data, and nonverbal 
behavior data? RQ2: What implications can be drawn concerning interrelations between verbal communication 
measures of the four dimensions of QCGE and nonverbal behaviors in groups?  

Methods 
Participants. The sample included a total of N=33 participants (76% female, M= 24.09 Years, SD= 6.70) divided 
into 11 groups. Participants were students and received either subject hours or financial compensation in return 
for study participation.  

Design of CSCL-Task and QCGE learning context. An authentic CSCL-task paradigm was used for the 
study which was aligned with related constructionist CSCL research (cf. Harel & Papert, 1991) and design 
problem solving paradigms (e.g., Goel & Pirolli 1992). Based on McGrath’s (1984) task taxonomy, the task 
paradigm combines a «Planning Task Type 1" and "Creativity Task Type 2" and proved successful for 
investigating QCGE (Sinha et al., 2015) and CSCL (e.g., “learning by visual design” Zahn, 2017). In the study 
presented here, the example domain was architectural psychology according to the SNSF-project context of the 
study (see acknowledgements). Precisely, the task involved groups of 3 students using the 3D modelling tool 
Sweet Home 3D (eTeks, 2022) to collaboratively design a floorplan for a co-working office according to future 
users` needs. The task was developed in such a way that individual roles were defined for group members and the 



 

respective needs sometimes conflicted with each other. This was deliberately designed to challenge groups on all 
four dimensions of QCGE. The learning goals of the task include domain-specific knowledge construction 
(content-related: architectural psychology) and collaborative problem solving in groups supported by a complex 
digital planning tool (future skills, digital skills).  

Procedure. Participants received full information about the study and data protection and a written 
consent form to sign. They were then given 15 minutes to get used to the Sweet Home 3D tool. After this training 
phase, they worked together for 75 minutes on their self-organized task. To capture verbal communication and 
nonverbal behavior data, videos were recorded. Finally, after completing the task, participants were given a 
questionnaire in which they individually rated QCGE in the group. 

 
Table 1 
Overview over the measures used in a multi-method approach to capture dimensions of QCGE.  
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Propping Head 
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Note. CC = Conceptual-to-consequential. 

QCGE Measurement-Approach: Data collection and data preparation for analysis 
An overview of the measures used in our study is provided in Table 1. Data were collected from different sources 
(see Table 1) to receive the following measures: 1) QCGE-self-assessments from a questionnaire (by group 
members after task completion). 2) QCGE ratings based on verbal communication during collaborative task work 
(by trained raters). 3) Nonverbal behaviors during collaborative task work (coded by trained coders with a coding 
scheme). Participants' self-assessments of QCGE dimensions were measured with a 12 items-scale (see Table 2). 
The scale had partly indicated limited reliability scores (α < .5) in a prior validation study, and an improved version 
is currently being re-validated. Thus, the herein presented analysis and results are taken with caution. Concerning 
analysis of verbal communication, we used a method related to “quantification of language” (Borge & Rose, 2021) 
and the QCGE-rating method originally suggested by Sinha et al. (2015, p. 282), but more fine-grained (i.e., based 
on 1-minute rather than 5-minute CSCL-sequences). Verbal communication from the video recordings was 
transcribed verbatim and the transcripts were divided into segments corresponding to 1-minute video sequences. 
Each segment was quality-rated on each of the four QCGE dimensions by two trained raters. We deliberately 
chose to use transcript based QCGE ratings to ensure a clear separation between verbal and nonverbal 
communication, thus counteracting potential confounding of the data. With 11 groups completing a task over the 
course of 75 1-minute sequences, this resulted in 3300 manual ratings. Pre-defined ratings were 1=low, 
2=moderate, and 3=high QCGE. Interrater reliability based on intraclass correlation coefficients (ICC, cf. Koo & 
Li, 2016) indicated excellent ICC for all rated QCGE dimensions (ICC = .982, 95% CI [.972, .988], F (79) = 111, 
p < .001). Nonverbal behaviors of the participants were collected with a coding scheme that was developed in two 



 

steps. Initially, codes were deduced from literature on nonverbal behavioral features indicating emotional states, 
engagement, and quality of relationships between persons (e.g., Burgoon & Dunbar, 2018) and resulted in nine 
nonverbal behaviors. The coding scheme was then tested by two trained raters on a 10 minute video of a CSCL-
group. Subsequently, two codes were excluded (i.e., “indication by finger” and “mutual gaze”), since the coding 
of these behaviors from video recordings was too difficult. Interrater reliability based on ICC for each code in the 
coding scheme revealed good to excellent ICC for all codes (ICC < .602). The final coding scheme consisted of 
seven codes (see Table 1).   

Data Analysis 
All statistical analyses were conducted with the statistical software R (R Core Team, 2022). The QCGE self-
assessment data were analyzed with descriptive statistics methods. Concerning QCGE ratings based on verbal 
communication, we used descriptive statistics (e.g., means, standard deviations and visualizations) to explore 
variance over the course of the task. The ratings over the course of the task were smoothed with locally estimated 
scatterplot smoothing (LOESS). The goal of this approach is to visualize the ratings and detect visual patterns 
indicating whether there is enough variance for comparisons with the other measures. Concerning nonverbal 
behavior, we analyzed the frequencies of each code and compared them to the dimensions of QCGE-ratings based 
on verbal communications. Since the QCGE-ratings indicate ordinal structure of three levels (1=low, 2=moderate 
and 3=high), we used cumulative link mixed models (Taylor et al., 2022). The nonverbal behavior (see Table 1; 
column 2) is based on repeated measures of frequencies of nonverbal behavior and the data is hierarchical (i.e., 
participants are nested in groups), so we applied cumulative link mixed models. Four models were fitted for the 
four dimensions of QCGE. For each model we defined all nonverbal behavior frequencies as fixed effects. The 
repeated measure over each one-minute sequence was added as a random intercept. Finally, the participants and 
groups were applied as random intercepts and the participants were nested in each group to control for individual 
and group level random effects. We followed the stepwise-elimination approach, proposed by Bates et al. (2015). 
We ran cumulative link mixed models with the R package ordinal (Christensen, 2019). For all four QCGE 
dimensions, the random effect of the participant was negligible and we therefore removed the term.  
 

Table 2 
Results of the self-assessed QCGE dimensions: behavioral (BE), social (SOC), cognitive (COG), 
conceptual-to-consequential (CC) engagement. 

QCGE 
dimension 

Item Mean (SD) 

B
E  

All group members actively participated in the task processing. 6.48 (0.67) 
Our group dealt exclusively with the task and nothing else. 6.30 (1.10) 
Our group did not get distracted during the task processing. 6.03 (1.10) 

   

SO
C 

The communication in our group was respectful and constructive. 6.70 (0.58) 
One or two group members dominated the collaboration and imposed 

their ideas. * 
4.33 (1.78) 

Disagreements sparked constructive discussions. 4.27 (2.21)  

  

C
O

G
 Our group worked on the task purposefully. 6.30 (0.81) 

Our group always had the overall task in mind. 5.97 (1.04) 
At the beginning, our group set a concrete plan to solve the task. 5.06 (1.43)  

  

C
C

 

To solve the task, our group linked various pieces of information 
(from the task sheet and/or prior knowledge). 

5.76 (1.11) 

Our group consistently used tools (such as the user manual) to 
complete the task. 

3.42 (1.77) 

The task solution is complete and coherent. 5.12 (1.49) 
Note. BE = Behavioral, SOC = Social, COG = Cognitive, CC = Conceptual-to-consequential.  
* The scale for this item is inverted. 

Exemplary Results 
We present exemplary results selected for the purpose of providing initial answers to our research questions. We 
demonstrate how the complex construct QCGE can be assessed based on combinations of measures resulting from 
self-assessment data, verbal communication data, and nonverbal behavior data (RQ1) and present selected results 
on interrelations between verbal communication-based measures of the four dimensions of QCGE and nonverbal 



 

behaviors in groups (RQ2).  
A first set of descriptive results regarding self-assessed QCGE (see Table 2) indicates that the self-

assessments are higher for the behavioral (M = 6.27, SD = 0.99) and cognitive (M = 5.78, SD = 1.71) dimensions 
of QCGE compared to the dimensions social (M = 5.10, SD = 2.01) and conceptual-to-consequential QCGE (M 
= 4.77, SD = 1.77). The latter two dimensions also indicate higher standard deviations. We refrained from 
subsequent (post-hoc) inferential statistical analysis, since the sample size did not meet the requirements.  

 

 
As a second set of results, the QCGE ratings based on verbal communication from the transcripts by 

trained raters, are visualized over the course of the task as illustrated in Figure 1. To visually represent the variance 
of the ratings over the course of the task per group, the ratings for each group (indicated by different colors) across 
the 75 minutes of collaborative task work are depicted for all four QCGE dimensions separately - resulting in four 
visualizations each with 75 ratings of 1-minute sequences for each group and for each QCGE dimension. The 
descriptive results suggest that QCGE-ratings on the behavioral (M = 2.96) and social (M = 2.68) QCGE 
dimensions appear higher than on the cognitive (M = 1.48) and conceptual-to-consequential (M = 1.15) dimension. 
Moreover, the variance for behavioral QCGE (SD = 0.22) and conceptual-to-consequential QCGE (SD = 0.32) 
are smaller compared to cognitive (SD = 0.51) and social QCGE (SD = 0.45). This indicates that according to the 
ratings, the four QCGE dimensions fluctuate in different strengths. Moreover, findings suggest that the groups 
showed low variance on the dimensions behavioral, and conceptual-to-consequential QCGE. 

 
Table 3 
Results of the cumulative link mixed model relating QCGE ratings based on verbal communication to 
nonverbal behaviors in groups. 

QCGE dimension Nonverbal Behavior Estimate (OR) z 
Behavioral  Laughing -0.75 (0.47) -5.93***  

Eye contact  -0.41 (0.66) -4.57*** 
Conceptual-to-consequential Eye contact 0.16 (1.17) 4.70*** 

Cognitive Nodding 0.07 (1.07) 2.08* 
 Eye Contact 0.18 (1.20) 6.32*** 
 Computer operation 0.16 (1.18) 2.10* 

Social Nodding 0.07 (1.07) 0.84+ 
Note. z = z statistics. OR = Odds Ratio. *** = p < .001, * = p < .05, + = p < .1 

 
A third set of results was calculated from the nonverbal behavior data (codings) and concerns interrelations 

between nonverbal behaviors in CSCL-groups and their QCGE (ratings based on verbal communication). The 
results of the cumulative link mixed models are presented in detail in Table 3. The models suggest that a number 
of nonverbal behaviors are significantly associated with the four QCGE dimensions in different ways: 1) Estimates 
indicate, that for behavioral QCGE, laughing and eye contact between the group members are significantly and 

Figure 1 
Smoothed QCGE ratings over the course of the task, categorized by the dimension. 



 

negatively associated with the QCGE ratings based on verbal communication data. The more the participants 
laughed and showed eye contacts with each other, the lower the groups were rated on the dimension of behavioral 
QCGE. 2) Concerning conceptual-to-consequential QCGE, eye contact is significantly and positively associated. 
The more the group members showed eye contacts, the higher the groups were rated on the dimension of 
conceptual-to-consequential QCGE. 3) Concerning cognitive QCGE, it positively and significantly associates 
with nodding. The more often the group members were nodding, the higher the QCGE rating for the cognitive 
dimension was. 4) Regarding the dimension of social QCGE, we did not find any significant associations with 
nonverbal behavior. However, nodding seems to positively associate with the ratings of social QCGE. The 
estimates (see Table 3) are similar to the model for cognitive QCGE, however, not significant.  

Discussion 
The goal of this contribution was to find initial answers to two research questions: 1) How can the complex 
construct QCGE in CSCL-groups be assessed by combinations of measures from self-assessment data, verbal 
communication data, and nonverbal behavior data? 2) What implications can be drawn concerning interrelations 
between verbal communication measures of the four dimensions of QCGE and nonverbal behaviors in groups?  

Concerning the first research question, we provided an empirical example with data from an authentic 
CSCL-task setting showing how the multi-method approach based on self-assessment data, verbal communication 
data, and nonverbal behavior data and combinations of measures can complement existing methods (Sinha et al., 
2015). We provide example results illustrating the feasibility and which insights can be gained with this approach.  
Thus, the visualized results from verbal communication based QCGE-ratings illustrate how QCGE fluctuates over 
the course of the task in an authentic CSCL setting in different strengths implying differences between QCGE 
dimensions which is in line with previous research by Sinha et al. (2015). The results further indicate that the four 
dimensions can change independently over time and that it therefore may be possible to design them from the 
outside in a targeted manner in CSCL-practice. Comparisons between the measures add to the picture: Results 
from QCGE-self-assessments and from QCGE-ratings based on verbal communication both indicate high levels 
of behavioral and lower levels of conceptual-to-consequential QCGE compared to the other dimensions across all 
groups. As for social and cognitive QCGE, the perspectives differ: self-assessments are high for cognitive 
engagement, whereas QCGE ratings from verbal communication tend to be low to moderate. For social 
engagement, the picture seems to be reversed - the self-assessments tend to be at a medium level compared to the 
higher assessed behavioral and cognitive QCGE, whereas the verbal communication based ratings show high 
values. This finding suggests differences between inside (self-assessment) and outside (trained raters` QCGE-
ratings) perspectives and hence, that both solely collecting self-assessments and solely rating groups would each 
bring about a fragment of the whole picture. However, taken together a more comprehensive view of QCGE 
emerges, that can be interpreted in more detail and – again could inform CSCL practice. QCGE-self-assessment 
is thereby important because it represents the learners` perspectives and is as feasible as it gets. The QCGE-rating 
based on verbal communication over the course of task and coding of the nonverbal behavior is important as an 
observer’s (e.g., future teachers`) perspective. These contrasting perspectives are not the same, as our results show, 
so research needs both and we suggest to further explore ways to include and combine self-assessments together 
with observational methods as repeated measure over time.   

Regarding the second research question, we found significant relations between verbal communication 
measures of the four dimensions of QCGE and nonverbal behaviors (Table 3). For instance, higher frequencies of 
laughing and eye contact relate to lower behavioral QCGE while eye contact seems to be positively related to high 
scores on the cognitive and conceptual-to-consequential QCGE. Nodding is associated with both cognitive and 
social QCGE. This indicates that nonverbal behaviors can indeed reflect QCGE dimensions in different ways and 
thus be used as a further methodological approach to get a clear picture of what QCGE is from interpreting such 
results. Due to limitations of coding and counting procedures in this regard, combinations with self-assessments 
or further methods (e.g., reflecting video recordings together with the CSCL-groups) should be considered in the 
future. 

The study has its strengths and limitations: It`s strengths include the relevance of methods development 
for CSCL-research into QCGE in authentic CSCL-task contexts and the findings we obtained, specifically those 
showing interrelations between different measures and those concerning nonverbal behaviors. Limitations relate 
to the limited number of groups (N=11) mitigating general interpretations of results. Concerning the QCGE-
ratings based on verbal communication, we also found a limited variance of the ratings aggravating the modelling 
procedure. QCGE ratings indicated a skew for the social QCGE dimension and similarly, for the conceptual-to-
consequential dimension, namely that the groups never showed low social QCGE and never high conceptual-to-
consequential QCGE. We presume that this is due to the context of the study and the therein applied task design. 
Another possible explanation refers, however, to methodological limitations. For instance, those concerning social 



 

engagement. Social engagement might have been difficult to assess based on both self-assessments (because they 
are subject to more complex social processes, such as social desirability) and based on observations (because the 
QCGE was rated only from verbatim transcripts of the video recordings, but not from the videos themselves). 
Although this QCGE-rating procedure ensured a clear separation between verbal and nonverbal communication, 
the lack of context of social interactions when using only the transcripts instead of rich video data may have led 
to a biased estimation of social engagement. This raises the question of the meaning of ‘verbal communication 
data’ and should be considered in follow-up studies and future research. Further on, rating of QCGE and the 
coding and counting of nonverbal behavior to measure QCGE is laborious and for future analyses, we suggest 
algorithmizing the rating scheme through methods such as Natural Language Processing, which has already been 
suggested as a promising approach in CSCL-research (Wise et al., 2021). In combination with automatic transcript 
software, an algorithmic rating of QCGE would render the measurement more feasible and applicable in real-time 
settings. For nonverbal behavior measures, we consider that recent advances in computer vision and deep learning 
make it possible to capture videos with ubiquitous consumer-grade hardware (e.g., webcams, smartphone 
cameras) and to extract 3D landmarks of human faces and body skeletons from them (Lugaresi et al., 2019). This 
suggests the feasibility of automatically coding nonverbal behavior from video, which is being developed in our 
research as a method for assessing QCGE. This can, as we hope, further increase the relevance of the respective 
results for the CSCL Community. 

Conclusion 
The application and comparison of different methods to capture complex constructs can be a successful way to 
get a comprehensive picture of their nature. Our results demonstrate how a multi-method approach can be applied 
successfully to build on and complement existing methods (here: QCGE measures developed by Sinha et al., 
2015) in meaningful ways. Our work in progress aims at developing respective computational methods and visual 
analytics for applied and authentic CSCL-scenarios to measure QCGE. We hope our contribution will stimulate 
methodological discussions and further research in the CSCL and ISLS communities and in the Learning Sciences. 
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