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Abstract

To assess collaborative group engagement within computer-supported collaborative learning (CSCL) en-
vironments, we introduce a comprehensive, data-based approach, the Collaborative Group Engagement
(CoGE) framework. It integrates natural language processing and computer vision in a structured,
flowchart-based process. The CoGE framework aims to ensure consistent assessments of behavioral, met-
acognitive, and socio-emotional dimensions of group engagement. Central to the framework is a temporal
segmentation strategy, enabling aligned and contextualized analysis across data dimensions. The time
segmentation is used in tailored visualizations of multidimensional data, facilitating nuanced interpreta-
tion and informed decision-making through raters. The CoGE framework leverages semi-automation of
processes to enhance objectivity and reliability, addressing challenges associated with traditional, subjec-
tive assessments of collaborative engagement. The presented framework improves the assessment of
group engagement, offering a scalable, objective, and multidimensional approach.

The presented CoGE framework is implemented in a prototype application to test and illustrate its ap-
plicability. The application, a dashboard integrates interactive Visual Analytics to support and streamline
the interpretation of group engagement, enabling insights, fostering informed data-based interventions,
and improving rater efficiency and objectivity. The implemented prototype demonstrates the practical
feasibility of the CoGE framework, showcasing its capability to bridge the gap between semi-automated
data processing and human-centric evaluation in collaborative learning settings.

Keywords: assessment framework, CSCL, Visual Analytics, nonverbal behavior, collaborative group en-
gagement
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1 Collaborative Group Engagement in Computer-Supported Collaborative Learning environments
and its current measurement—Relevance for identifying new methods

In today’s educational landscape, the concept of computer-supported collaborative learning (CSCL) in-
cluding Al-support for learning in digital environments is considered a promising approach to enhance
learning outcomes in higher education (Crompton & Burke, 2023; Robert, 2024). Such collaborative learn-
ing promotes the development of essential skills like problem-solving, creativity and teamwork, which are
critical for success in both academic and professional settings (e.g., Ramdani et al., 2022; Trung & Truong,
2023). The integration of digital tools and interactive, intelligent systems into educational practice has
created new opportunities to enhance learning (Chen et al., 2018; Niemi et al., 2023). In this vein, under-
standing the quality of collaborative group engagement (L. T. Jeitziner, Paneth, Rack, & Zahn, 2024; Paneth
et al., 2023, 2024; Sinha et al., 2015) is crucial for creating inspiring learning experiences and effective
CSCL settings and therefore improving learning outcome.

Collaborative group engagement has been defined by Sinha et al. (2015) as a cognitive and social process.
Sinha et al. (2015) outlined four QCGE dimensions in complex digital learning environments: Behavioral
Engagement, involving persistence and effort; Social Engagement, marked by respectful, responsive group
interactions fostering cohesion and shared understanding; Cognitive Engagement, reflecting collaborative
planning, monitoring, and evaluation; and Conceptual Consequential Engagement, where groups apply
domain-specific methods, connect ideas to prior knowledge, and understand the broader problem con-
text. For instance, nonverbal cues, such as gestures, facial expressions and body language, which signifi-
cantly enhance social presence and group cohesion (Burgoon & Dunbar, 2018), were shown to be indica-
tive of collaborative group engagement in both virtual and face-to-face learning groups (L. T. Jeitziner,
Paneth, Rack, & Zahn, 2024; Paneth et al., 2024). In consequence, various methods for assessing the qual-
ity of collaborative group engagement (QCGE) were developed such as the rating scheme by Sinha et al.
(2015) based on verbal communication or the multimethod approach by the Paneth et al. (2023) based
on different data sources e.g., verbal and nonverbal data. These methods have proven very promising for
the assessment of QCGE (e.g., Paneth et al., 2024). Trained raters are asked to rate several or multiple
criteria in a systematic manner. However, the trained raters must rate different criteria simultaneously,
which is challenging. The raters must learn to make several complex judgments and decisions based on a
complex data set in parallel. For instance, regarding Sinha et al.'s (2015) Social QCGE dimension, a rater
must make nine different judgements for different criteria per time segment (see Table 1). According to
cognitive load theory (e.g., Van Gog et al., 2011) human cognitive architecture has its limitations regarding
parallel information processing of complex data. Thus, the rating task, when it overwhelms the cognitive
capacities of the rater, could likely lead to errors, inconsistencies or bias in ratings (L. T. Jeitziner, Paneth,
Rack, Zahn, et al., 2024). Automated approaches of assessing collaborative group engagement can reduce
the workload by automated data analyses (e.g. through learning analytics) (e.g., Xing et al., 2022). Specif-
ically, in their study, Xing et al. (2022) operationalize social engagement as whether group members have
a shorter response time between messages in an online learning environment and whether the messages
are reciprocal. Such automated approaches may, however, address a different aspect of engagement than
the original construct and potentially lack validity.

A criticism or challenge in the thematic vicinity of collaborative group engagement is the lack of clarity
regarding the psychological construct. For instance, the terminology of the four dimensions in Sinha et
al.'s (2015) framework for assessing the quality of collaborative group engagement presents some ambi-
guities. The term "cognitive" may be misleading as it encompasses processes like task monitoring and self-
regulation, which are often associated with meta-cognition. Similarly, the social dimension appears to
include elements that may align more closely with affective aspects, raising questions about the appro-
priateness of its label. These ambiguities highlight the need for clearer and more precise terminology in
describing the dimensions. The work of Rogat et al. (2022) on Collaborative Group Disciplinary Engage-
ment, which is also based on Sinha et al.'s (2015) work, redefined the "Cognitive" dimension as "Meta-
Cognitive" to better reflect the processes it encompasses, such as task monitoring and self-regulation.
Additionally, the "Social" dimension was renamed to "Socio-Emotional" to capture the affective compo-
nents included within its criteria. In sum, existing methods often either burden raters with excessive



cognitive load or rely on limited validity of indicators, both of which can alter and distort results. In previ-
ous research it was found that ratings based on Sinha et al.’s (2015) methodological approach led to
skewed results in the Behavioral and Social dimensions of QCGE (L. T. Jeitziner, Paneth, Rack, & Zahn,
2024; Paneth et al., 2024).

This challenge prompted us to develop a more reliable, valid, objective, and efficient method for assessing
collaborative engagement (cf. Hmelo-Silver & Jeong, 2023) which we refer to as the CoGE framework. The
framework provides a structured rating system to evaluate the quality of collaborative group engagement
in CSCL settings. The framework builds on our previous work (Paneth et al., 2023) and previous defined
constructs on collaborative group engagement (Rogat et al., 2022; Sinha et al., 2015). The underlying ap-
proach of this framework is based on Visual Analytics for the analysis of high-resolution time series data
(Rack et al., 2019) while applying a data-based extension for assessing collaborative group engagement in
learning environments. By combining natural language processing and computer vision in a structured
flowchart-based process, this framework can contribute to enhance the accuracy and efficiency of collab-
orative engagement measurement. It preserves the nuanced insights of human judgment while leveraging
automated data to support consistent, objective assessments across cognitive and social processes in
learning behaviors during group collaboration.

Table 1: lllustration of the challenging parallel judgment requirements of Sinha et al.’s (2015) Social
Quality of Collaborative Group Engagement rating scheme.

Social QCGE Criteria Description Judgment Required
1. Respectfulness of Conversation Evaluates respectful communication among group mem- High/Moderate/Low Respectful-
bers. ness
2. Integration of Contributions Assesses whether all group members’ inputs are acknowl- Full/Partial/Little to No Integra-
edged and integrated. tion
3. Group Cohesion Indicates the level of collaborative versus individual work Collaborative/Individual/Varied

within the group.

4. Use of Personal Pronouns Observes specific language use to identify group inclusiv- Balanced/Inclusive/Exclusive
ity or individual focus. Pronoun Use

5. Group Dominance Determines if any subgroup or individuals dominate the  Balanced/Dominated by Sub-
conversation or decisions. group

6. Conflict Resolution Assesses the group’s ability to resolve tensions effectively. Fully/Partially/Not Resolved

7. Presence of Competing Ideas Identifies whether group members present and entertain Multiple Ideas/Single Idea
differing viewpoints.

8. Collaborative Tool Manipulation Establishes whether group members work together in ma- Collaborative/Individual Tool
nipulating shared tools or materials. Use

9. Disagreement for Further Dis-  Evaluates if disagreements foster constructive dialogue =~ Promotes Discussion/Limits Dis-
cussion and exploration. cussion

1.1 Combination of Visual Analytics and manual rating

The proposed framework builds on the approach outlined by Rack et al. (2019) emphasizing a collabora-
tive research process, structured around two distinct domain areas: traditional group research practices
(left) and Visual Analytics (VA) approaches (right) (see Figure 1) (Rack et al., 2019). This setup facilitates
the integration of VA methods into established research practices in a way that is flexible and adaptable
to the needs of an interdisciplinary research team. VA enhances traditional analytical processes by provid-
ing dynamic visual representations of the data that enables simultaneous investigation at different levels
of detail and, via transformations, at different abstraction levels. The central element in VA is a closed
feedback loop between the computer program executing the data crunching (processing and transform-
ing raw data), generating model outputs and visual representations. The rater, exploring the data by in-
teracting with the visualizations, can form and verify hypotheses by making modifications to the data
processing and transformation pipeline, e.g., by changing model or algorithm parameters (Keim et al.,
2010; Robinson et al., 2017; Thomas & Cook, 2005). The approach allows for parallel manual coding and



exploratory visual analysis. By keeping the analysis open-ended, raters have the freedom to explore the
data without constraints or biases toward specific data components, encouraging a creative and flexible
investigation that allows patterns, relationships, or insights to emerge naturally. There are problem areas
that need to be considered when developing VA tools, as otherwise the rater may misinterpret the visu-
alization of the data, e.g., due to bias or misleading visual representations (Nguyen et al., 2021). In addi-
tion, there may also be technical knowledge barriers, as many VA tools require raters to have significant
expertise and technical skills, which may hinder accessibility to a wider audience (Khakpour et al., 2023).
VA does not aim to replace traditional analysis methods, but extends and enhances them (Rack et al.,
2019). For instance, the algorithmic analysis of spatio-temporal movements, such as arm gestures or po-
sitional shifts, can guide a more targeted review of selected video segments. Initial coding of group coor-
dination behaviors can also be refined using VA techniques, resulting in a more nuanced understanding
of group interactions. Once hypotheses about group coordination are developed, VA designs can be opti-
mized to facilitate the validation of these findings.

Define research question and
study settings

Manual Mixed Methods Analysis .l: Visual Analytics
(using coding scheme) 4 (iterative, interactive visual aproaches)

Stand alone Results

Figure 1: A group research process (left) can be supported by VA approaches (right). Where the iterative
VA approaches are integrated with the traditional methods, is defined in an interdisciplinary research
team depending on the research questions to be answered. Adapted and simplified from Rack et al.
(2019).

We have built our framework based on this idea of combining manual mixed methods analysis with Visual
Analytics. Our proposed approach seeks to integrate Visual Analytics as a tool for studying complex multi-
modal, multi-resolution, quantitative and qualitative data into the established methodological practices
of CSCL (group) research in a way that is flexible and adaptable to the needs of specific research objectives.

1.2  Visual Analytics for High-Resolution Time Series

The Visual Analytics (VA) exploration process (see Figure 2), first described by Thomas & Cook (2005),
involves a synergistic interaction between automated data analysis and human cognitive strength to iden-
tify patterns, designed to facilitate deep insights into complex datasets (Thomas & Cook, 2005). This iter-
ative process typically begins with data ingestion, where large, multi-dimensional datasets are loaded into
a VA system. Next, preprocessing techniques such as data cleaning, transformation or aggregation are
applied to ensure that the data is accurate and suitable for exploration. Once pre-processed, the data is
subjected to automated analysis, which may include techniques such as clustering, pattern recognition or
machine learning algorithms that highlight significant trends, correlations and anomalies within the da-
taset. The visualization phase follows (Keim et al., 2008), where various graphical representations — such
as line charts, scatterplots, time-series of density maps, or bar charts — are generated. The choice of
visualization depends on the nature of the data and the analytical goals. For example, time-series data
might be visualized with line charts to show temporal changes, while multi-dimensional data could benefit
from scatterplots or density maps to reveal relationships between variables (Keim et al., 2006). During the
exploration phase, raters can dynamically manipulate the visualizations, filtering or zooming in on specific
areas of interest by changing or refining the parameters of the models. This iterative process allows raters
to explore the dataset from multiple perspectives, refining their inquiries based on visual feedback. VA
systems often support exploratory data analysis, where raters can interact with the visualizations in real-



time, adjusting parameters such as time intervals or dimensional axes, to discover hidden patterns and
refine their hypotheses (Thomas & Cook, 2005). The final stage involves interpretation and decision-mak-
ing, where insights gained from the visualizations are used to support conclusions and decisions to gen-
erate knowledge (Keim et al., 2008). Throughout the repetitive and iterative VA exploration process, the
raters ability to interact with the data visually, coupled with automated analysis, creates a powerful feed-
back loop, enhancing the understanding of complex datasets, uncovering hidden structures and enabling
informed decision-making (Deussen et al., 2010; Keim et al., 2006; Kohlhammer et al., 2011; Thomas &
Cook, 2005).
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Figure 2: Visual-data exploration: The Visual Analytics process is characterized by the interaction be-
tween data, visualizations, models about the data, in an iterative process guided by the raters, to dis-
cover knowledge. Adapted from (Keim et al., 2010, p. 10).

In recent years, the application of VA to collaborative learning research has gained traction (see e.g., Hu
& Chen, 2021), driven by advancements like tracking methods (e.g., Noroozi et al., 2018) and machine
learning (e.g., Schneider & Blikstein, 2015). In group research, tracking methods that bypass cumbersome
wearable sensors have been employed alongside machine learning techniques to detect nonverbal pat-
terns, such as body language linked to emotional states (Behoora & Tucker, 2015). For example, Sanchez-
Cortes et al. (2012) utilized algorithms to track head movements and other nonverbal behaviors during
collaborative problem-solving tasks. Their approach, which included video-recording face-to-face group
interactions and automatically extracting nonverbal indicators, enabled early detection of leadership
emergence within groups (Sanchez-Cortes et al., 2012). These results highlight the potential of using au-
tomated methods to study complex phenomena in real-world settings, such as collaborative learning, as
an alternative to or extension of manual data derivation. Parallel advancements in computational meth-
ods and interactive visualization technologies have facilitated the development of sophisticated interfaces
that enable the concurrent visual analysis of large datasets from multiple perspectives. Modern visualiza-
tion libraries and tools now allow researchers to integrate machine learning algorithms with visual dis-
plays, enhancing the capacity to explore complex data (Endert et al., 2018; Liu et al., 2017). This integra-
tion is crucial, as machine learning algorithms often operate as "black boxes," producing results that are
difficult to interpret without iterative input by a human domain expert. In this sense, a combination of
humans and computers could help to balance the respective strengths and weaknesses. Visual analytics
helps bridge this gap by combining computational analysis with human insight, allowing researchers to
refine their interpretations and draw better substantiated conclusions. Similarly, Visual Analytics in CSCL
research can be used to explore the nonverbal dimensions of QCGE by overlaying video data with behav-
ioral and qualitative analysis. This dual approach allows for a nuanced understanding of how different
nonverbal behaviors influence group engagement and collaboration outcomes.

The integration of VA of nonverbal behavior data automatically extracted from video recordings presents
new opportunities for advancing CSCL research. These techniques enable a more granular analysis for the
rating of group interactions and allow researchers to identify subtle variations in engagement over time.
Moreover, by automating aspects of the analysis process, VA can provide real-time insights that could



inform interventions, such as those involving social robots, to enhance group collaboration and engage-
ment.

2  CoGE Framework — Combining Visual Analytics and manual rating of group engagement

In this section, we present the CoGE framework for assessing collaborative group engagement in learning
groups. This framework is based on automatically processed multi-modal data (audio & visual data) to-
gether with a mixed-methods approach (quality ratings and Visual Analytics). Our work builds on prior
research regarding the established measurement of collaborative group engagement in computer-sup-
ported collaborative learning (L. T. Jeitziner, Paneth, Rack, & Zahn, 2024; Paneth et al., 2023; Rogat et al.,
2022; Sinha et al., 2015). However, in this advanced approach, we additionally employ natural language
processing and computer vision (CV) (both described in chapter 2.4) to support the qualitative assessment
of CoGE. The linguistic markers of QCGE are adapted from our previous work (L. T. Jeitziner, Paneth, Rack,
& Zahn, 2024).

2.1 Conceptual structure of the CoGE framework

Our framework structure consists of a criteria-, data-, and rating layer (see Figure 3). At the top is the
criteria layer, containing the three defined dimensions including their criteria of collaborative group en-
gagement: Behavioral, Socio-Emotional and Meta-Cognitive. Then in the middle is the indicator layer,
which consists of the video layer, the nonverbal layer and the linguistic marker layer. These are arranged
horizontally, as they do not have an overarching hierarchy, but can be viewed hierarchically depending
on the research question. In addition, several of these layers can be considered together or single layers
can be considered repeatedly. The last layer at the bottom is the evaluation layer, which allows CoGE
ratings to be obtained.

Criteria Layer
Behavioral Meta-cognitive Socio-emotional
[ Dimension ] [ Dimension ] { Dimension ]
Indicator Layer [ ]
Video Layer [P Nonverbal Layer = Linguistic marker Layer
L I ]

T
1)

Rating Layer

Low CoGE « »High CoGE

Figure 3: CoGE framework - conceptual structure consisting of three layers: criteria layer, the indicator
layer consisting of the video-, linguistic marker- and nonverbal layer, and the rating layer at the bottom.

Based on the presented conceptual structure of the CoGE framework, flowcharts are derived for each
criterion of the respective dimension. Figure 6 gives an overview of the CoGE flowchart for the behavioral
dimension as one example of all dimensions (for detailed flowcharts see Figure 9 in the supplementary
materials). The flowcharts guide the raters in a structured decision-making process.

2.2 Segmentation procedure

Before collaborative group engagement can be assessed using the CoGE framework, the learning se-
guence of interest must be divided into meaningful parts or segments. Previous research has used rather
rigid segmentation procedures, where learning sequences were divided into one- or five-minute units (L.
Jeitziner, Paneth, Rack, Zahn, et al., 2024; L. T. Jeitziner, Paneth, Rack, & Zahn, 2024; Sinha et al., 2015).
However, the disadvantage of this method is that hard cuts must be applied, which can split an interaction
into two segments, although they would naturally be observed and perceived together. For example, if a
group is in the middle of a discussion during the one-minute break, this procedure would apply segmen-
tation even though these parts should be observed together. Problems can also arise if outliers (e.g., rais-
ing the voice) at the top or bottom are located exactly on the interval boundary. These would then possibly



not be correctly included in one of the intervals surrounding the outlier. A lot of relevant information
could therefore get lost during the rating process.

We therefore propose a more flexible approach to segmentation but grounded on best practices in the
field (Paneth et al., 2024; Sinha et al., 2015). The aim of the segmentation process is to divide a sequence
of interest (e.g., the observation of a group completing a task in 60 minutes) into smaller units. Based on
our experience, we suggest dividing it into units of between one and two minutes. These time intervals
usually contain enough activities of the participants to be able to evaluate them, but at the same time are
still manageable and the rater effort is reasonable as some group work and, thus, videos last 1-2 hours.
At the beginning, the rater can use the audio track to get an overview of the group discussion. The rater
can then use the audio track to identify any pauses that occur naturally. This can be prepared using a
dashboard. For example, the audio track can indicate a longer, quiet phase from which the evaluator can
set a pause. In this way, longer pauses between utterances can be selected to separate segments. We
recommend 1-minute intervals, with the option of moving the limits backwards or forwards by 20 sec-
onds. The following image (Figure 4) shows a segmentation example based on the audio track for a short
video section.
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Figure 4: Example of a segmented video section based on the audio track. Aimed interval length of 1
minute with a floating border of +- 20 seconds (green) vs. the standard 1-minute fixed boarders (dark
blue)

The segmentation process is shown in detail in Figure 5. Alternatively, the segmentation process can be
automated to move the boundary forward or backward by a threshold based on upward and downward
outliers.
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Figure 5: Segmentation process as the base for the video rating

2.3  Criteria Layer

The criteria layer describes the relevant aspects — criteria — of each cognitive group engagement dimen-
sion. Each criterion is defined for each dimension and analyzed based on the CoGE flowcharts and rated
at the end. The criteria for each dimension and the data that is consulted are described in the following
subsections. The list of criteria for each dimension is based on Sinha et al. (2015), whose definitions were
adapted to our multi-modal data.

2.3.1 Behavioral Dimension Criteria
The behavioral dimension relates to the following set of important criteria:
Off-/On-task: The Off-/On-task criterium is mainly informed by the content in the group conversation. The

rater reads through the transcript of verbal group communication and decides whether the group or some
group members are more or less engaged. In addition, the rater can use the verbal amount indicator to



judge whether single members are not participating verbally. If the situation is unclear or the rater inde-
cisive, the rater can additionally look at the video recordings or nonverbal layer. For instance, the video
may reveal that group members, while not talking, may still be on-task, as could be indicated by nonverbal
cues.

Equal collaboration: Regarding equal collaboration, the rater examines whether all group members are
on task or if single members are dominating the discourse and others withdraw from it. This is initially
informed by using linguistic markers to analyze who is speaking and how frequently, to then calculate an
equal collaboration index. Moreover, if the situation is unclear or the rater indecisive, the rater can addi-
tionally be informed by the video or nonverbal layer.

Tool usage: Groups can also be on-task without group members talking with each other but instead inter-
acting with tools. Therefore, this criterion can finally inform the group’s behavioral dimension of collabo-
rative group engagement. To identify tool usage, the rater first examines whether the groups nonverbal
indicators show them facing the direction of the tools (e.g. computers). Mouse tracking or similar analytic
tools can additionally provide further information about tool usage. If the rater is indecisive or the situa-
tion unclear, the rater may be additionally informed by the video or nonverbal layer.

Criteria Layer Behavioral CoGE
Equal
On-/Off-Task aus Tool usage
collaboration
Indicator Layer
CERLayEy Watch sequence / Watch sequence / Watch sequence /
read transcripts read transcripts read transcripts
s 3
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disengaged,
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X Group
Inform through collaborating
task similarity equally?
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l Score 1 l Score 3 |Score7l
[ Rater's degrees of freedom +/- 1 ]
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Figure 6: Excerpt of the CoGE flowchart for the behavioral dimension consisting of three criteria “On
Task/Off Task”, “Equal participation” and “Tool usage” (detailed flowchart of all dimensions and criteria
in supplementary materials).



2.3.2 Socio-emotional Dimension Criteria
The socio-emotional dimension relates to the following set of important criteria:

Respectfulness: First, respectfulness in group interaction is assessed. The rater observes a video recorded
group interaction sequence or reads the transcript to assess the group's respectfulness in the segment.
This step isinformed by sentiment analysis (Fischer et al., 2024) of the conversation to detect any negative
or disrespectful sentiments. If the group shows disrespectful behavior, the evaluator awards a low score
and the evaluation ends, because if the group is disrespectful, it cannot be inclusive or have group aware-
ness at the same time. As this results in a low score without options to improve the score, the rater does
not have to assess the other criteria.

Inclusion: The next criterion is inclusion, where the rater examines whether all group members are being
included in the conversation and whether their contributions are appreciated. This is also informed by
using linguistic markers to analyze who is speaking and how frequently. If the rater determines the group
to be exclusive (certain members dominating or marginalizing others and others withdrawing), a lower
score is assigned.

Group Mindset: The final criterion in this dimension assesses the group mindset. This involves checking
for the usage of first-person pronouns. If members focus more on their individual work rather than the
group as a whole, this would signal an individual mindset and a lower score would be assigned. If the rater
is indecisive or the situation unclear, the rater may be additionally informed by the video, transcripts or
nonverbal layer.

2.3.3 Meta-cognitive Dimension Criteria
The meta-cognitive dimension relates to the following set of important criteria:

Quality of planning: To assess the quality of task and project related planning of the group's collaboration,
the rater first gets an overview by watching or reading the segment. Then the rater can judge whether
the group approaches their learning task in a structured manner. If the situation is unclear or the rater is
indecisive, the linguistic markers time-words can additionally inform.

Monitoring: Regarding monitoring, the rater first gets an overview by watching or reading the segment.
Then the rater can judge whether the group monitors their approach to the learning task. If the situation
is unclear or the rater is indecisive, the linguistic markers time-words can additionally inform.

Regulation: Regarding monitoring, the rater first gets an overview by watching or reading the segment.
Then the rater can judge whether the group regulates themselves. If the situation is unclear or the rater
is indecisive, the linguistic markers that indicate whether participants use temporal words (e.g. now, later,
after) can additionally inform.

2.4 Indicator Layer

In previous research, verbal (L. T. Jeitziner et al., 2023) and nonverbal (L. T. Jeitziner, Paneth, Rack, & Zahn,
2024, Paneth et al., 2024) indicators of collaborative group engagement were identified. For instance, in
segments where learning groups were showing a higher (lower) quality of collaborative group engage-
ment, the group members showed more (less) head nodding, eye contact, gesturing and other nonverbal
behavior. Moreover, verbal indicators, or linguistic (conversational) markers were identified that correlate
with the quality of collaborative group engagement (Paneth et al., 2024). A higher (lower) amount of
conversation or a more (less) equal collaboration in learning groups are linked to a higher (lower) quality
of collaborative group engagement (L. T. Jeitziner et al., 2023). Other linguistic markers that can be linked
to collaborative group engagement are task similarity, personal pronouns, sentiment density and valence
and temporal words (Fischer et al., 2024; L. T. Jeitziner et al., 2023). In addition to manual coding, it is
possible to extract nonverbal signals from video recordings without any special equipment using off-the-
shelf tools developed for Computer Vision and Augmented Reality applications. For example, Gasparik et
al. (in preparation) demonstrated that, by using available algorithms for extracting facial, hand and body



landmarks, it is possible to obtain fine-grained body movement data at high temporal resolution. From
those, certain nonverbal cues (such as facing direction) can be derived and tracked through time.

Since both nonverbal and verbal indicators can be automatically extracted from audiovisual data, they
serve as an additional layer of the CoGE framework (Figure 3). In the CoGE framework, the rater may use
the rating criteria and leverage nonverbal and verbal indicators to enrich the assessment of collaborative
group engagement based on the observed learning group.

2.5 Rating Layer

The final Rating Layer considers all the dimensions and computes the final score on a scoring range be-
tween 0 (low CoGE) and 8 (high CoGE) accordingly. A key component of this layer is the rater's degree of
freedom, which allows for a +/- 1 adjustment in the final CoGE score based on the rater’s subjective ob-
servations. This flexibility ensures the evaluation captures nuances that may not be fully addressed by the
semi-automated CoGE flowchart. This allows the rater to make a reflection and refinement round even
after the rating has been completed, e.g., to refine indicators that were interpreted differently at the
beginning.

3  Adashboard supporting the rating processes

A practical implementation of our framework can be best realized as an interactive dashboard providing
visual representations of different data sources. Dashboards have been shown to be effective in integrat-
ing and studying multi-modal and multi-dimensional data and streamlining the analytical process (Yigit-
basioglu & Velcu, 2012). They also facilitate collaboration between researchers by making all the neces-
sary information accessible in one place (Sarikaya et al., 2019). Designing effective visualization dash-
boards for large complex data is a non-trivial task. The visualizations need to be tailored to the complexity
of the data in order not to introduce a bias (e.g., by inappropriate choice of visual representations) and
offer sufficient flexibility in interaction to not constrain the ability of the observer (rater) to explore the
data at varying levels of detail and along any dimension. An effective dashboard user interface design
should prioritize clarity, simplicity and relevance. The layout must minimize cognitive load by avoiding
clutter, using intuitive navigation, and grouping related information (Sweller et al., 2019). Visualization
should follow proven principles, such as using appropriate chart types for specific types of data (e.g. bar
charts for comparisons, line charts for trends) to facilitate interpretation. Tools such as interactive filtering
and drill-down features can improve user control and enable deeper exploration of the data (Sarikaya et
al., 2019). Tooltips, explanatory legends, and adaptive features for the color-blind or visually impaired
ensure that the interface is inclusive. In addition, performance optimization is critical. Dashboards must
load quickly, process large amounts of data efficiently, and perform reliably under a variety of conditions
to maintain user confidence and productivity (Burch & Schmid, 2023). Dashboards are powerful tools that,
when designed well, improve the efficiency and accuracy of professional workflows. By taking into account
design principles, user support, and the inherent limitations of visual data representation, they can trans-
form complex data sets into actionable insights while maintaining the integrity of professional decision-
making processes (Yigitbasioglu & Velcu, 2012).

Based on these considerations, a dashboard mock-up was developed (see Figure 7) to make the assess-
ment with the CoGE framework more intuitive, faster and more accurate. The CoGE framework dashboard
consists of different parts that are relevant to the framework, so that this can be used for all steps of the
rating process in all the layers (cf. Figure 6). This prototype implementation serves to illustrate the inte-
gration of various data dimensions. At the current stage, it is not yet employed for performance evaluation
or comparative analysis with other tools. Such assessments are planned for subsequent phases of the
study. The numbers in the subsequent description of the dashboard parts relate to the numbers in Figure
7 illustrating the parts.

(1) After uploading the video, the rater can set the target segmentation length and the dynamic limit (e.g.,
one minute and +/- 20 seconds). The segments are given an index number as a name so that the rater
does not have to memorize or handle any time stamps. Below the audio track, the rater can see his current
ratings for the criteria of each dimension. (2) On the left side are the controls to control the current
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segment, to play or pause the video and interactive charts or to skip to the next or last segment. Based
on the criteria layer the rater can decide which criteria should be analyzed. Underneath, the rater can tick
or un-tick which criteria they wish to assess - this will result in an immediate change to the associated
charts and the associated assessment questions listed below. Here the rating layer is incorporated. After
the rater has answered the rating questions (yes/no), they can decide whether they want to give an addi-
tional point from the degree of freedom of the rating in order to specify the rating result. (3) Then the
nonverbal behavior and natural language processing charts are created based on these settings. The
charts allow interactions such as linking and swiping to zoom into the data, but the default state is that
the entire track is visible for each data dimension, so that the rater sees not only the current segment
highlighted, but also the segment in relation to the entire track. The current segment to be evaluated is
highlighted in all diagrams to make it easier for the evaluator to establish relationships. The rater can use
the suggested charts and data sources to answer the questions or manually change the selection of charts
they see on the main screen. If there are questions about the evaluation criteria or the data visualized in
the diagrams, the information buttons to the right and left of the headings provide more detailed infor-
mation. They are hidden so that a trained evaluator only sees the relevant data. (4) At the bottom left,
the video for the respective segment and the transcript are played so that the rater can also see what the
group talked about. In combination with the diagrams, they can also back up their assessment if they are
unsure whether there are any outliers that they cannot understand. This is due to the data layer with their
multi-method approach. Finally, the data can be exported so that it can be used for further analyses.

Export rating

E CoGE - Dashboard to file (.csv) G

e seomen ”‘”M"Hﬁ"hW‘*""WW"W"*P‘!"*'MM"WWH»H‘*MM!'H‘M

Behavioral [ Socio-Emotional [l Meta-cognitive

) i\ B -
Rating : PR
Back Play/Pause Forward results : mw

© Q@

Rating = ®
@ Group is Off-Task? . Tool usage

@ Group is collaborating  §93
I 1 110 D11l NN N U N O N N
o Raters degree of acing direction®
dom +/- !
Freedom +/- 1 m
| |
— : | | : :

m

Video

Task similarity ©

Figure 7: Mock-up for the CoGE framework Dashboard to rate group engagement. (1) data segmentation
of audio tracks; (2) segment control and rating section for current segment; (3) interactive, linked visual-
izations; (4) current video segment and respective transcript
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3.1 Prototypical implementation - exemplary use case

To demonstrate how the CoGE framework can be applied to analyzing group work in a CSCL setting, we
go through the CoGE flowchart of one dimension including its criteria. This example, which is used to
illustrate the framework, originates from a previous study in which three participants completed a learn-
ing-by-design task together (Paneth et al., 2024). Communication between all participants was therefore
necessary.

A prototype version of the CoGE framework dashboard was used for the analysis, which was developed
specifically for this framework and is shown here (Figure 7) in an improved version. The analysis starts by
gaining an overview of the data to understand its structure and context. The data was then divided into
meaningful segments using dynamic temporal segmentation. For the segmentation of this group, 1-mi-
nute intervals were chosen with a possible deviation of 20 seconds. The segmentation was applied to the
part of the study to be analyzed. In the next step, the dimension to be assessed was selected, in this case
the behavioral dimension of engagement. Relevant charts were activated based on the selected dimen-
sion (e.g. equal collaboration, facing direction) and its dimensions, while less relevant charts were deac-
tivated to maintain focus. For the criteria of the behavioral dimension, in addition to the video and the
transcript, the diagrams for task similarity, equal collaboration and facing direction were used. Each inter-
val within the dimensions was then assessed using the CoGE flow chart with the help of a binary scoring
system. In the case of ambiguities, such as ambiguities in the diagrams, or unexplained outliers, the seg-
ments were cross verified with additional resources such as the videos or transcripts to enable an assess-
ment. Finally, the intervals were reviewed to determine if adjustments or corrections were needed, giving
the raters flexibility to refine their scores. Here, the diagrams considered were also checked again as a
whole to see whether outliers and/or patterns had been overlooked and still needed to be included in the
assessment. The CoGE flowchart was then used to create the behavioral CoGE rating for each interval
across the three criteria. The same procedure with the corresponding CoGE flowchart would then also be
applied to the two other dimensions, socio-emotional and meta-cognitive, to obtain the rating for the
observed group across the three dimensions. Figure 8 shows an excerpt of the rating results of the behav-
ioral dimension using the CoGE framework. The first two lines show the segmentation (start and end time
of the interval), as well as the difference in seconds to a 1-minute interval. Intervals shorter than one
minute are marked in green, intervals longer than one minute are marked in red. The color says nothing
about whether this difference is good or bad but only serves to highlight it.

The next block shows the three criteria of the behavioral dimension. The checkboxes show whether the
respective criterion in this segment was evaluated as true (checked) or false (unchecked). Below this is
the rater's degree of freedom, which is between -1 and +1 and influenced the CoGE rating. This calculation
is in the last line, with one rating result per segment.

Behavioral

Start Time 0:01:00 0:01:50 0:02:50 0:03:30 0:04:20 0:05:20 0:06:20 0:07:20 0:08:20 0:09:20 0:10:10 0:11:20 0:12:40 0:13:50
End Time 0:01:50 0:02:50 0:03:30 0:04:20 0:05:20 0:06:20 0:07:20 0:08:20 0:09:20 0:10:10 0:11:20 0:12:40 0:13:50 0:14:40
Differenceto 1

minute intervall -10 0 -20 -10 0 0 0 0 0 -10 10 20 10 -10
Off-Task O o 0 0o 0 0o 0 0 0 oo 0o o o
Uniform
Tool Use O O O 0O O 0O
Raters degree of

freedom +/- 1 0 1 0 0 0 0 1 1 1 1 1 1 1 1
CoGE Rating 7 2 7 7 7 7 8 8 8 8 8 8 8 8

Figure 8: Extract from the criteria assessments of the behavioral dimension using the CoGE framework
and a dashboard. The first section shows the temporal segmentation of the data. The second section
shows the three assessment criteria including the rater's degree of freedom. The last section shows the
CoGE rating (between 0 and 8) for each segment calculated based on the decisions of the second sec-
tion.
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4  Discussion

In this paper, we present a novel concept for a data-based framework to assess collaborative group en-
gagement (CoGE) in CSCL groups. This framework is based on a combination of the Visual Analytics pro-
cess, qualitative observational rating, and automatized methods such as natural language processing and
computer vision. Moreover, we adapt and develop existing frameworks for assessing collaborative group
engagement (Rogat et al., 2022; Sinha et al., 2015). We present a dashboard mock-up, based on previously
employed visualizations and interactions, as a tool for easy application of the CoGE framework.

4.1 Criteria of quality of the CoGE framework

In the following we discuss the CoGE frameworks efficiency, complexity, reliability, objectivity and validity.
For example, when a trained rater is instructed to rate behavioral CoGE, they can rely on the linguistic
marker "equal collaboration". Subsequently, the rater can use the nonverbal visualization of tool move-
ment and facing direction to judge tool usage. Together with the linguistic marker task similarity and a
short summary of the transcripts, the rater can finally judge the behavioral CoGE score of a segment. The
CoGE framework aspires to achieve an improvement in the criteria of quality compared to commonly
applied observational assessment methods in educational psychology.

4.1.1 Efficiency

The use of visualizations for assessment data accelerates the analysis workflow. The visualization of non-
verbal (L. T. Jeitziner, Paneth, Rack, & Zahn, 2024; Paneth et al., 2024) and verbal indicators (L. T. Jeitziner
et al., 2023) can be used as a heuristic rating process. Compared to other observational frameworks that
relied on a complex assessment process (such as Sinha et al., 2015), we streamline the process through
the application of simple flowcharts, rendering the process more efficient while also leveraging the per-
ceptional depth of human observation. In comparison, to rate behavioral quality of collaborative group
engagement based on Sinha et al.’s (2015) rating scheme, the rater must examine the full segment of the
observation and judge on all the criteria mentioned above simultaneously or alternatively observe and
rate the segment at least three times, once for each criterion, therefore rendering the rating process re-
petitive and laborious.

4.1.2 Complexity

Other observational and automatic frameworks tend to be overly complicated (Sinha et al., 2015) or over-
simplifying (Xing et al., 2022) in assessing collaborative group engagement. As illustrated above, in the
Sinha et al. (2015) rating scheme multiple parallel judgments need to be made. The high cognitive demand
of the rating process may incentivize raters to apply heuristics in the rating process (Kool et al., 2010),
e.g., only focusing on a part of the criteria such as equal collaboration, thus reducing the validity of the
rated collaborative group engagement. The CoGE framework answers these challenges by guiding the
raters to prevent unfavorable cognitive load. While following the CoGE flowchart, raters are asked to
judge the criteria sequentially instead of simultaneously. Therefore, one can argue that the CoGE frame-
work can support the complexity of the situation without additional cognitive demand.

4.1.3 Validity

Logical temporal segmentation proves to be a crucial and fundamental step in this process. Segmenting
data by time, but also by its natural interruptions (e.g., pauses in speech, speaker changes), ensures that
patterns are contextualized, enabling more accurate analyses of the evolution of variables over specific
time periods. Moreover, the framework allows raters to check their interpretations against complemen-
tary data sets, reducing the likelihood of errors and increasing confidence in their conclusions. In conse-
guence, this framework potentially enhances the validity of assessing collaborative group engagement
but also encourages greater engagement with the data, leading to deeper insights and innovative per-
spectives on collaborative group engagement.
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4.1.4 Reliability

Reliability is ensured by the structured process and use of consistent indicators across evaluations. This
structured approach minimizes subjective biases by guiding raters through sequential judgments using
flowcharts, ensuring consistent application of criteria across different segments and raters.

4.1.5 Objectivity

Objectivity is further enhanced by incorporating visualization techniques that externalize both verbal and
nonverbal data (L. Jeitziner, Paneth, Rack, Zahn, et al., 2024; Paneth et al., 2024), reducing reliance on
rater intuition. By streamlining the assessment process with simple flowcharts and temporal segmenta-
tion, the framework minimizes opportunities for cognitive shortcuts, which could otherwise introduce
subjective variability.

4.2 Scientific and practical implications

The CoGE framework has significant practical and scientific implications, bridging the gap between theo-
retical rigor and real-world applicability in assessing collaborative group engagement. Practically, it
streamlines assessment processes through structured workflows and visualizations, enabling educators,
researchers, and practitioners to evaluate engagement efficiently and accurately. Customizable dash-
boards may adapt to diverse needs, supporting applications in education, workplace collaboration, and
professional development. Scientifically, the framework lays a foundation for automated analysis tools
that leverage machine learning to scale engagement studies, enhancing both the depth and breadth of
research. These capabilities make the CoGE framework a transformative tool for refining methodologies,
generating actionable insights, and driving innovation in CSCL analysis.

With the help of the presented CoGE framework, we were able to overcome the problems identified in
previous studies. The next step includes using the framework in practice and refining it further based on
those experiences.

Integrating dashboards into a research framework with multiple data sources provides the ability to hy-
pothesize and uncover additional patterns and relationships in complex data sets. Exploratory capabilities
are particularly valuable for identifying new research questions or confirming existing theories. Therefore,
the presented dashboard needs to be further improved in terms of its user interface to guide the user but
still allowing freedom in deciding on the layout and data source. Furthermore, the potential of Visual
Analytics has yet to be fully realized. While the current dashboard provides a foundation for identifying
correlations between verbal and nonverbal behaviors, whether linked to group engagement or analyzed
independently, future developments could expand its application. The framework also offers a valuable
basis for hypothesis generation, interpretation, and categorization, but its effectiveness in uncovering
deeper insights will depend on iterative refinement and testing.

4.3 Limitations

This contribution presents certain limitations that must be acknowledged to contextualize its findings and
guide future research. As already mentioned, we developed this framework due to the limitations identi-
fied in other frameworks and studies. One of the main points was to increase the objectivity of the raters,
because in our experience this was not fully guaranteed in these studies. By combining the manual as-
sessment by the rater with the combination of the data and its visualizations, we tried to provide an an-
swer to this problem and were able to test this in the prototype application. However, this objectivity was
not tested, which means that we cannot draw any final conclusions as to whether this framework can
provide a solution to the objectivity problems identified by the other frameworks. Further research steps
are needed, also for broader validation across diverse group engagement use cases.

Our own conceptualization (Paneth et al., 2023, 2024) of collaborative engagement stands in opposition
to others. While we accept the nomenclature of Rogat et al.’s (2022) construct, we omit the collaborative
and disciplinary components. We argue that the indicator “collaborative” described in their
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conceptualization is reflected enough in the social dimension. Additionally, we omit the disciplinary di-
mension, since we do not pursue the contextualization of prior lessons. However, this reduction of the
conceptualization of collaborative group engagement may lead to blind spots and therefore a less com-
prehensive assessment which is a limitation of our work.

When setting up the study environment, it is important to determine whether the CoGE framework should
be applied. This will ensure that the setup is suitable for the extraction of nonverbal behavior data, as the
correct positioning of participants and cameras is required to capture all relevant information. A non-
optimal setting may resultin poor quality data related to nonverbal behavior. For example, an unfavorable
angle, whereby people are sitting at a large angle to the camera, means that the landmarks cannot be
reliably extracted. Another example is when several people cover each other, which also means that no
data can be extracted. In this case there would be insufficient data in the rating process. This would be
expected to have a negative impact on the rating result. Additionally, the processing of data, including
nonverbal behavior and natural language processing, remains a bottleneck due to its time-intensive and
semi-automated nature. This introduces the possibility of technical challenges, which could impact the
efficiency and scalability of data analysis.

Finally, when conducting studies to assess group engagement, ethical considerations must be made re-
garding the recording. While these recordings are of relevance to the analysis of behaviors and dynamics,
as well as to the CoGE framework itself, they also pose a challenge in terms of participant privacy. It must
be ensured that participants are aware of the use and storage of the recordings.

5 Conclusion

The CoGE framework advances the assessment of collaborative group engagement in CSCL environments.
By integrating natural language processing and computer vision into a structured, flowchart-based pro-
cess, the CoGE framework enables a consistent, multidimensional assessment and evaluation of behav-
ioral, metacognitive and socio-emotional dimensions of group engagement. A temporal segmentation
strategy forms the basis for aligned and contextual analysis and supports tailored visualizations that facil-
itate nuanced interpretation and informed decision-making. The CoGE framework addresses the key chal-
lenges of traditional engagement assessments by combining human judgement with the objectivity and
scalability of semi-automated methods. Its practical feasibility is illustrated with a prototype dashboard
implementation. By integrating interactive Visual Analytics, the dashboard provides actionable insights
and bridges the gap between semi-automated data processing and human-centered assessment and im-
proves the efficiency and objectivity of evaluators. This work demonstrates the potential of the CoGE
framework as a scalable, objective and comprehensive tool for assessing group engagement. Future work
will focus on refining the CoGE framework and validating its effectiveness in additional and different set-
tings.
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Figure 9: Detailed CoGE flowcharts for all criteria of each dimension
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