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Abstract
Using data to generate a deeper understanding of collaborative learning is not new, but automatically analyzing log
data has enabled new means of identifying key indicators of effective collaboration and teamwork that can be used
to predict outcomes and personalize feedback. Collaboration analytics is emerging as a new term to refer to
computational methods for identifying salient aspects of collaboration from multiple group data sources for learners,
educators, or other stakeholders to gain and act upon insights. Yet, it remains unclear how collaboration analytics
go beyond previous work focused on modelling group interactions for the purpose of adapting instruction. This paper
provides a conceptual model of collaboration analytics to help researchers and designers identify the opportunities
enabled by such innovations to advance knowledge in, and provide enhanced support for, collaborative learning
and teamwork. We argue that mapping from low-level data to higher-order constructs that are educationally
meaningful, and that can be understood by educators and learners, is essential to assessing the validity of
collaboration analytics. Through four cases, the paper illustrates the critical role of theory, task design, and human
factors in the design of interfaces that inform actionable insights for improving collaboration and group learning.
Notes for Practice
•

Collaboration analytics partially or fully automate the analysis of data captured from group/team settings.
These include co-located, face-to-face groups and platform-mediated groups (synchronous and
asynchronous).

•

The results of such analytics should help the team, educators, researchers, or other stakeholders gain
insight into the activity and inform action that improves collaboration processes and products.

•

Collaboration analytics require the integration of three key inputs: (i) theoretically sound concepts, (ii)
well-designed tasks that generate useful data traces to inform analytics, and (iii) human-centred design
that empowers stakeholders to shape the analytics and produces effective user interfaces.

•

Four cases demonstrate that when these elements are aligned, data traces from activity sensors can
be designed in principled ways to serve as evidence of learners’ capabilities, rendered via user
interfaces that make sense to users.

•

Collaboration analytics of this sort, which go beyond simply counting and graphing low-level events, are
predominantly research prototypes and rare to find in products.
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1. Introduction
When learners work in small groups, some of their hidden mental processes are externalized to others through drawings, verbal
communication, writing, and other forms of meaning representation (Stahl, 2006). The artefacts generated by the group and
their dialogue enable group members to establish common ground, explain their personal views, reach consensus, or produce
new group knowledge (Scardamalia & Bereiter, 2006; Stahl, 2004). For this reason, it has been proposed that small-group
activity provides particular opportunities for data-intensive learning analytics innovations when traces of the meaning-making
processes externalized by group members can be digitally captured (Dönmez, Rosé, Stegmann, Weinberger, & Fischer, 2005).
These data traces can be analyzed and used to find recurrent behavioural patterns, make collaborative interactions visible, and
broaden our understanding of collaborative learning in various domains (Wise & Schwarz, 2017). This can further accelerate
computer-supported collaborative learning (CSCL) researchers’ analysis cycles and developers’ design iterations
(Puntambekar, Erkens, & Hmelo-Silver, 2011).
Using data to generate a deeper understanding of CSCL activity goes back to before the establishment of learning analytics
as a research field (Siemens & Long, 2011). For example, log data has been used to understand how groups work differently
in synchronous and asynchronous settings (Reimann, Yacef, & Kay, 2011) and to characterize effective collaboration (e.g.,
Perera, Kay, Koprinska, Yacef, & Zaïane, 2008), argumentation (e.g., Rosé et al., 2008), and teamwork (e.g., Kay,
Maisonneuve, Yacef, & Zaïane, 2006). Modelling interactions has also enabled the creation of mechanisms to adapt the support
provided to groups (Kumar, Rosé, Wang, Joshi, & Robinson, 2007) and automatically adjust the collaboration script according
to particular group needs (Rummel et al., 2008). Within other data-intensive educational technology communities, such as
intelligent tutoring systems (ITS), educational data mining (EDM), and artificial intelligence in education (AIED), there has
also been a sustained interest in providing intelligent support to learning in groups (ISLG). Researchers across these
communities have organized thematic series of workshops (e.g., the ISLG workshop series organized in ITS and AIED
conferences between 2012 and 2018; Kim & Kumar, 2012) and special issues in high-impact journals (e.g., Isotani, 2011;
Kumar & Kim, 2014). In fact, the idea of mirroring group data traces back to students, which is a distinctive characteristic of
learning analytics research (Clow, 2012), has also been explored in the CSCL (e.g., Jermann & Dillenbourg, 2008; Soller,
Martinez, Jermann, & Muehlenbrock, 2005) and AIED (e.g., Bull & Vatrapu, 2011) literature. Moreover, data-intensive
developments related to group activity are of interest in non-educational fields. For instance, at the Computer-Supported
Cooperative Work (CSCW) 2002 conference, a wearable sensor (the sociometric badge) was introduced to collect real-time
speech and motion data during face-to-face interactions to infer group dynamics (Choudhury & Pentland, 2002), while others
have analyzed the use of collaborative tools using data-centric approaches (Wang, Jin, & Liu, 2010).
Nowadays, learning analytics research focused on supporting collaboration and group learning has diversified, and perhaps
even fragmented, across various research communities, such as CSCL (e.g., Spikol, Ruffaldi, & Cukurova, 2017a), technologyenhanced learning (e.g., Praharaj, Scheffel, Drachsler, & Specht, 2018), team science (e.g., Kim, Sottilare, Brawner, & Flowers,
2018), and human-computer interaction (e.g., Chandrasegaran, Bryan, Shidara, Chuang, & Ma, 2019). Novel analytic
approaches have emerged and are applied to study collaboration with a wide variety of purposes, such as assessment and
measurement of collaborative learning (Khan, 2017), theory building (Malmberg et al., 2018), orchestration support (Olsen,
2017), dashboards design (van Leeuwen, Rummel, & van Gog, 2019), and user modelling (Worsley, 2019). The emergence of
accurate and inexpensive sensors is also enabling the exploration of multimodal aspects of group interaction, such as gaze
tracking for measuring joint attention of students (Schneider & Pea, 2017), physiological sensing for identifying group
synchrony (Haataja, Malmberg, & Järvelä, 2018; Schneider, Dich, & Radu, 2020), and gesture/motion tracking for inferring
collaboration strategies in maker-spaces (Worsley & Blikstein, 2018). In short, although using log data to analyze and support
collaboration is not new, and the research is fragmented across various communities, there is an emerging interest in
considering the complexity of collaboration beyond the analysis of clicks and keystrokes on an online platform.
A new related term, collaboration analytics, has recently emerged in educational contexts (e.g., Anaya, GonzálezBoticario, Letón, & Hernández-del-Olmo, 2015; Kasepalu, Santos, & Ley, 2019; Martinez-Maldonado, Kay, & Buckingham
Shum, 2019b). Anaya and colleagues (2015) appear to be the first to use the term to our knowledge, but in a very limited sense,
referring to the use of social network analysis outputs to alert teachers of students facing challenges in a MOOC. MartinezMaldonado and colleagues (2019b) used the term in the context of co-located collaboration as a way to identify the principles
and dilemmas commonly encountered when mining data from group settings. A recent workshop at the CSCL conference
(Martinez-Maldonado, Worsley, Schneider, & Kharrufa, 2019c) attracted contemporary research work focused on the need for
effective tools that provide automated assessment and meaningful feedback on group activity. However, two critical questions
arise in the context of this literature: what is meant by collaboration analytics? and how can collaboration analytics innovations
go beyond previous work focused on modelling group interactions?
This paper argues that a characterization of collaboration analytics for education is timely and distinctive. We propose a
model of collaboration analytics to help researchers and designers identify opportunities enabled by such innovations to
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advance knowledge in, and provide enhanced support for, collaborative learning and teamwork. Knight and Buckingham Shum
(2017) argue that a distinctive feature of learning analytics is that it closes the feedback loop through automated analysis and
feedback:
“The potential of learning analytics is arguably far more significant than as an enabler of data-intensive educational
research, exciting as this is. The new possibility is that educators and learners — the stakeholders who constitute the
learning system studied for so long by researchers — are for the first time able to see their own processes and progress
rendered in ways that until now were the preserve of researchers outside the system. […] So, for educators and learners,
the interest turns on the ability to gain insight in a timely manner that could improve outcomes.”
We argue, therefore, that educational collaboration analytics should refer specifically to methods for automated data
capture from group settings (often considering multiple data sources), and their automated analysis, with the purpose of
informing actionable insights for improving collaboration and group learning. These insights need to be effectively
communicated to learners, groups of learners, educators, or other stakeholders for them to make decisions according to their
values and factors unaccounted for in the analysis (Jørnø & Gynther, 2018). The challenge is that merely visualizing log data
does not ensure that students and teachers will be able to interpret the data meaningfully (Ahn, Campos, Hays, & DiGiacomo,
2019; Corrin & De Barba, 2015; Gašević, Dawson, & Siemens, 2015b; Greller & Drachsler, 2012; Lim, Dawson, Joksimovic,
& Gaševič, 2019) or discern the implications for action (Clow, 2014; Colvin et al., 2016; Tempelaar, Rienties, & Nguyen,
2017; van Leeuwen, 2019; Wise, 2014). This points to the need for (i) modelling from low-level group data to higher-order
group constructs that are educationally meaningful and (ii) effectively representing such constructs in terms that can be
understood by people without formal data science training.

2. Background
2.1. Learning Analytics and Collaborative Learning
Making evidence of team activity available for inspection and assessment has been proposed by the CSCL community as an
effective way to encourage team members to reflect on and learn from their own experiences (Knipfer, Prilla, Cress, and
Hermann, 2011). As a result, there has been a growing interest in embracing learning analytics methodologies and innovations
in CSCL (Ludvigsen, Cress, Law, Stahl, and Rosé, 2017; Wise et al., 2015; Wise, Knight, & Buckingham Shum, 2021; Wise
& Schwarz, 2017). For example, van Leeuwen, Janssen, Erkens, and Brekelmans have investigated the effects of various CSCL
visualization designs on teachers’ ability to diagnose students’ participation within groups (2014) and to monitor and regulate
multiple groups of students (2015). The same authors mapped the kinds of analytics support currently provided by CSCL tools,
namely mirroring students’ data, alerting teachers if some behaviours are automatically detected, or more proactively advising
what actions teachers can take (van Leeuwen et al., 2019). Rodríguez Triana, Martínez-Monés, Asensio-Pérez, and Dimitriadis
(2014) also investigated how to connect the pedagogical decisions made explicit in the learning design or the CSCL script with
analytics extracted from group data. More recently, the applications of learning analytics in CSCL have diversified in the form
of CSCL dashboards (see review by Liu & Nesbit, 2019), visualizations (Steier et al., 2019), and analysis tools (Rosé, 2018);
cognitive assistants to support teachers monitoring CSCL tasks (Bae et al., 2019; Rodríguez-Triana, Prieto, Martínez-Monés,
Asensio-Pérez, & Dimitriadis, 2018a); methodologies to co-design CSCL analytics with teachers and students (e.g., MartinezMaldonado, Elliot, Axisa, Power, & Buckingham Shum, 2019a); and applications that automatically capture physical (e.g.,
Vujovic, Tassani, & Hernández-Leo, 2019) and physiological (e.g., Noroozi et al., 2019) aspects of learning to understand
group regulation processes.
Similarly, numerous emerging analytics innovations are applied to collaborative (Rosé, 2017) and networked (Suthers,
2017) online learning contexts. For example, De Liddo, Buckingham Shum, Qunito, Bachler, and Cannavacciuolo (2011)
proposed an approach for analyzing rhetorical moves in student discourse and visualizing these as social networks. Harrer
(2013) proposed a rule-based system to guide students planning to work in small groups online. Xing, Wadholm, and Goggins
(2014) proposed a clustering technique to assess participation of students across various CSCL tools, such as a chat, a virtual
whiteboard, and a geometry learning system. Tan, Yang, Koh, and Jonathan (2016) investigated the effects of a student-facing
dashboard in fostering collaborative critical reading skills. Swiecki, Ruis, Farrell, and Shaffer (2020) proposed the use of
epistemic network analysis to automatically assess individual contributions in group problem-solving tasks. Gašević,
Joksimović, Eagan, and Shaffer (2018) proposed a network analytics approach to identifying low- and high-performing groups
in a MOOC by combining properties of social and epistemic network analysis.
Moving beyond computer-mediated collaboration, Martinez-Maldonado and colleagues (2017) presented various analytics
innovations applied to face-to-face group settings in which interaction was mediated by large shared displays and data was
captured via depth cameras, eye-trackers, and audio recording devices. In fact, there is a growing interest in capturing traces
of group multimodal interaction from physical learning spaces by combining sensor signals such as eye-trackers (Schneider,
2020; Vrzakova, Amon, Stewart, Duran, & D’Mello, 2020), computer vision systems (Spikol, Ruffaldi, Landolfi, & Cukurova,
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2017b), indoor-positioning (Echeverria, Martinez-Moldonado, & Buckingham Shum, 2019), and electrodermal (Pijeira-Díaz,
Drachsler, Järvelä, & Kirschner, 2016) and electroencephalographic (Stevens, Galloway, & Willemsen-Dunlap, 2020) sensors.
In sum, the analysis of collaboration in both the CSCL and the learning analytics communities is widening, and multiple data
collection, analysis, and interface design approaches are being explored.
Beyond formal educational settings, Buckingham Shum and Ferguson (2012) argued for the need to engage social settings
beyond those regularly targeted in CSCL research by considering non-academic contexts in which freely available, off-theshelf online tools are commonly used, and neatly packed curriculum and learning designs are not common (i.e., home, social
networking software, and the workplace). This points to work conducted in other areas aiming to support teamwork. For
example, Kim and colleagues (2018) proposed a mapping between measures that can be derived from sensors and the learner
states to create intelligent team training systems. This mapping includes the use of electroencephalography (EEG) headsets to
identify team members’ levels of engagement, anxiety, or excitement and the use of wristbands and face tracking to identify
emotional and motivational traits. Some researchers are bringing these theoretical mappings into authentic teamwork settings,
such as medical (Echeverria, Martinez-Moldonado, Power, Hayes, & Buckingham Shum, 2018c) and firefighting (Wake,
Wasson, Bjørgen, & Heimsæter, 2019) training.
In short, the body of work presented is not aimed at providing an exhaustive review of works related to collaboration
analytics. Instead, it is intended to show the variety of classic and emerging methods from other fields (i.e., CSCW, team
science, AIED, ITS, and EDM) that the learning analytics community can use to provide data-informed support in teamwork
training and collaborative learning situations. For example, this has been one of the key arguments to connect CSCL and
learning analytics in recent vision papers (e.g., Ludvigsen et al., 2017; Wise & Schwarz, 2017), yet some concerns have been
raised. Wise and Schwarz (2017) warned the community about the risk of creating sophisticated group models based on lowlevel data (e.g., clickstreams and eye-gaze saccades) that cannot be translated into forms comprehensible to teachers and
learners. To avoid dystopian scenarios that strip agency from learners and teachers, Tchounikine (2019) argued that the role of
analytics in CSCL should be limited to enhancing awareness and recommending potential actions. These concerns derive from
the risk of making strong decisions about students’ learning (by machine learning — ML — algorithms or humans) based on
the vast quantities of low-level group data now available: data that is commonly incomplete (Kitto, Buckingham Shum, &
Gibson, 2018), easily stripped from its context (Buckingham Shum, Echeverria, & Martinez-Maldonado, 2019a), and often
disconnected from the learning design (Lockyer, Heathcote, & Dawson, 2013; Rodríguez Triana et al., 2014). Moreover,
collaboration analytics user interfaces can be hard to interpret by educators and learners who commonly lack formal data
science training (Maltese, Harsh, and Svetina, 2015; Mandinach & Gummer, 2013).
In response, there is a growing body of work focused on how to forge principled relationships between the kinds of data
logged by software platforms; educational constructs; and, hence, the terminology needed to produce intelligible feedback that
educators and learners can understand.
2.2. Mapping from Low-Level Group Data to Educational Constructs
The shorthand term from clicks to constructs was coined by Buckingham Shum and Crick (2016, p. 16) to capture the
fundamental challenge of the level of description of events logged by a computational sensor being very different from how
people conceptualize human activity. This reflects a growing body of work investigating how one maps from clicks and
keystrokes in collaborative platforms, or multimodal datastreams in face-to-face collaboration, to constructs. This is important
for researchers to make claims about learning processes (Cronbach & Meehl, 1955) but, equally, for stakeholders without a
strong data analytic background who want to understand teaching and learning. Wise and colleagues (2021) provide a helpful
diagram (adapted in Figure 1) to visualize this, which has an extensive precedent in the psychometric literature (Milligan,
2020; Stadler, Herborn, Mustafić, & Greiff, 2020). They provide examples of CSCL projects in which indicators extracted
from forum postings provided evidence about learners’ cognitive presence (Joksimovic, Gasevic, Kovanovic, & Hatala, 2014)
and uptake of ideas between learners in online discourse (Suthers, Dwyer, Medina, & Vatrapu, 2010) and detected promising
ideas in knowledge-building communities (Lee & Tan, 2017). Similarly, Shute and Ventura (2013) argue that the higher-order
construct of student conscientiousness can be assessed based on unobservable (sub)constructs (such as learners’ persistence,
perfectionism, organization, and carefulness), which, in turn, can be modelled in terms of observable indicators extracted from
system logs (such as number of attempts, time to solve a problem, and complexity of a solution) in the context of educational
games.
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Figure 1. Mapping “from clicks to constructs” in CSCL (adapted from Wise et al., 2021).
The examples presented above are derived from contexts where a single modality of a clickstream is associated with higherorder constructs. In contrast, co-located collaboration scenarios can generate multiple streams of data from individuals, making
the task of giving meaning to low-level logs even more challenging. Recently, inroads have been made into mapping from
observable multimodal sensor data to unobservable educational constructs. For example, Echeverria and colleagues (2019)
proposed and implemented a modelling approach and data structure called the multimodal matrix to map from indoor
positioning, physiological, audio, and system logging data to a holistic view of collaboration that includes dimensions of
collaboration (epistemic, physical, social, and affective) as per a theoretical framework of collaboration (Martinez-Maldonado,
Goodyear, Kay, Thompson, & Carvalho, 2016). A similar mapping was conceptually proposed by Worsley and colleagues
(2016) to navigate from low-level sensor data (e.g., extracted from eye-trackers, video/depth cameras, and microphones) to
learning constructs (e.g., conceptual change, emotional intelligence, mindset, and identity) using a range of analytic techniques
such as classifiers, prosodic analysis, hidden Markov models, and constrained local neural fields.
A critical remaining question is: how can we generate mappings from low-level data to educational group constructs in
ways that are meaningful and valid? Several authors in the learning analytics community have emphasized the critical role of
educational theory in both driving applied research and facilitating interpretation of analytic outputs (Clow, 2012; Dawson,
Mirriahi, & Gasevic, 2015; Gašević, Dawson, Rogers, & Gasevic, 2016; Gašević, Kovanović, & Joksimović, 2017; Knight &
Buckingham Shum, 2017; Wise & Shaffer, 2015). In response to claims that the “big data revolution” signals the “death of
theory” (Mazzocchi, 2015), Wise and Shaffer (2015) argue that when datasets are so large that spurious statistically significant
patterns can be obtained easily, educational theory and expert knowledge are even more important to guide interpretation.
Knight and Buckingham Shum (2017) propose that educational theory can provide a principled way to go from clicks to
constructs by pointing at what aspects of learning are important to measure for particular stakeholders, and how to reliably
generate indicators and analytics from data. Gašević and colleagues (2017) explicitly propose that the learning analytics
innovations that are more effective and have the highest validity are those created by considering critical principles of
educational theory, design, and data science. Analytics can thus be designed in a principled manner for higher-order group
constructs, such as “effective collaboration” (Echeverria et al., 2019), “uptake of ideas from others” (Suthers et al., 2010), and
“crowd-sourced capacity to learn” (Milligan & Griffin, 2016), by giving meaning to low-level data based on educational theory
(Gašević et al., 2017; Wise & Shaffer, 2015), expert knowledge (Buckingham Shum et al., 2019a), or human-centred
methodologies (Buckingham Shum, Ferguson, & Martinez-Maldonado, 2019b).
In tackling this challenge, an important foundation that learning analytics can build on is measurement science, which long
predates the data/analytics revolution. The challenge of designing rigorous assessments has long required researchers to grapple
with the challenge of assessing a construct or capability, for example, from student responses to test items. Researchers from
those fields have developed methodologies that adapt the knowledge in this field for contemporary learning platforms and, by
extension, collaborative learning. Milligan (2020) has coined the term metrolytics as a hybrid of metrics and analytics to
encapsulate such approaches. Evidence-centred design (ECD) exemplifies such an approach, requiring the careful design of
tasks to elicit student behaviours that can be detected digitally, from which data patterns contribute differential amounts of
evidence regarding students’ capabilities (Behrens, DiCerbo, & Foltz, 2019; Mislevy, 2019; Rupp, Nugent, & Nelson, 2012).
Milligan and Griffin (2016) document their mapping from clicks to constructs in a MOOC, operationalizing the higher-order
construct “capability to learn in a scaled environment” in terms of four student capabilities: recursiveness, risk taking, peer
evaluation, and self-monitoring. These were then mapped to behavioural indicators, such as peer responsiveness to
conversation threads, reputation points, patterns of quiz practice, and patterns of quiz resubmission or video replay. These
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indicators were obtained by applying rule-based algorithms to assess the log data based on thresholds (e.g., accessing
documents > 20 times or resubmitting videos or quizzes < 50%).
To summarize, in order to provide intelligent interfaces that support collaboration and teamwork, designers of collaboration
analytics require a methodology for imbuing low-level data with contextual meaning and interfaces that communicate insights
at a higher-order level. These conceptual foundations serve to propose a conceptual model for designing collaboration
analytics, which is presented in the next section.

3. What Do You Mean by Collaboration Analytics?
A preliminary definition of collaboration analytics was stated as “the particular techniques and approaches needed to
automatically (or semi-automatically) capture, analyze, mine and distill data about collaborators’ interactions” (MartinezMaldonado et al., 2019b). However, this definition does not articulate the phenomenon at the intersection of collaboration and
analytics. In fact, the meaning of the word collaboration, and more specifically collaborative learning, has evolved over the
years across different communities of research. In CSCL, an extremely broad definition of collaborative learning corresponds
to those situations in which two or more people learn or attempt to learn together (Dillenbourg, 1998). This means that small
groups working on a short classroom task can be considered as collaborative situations, as well as whole communities of
practice working asynchronously for long periods of time. In practice, recent meta-analyses of the CSCL literature (Chen,
Wang, Kirschner, & Tsai, 2018; Jeong, Hmelo-Silver, & Jo, 2019) and the foundational CSCL literature (Dillenbourg, 1999;
Jeong & Hmelo-Silver, 2010; Stahl, 2017) indicate that CSCL research has mostly constrained its interest to small-group
activity, with notable exceptions (e.g., Aviv, Erlich, & Ravid, 2003; Szewkis et al., 2011). Other communities, such as
networked learning (Goodyear, Banks, Hodgson, & McConnell, 2006) and computer-supported cooperative work (CSCW)
(Grudin, 1991), have more explicitly focused on studying aspects related to collaboration at organizational and community
levels, or group phenomena closely related to collaborative learning such as highly effective teamwork (Fiore, 2008) and
cooperation in the workplace (Fitzpatrick & Ellingsen, 2013).
Although each research community evolves its own identity, epistemology, and definitions, numerous calls have been
made to share or unify foundational theories about how people collaborate effectively using technology (Fransen, Weinberger,
& Kirschner, 2013; Goggins, Jahnke, & Wulf, 2012; Hernandez-Leo, Villasclaras-Fernandez, Asensio-Perez, Dimitriadis, &
Retalis, 2006; Stahl, 2013; Wise & Schwarz, 2017), extending further to fields not specialized in education (e.g., CSCW and
Team Science). Researchers and developers within these communities have focused on developing or utilizing, to different
extents, various kinds of groupware: digital technologies aimed at helping people work together while interacting directly or
through a digital system (Ellis, Gibbs, & Rein, 1991). As a result, awareness of these other bodies of literature is critical for
designing theory-informed learning analytics in order to support groups.
The word analytics has been defined as a body of knowledge or principles for using “data, statistical and quantitative
analysis, exploratory and predictive models, and fact-based management to drive decisions and actions” (Davenport & Harris,
2007, p. 7) or, in other words, “transforming raw data into meaningful information to improve decision making” (Wilder &
Ozgur, 2015, p. 180). These definitions of analytics are different from the data analysis commonly conducted by researchers
in various areas (including educational research, CSCL, and teamwork science) with the purpose of generating academic
knowledge. A key purpose of analytics is to help people make decisions and act upon meaningful forms of processed data.
More specifically, the notion of analytics has been appropriated in the learning analytics field as “…the process of developing
actionable insights…” (Cooper, 2012, p. 3).
The term actionable insight has been increasingly used in several learning analytics research papers (Drachsler et al., 2015;
Gašević et al., 2017; Pardo et al., 2016; Sergis & Sampson, 2017); however, it was only recently formally defined as “data that
allows a corrective procedure, or feedback loop, to be established for a set of actions” (Jørnø & Gynther, 2018). This concept
foregrounds the importance of designing for specific actors, with particular tasks and levels of expertise, rather than a vague
“user.” This concept also enables us to more explicitly differentiate between collaboration analytics and those previous dataintensive AIED, CSCL, and ITS research works in which the purpose is often for the system to automatically make decisions
to provide adapted actions (i.e., as in intelligent tutoring, recommender systems, and conversational agents) (Graesser et al.,
2018), or to support researchers to gain new understanding of group communication processes (Dowell, Nixon, & Graesser,
2019). Although some of that work can also be considered within the umbrella of collaboration analytics, here we provide a
conceptual model of collaboration analytics being strongly linked to the notion of actionable group insights. Figure 2 depicts
a consolidated model in the form of a concept map.
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Figure 2. A conceptual model of collaboration analytics.
The model features the notion of collaboration analytics as a central node that has, at least, four inputs and one main output.
Evidently, the main input corresponds to the set of (typically incomplete, imperfect) low-level data traces obtained from a
group situation (see the intentionally fuzzy icon). The group activity can be facilitated by an educator or coach for the cases
in which there is a learning goal associated with such activity. The other three inputs for the collaboration analytics include (a)
theory, (b) the CSCL task design, and (c) outputs from human-centred design. Some authors (Gašević et al., 2017; Knight &
Buckingham Shum, 2017; Reimann, 2016; Rogers, Gašević, & Dawson, 2016) have argued that theory in learning analytics
needs to play a pivotal role since purely data-driven approaches have been recognized as not sufficiently informative for
educational purposes. CSCL theories (see recent review by Stahl & Hakkarainen, 2021) and team theory (Porter & Beyerlein,
2000; van Schuppen, 2015) are suggested as drivers to guide not only the selection of salient aspects of the group activity that
need attention but also the selection of methods for analyzing the data and designing analytics tools.
Similarly, several authors argue for the importance of aligning the task (or learning) design with the analytics (Bakharia
et al., 2016; Lockyer et al., 2013; Mor, Ferguson, & Wasson, 2015; Wise, 2014). For the case of collaboration analytics, the
task design is commonly realized as a collaboration script (Rodríguez Triana et al., 2014), which should ideally be informed
by some educational theory (Hernández Leo, Asensio-Pérez, Dimitriadis, & Villasclaras-Fernández, 2010). Scripts commonly
give structure to collaborative interactions at a macro level (e.g., by defining a sequence of tasks or distributing roles explicitly)
or a micro level (e.g., by establishing protocols of interaction or types of knowledge representation), facilitated by either an
educator or a computer system (Kollar, Fischer, & Hesse, 2006). For the case of teamwork in professional settings, similar
scripts or task designs can be found in the form of training programs (Fiore, 2008) or professional protocols, norms, and
processes (e.g., for conflict resolution, decision making, and emergency response) to be followed during particular team
situations (Johnson, Suriya, Yoon, Berrett, & La Fleur, 2002; Pauleen, 2004). Tuckman’s (1965) team development model and
Salas, Sims, and Burke’s (2005) “big five” of teamwork are examples of theoretical models that describe what members of
highly effective teams commonly do.
Regarding human-centred design, interest has recently been growing in the learning analytics field to collaborate with
teachers and students to co-design the systems that they will end up adopting into their teaching and learning practices
(Buckingham Shum et al., 2019b; Dollinger, Liu, Arthars, & Lodge, 2019). Prieto-Alvarez, Martinez-Maldonado, and
Buckingham Shum (2020) argue that by involving multiple educational stakeholders in co-design sessions, it is possible not
only to explicitly identify people’s data needs and requirements but also to deeply understand learning and assessment goals
and interaction design aspects. While teachers are not usually experts in the co-design process and students most likely do not
have pedagogical training, they can bring their expertise to the tasks they commonly need to accomplish (Gomez, Kyza, &
Mancevice, 2018). For example, co-design sessions could help capture the details about the task design, pedagogical intentions,
and theoretical underpinnings that may not be explicitly stated by educators and instructors in their learning designs or training
programs (Echeverria, 2020). In sum, theory, task design, and co-designing with educational stakeholders can each play a key
role in helping identify what aspects of collaboration are worth measuring (Kitto et al., 2018), clarify the meaningfulness of
data associations discovered through statistical or ML algorithms (Wise & Shaffer, 2015), assess the applicability of findings
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according to the particular context and pedagogical intent (Lockyer et al., 2013), and ultimately translate analytics outputs into
educational constructs that educators and learners can understand.
The ultimate goal of collaboration analytics is to generate actionable group insights based on educational or teamwork
constructs, shown as feedback loops. These insights can help researchers confirm or formulate new group theory as it has been
proposed in both CSCL and teamwork research fields (Kim et al., 2018; Wise & Schwarz, 2017). Yet, a critical distinction
discussed above is the opportunity to include groups, individual students, and educators in the feedback loop. This includes
the design of effective interfaces for guiding learners or provoking reflection to improve the effectiveness of teamwork or
learning. In role-based group situations, people could gain a better understanding of competencies that are particularly
important to develop in certain roles, such as leadership (Echaluce, Fidalgo-Blanco, Esteban-Escano, Peñalvo, & González,
2018). Educators and coaches can also play a critical role by acting upon group insights by performing interventions, providing
expanded feedback, or changing the task design or their pedagogical approaches. Other stakeholders (e.g., decision makers,
groupware designers, and education providers) can also close the feedback loop by gaining group insights that can enable them
to identify best practices or assess designed artefacts such as the collaborative space, groupware, or organizational strategies
to improve collaborative learning and teamwork (omitted from Figure 2 for simplification).
While the components of the model (theory, CSCL task design, human-centred design, and actionable group insights) are
clearly also relevant to non-collaborative phenomena, collaboration introduces elements beyond what is already considered by
learning analytics in general. For example, collaboration may imply additional levels of analysis (individuals, groups, cohorts)
and end-users (e.g., the group). Different theories and constructs of interest (e.g., from CSCL and teamwork literature) apply
to collaborative work, and also different analytic techniques (e.g., those that account for social and cognitive phenomena, those
that are sensitive to interdependence, and multimodal analytics concerned with face-to-face interaction). In fact, Stahl (2006)
argued that even those tasks that seem completely individual feature at least very minimal collaboration. Learners need to gain
access to others’ resources and articulate and negotiate meaning, even if there is no direct dialogue involved. Nonetheless,
below we focus on CSCL activities that have a strong social component and emphasize the need to consider literature from
communities that study collaborative learning and teamwork from various perspectives.
In sum, we can consider collaboration analytics as the body of knowledge and principles for transforming group data, using
descriptive and predictive modelling, into insights that educators, learners, researchers, and other stakeholders can act upon to
enable the optimization of collaboration and learning, or the development of new designs and group theory. This definition
directly connects to the efforts in mapping from clicks to constructs reviewed in Section 2.2. We use the term higher-order
group construct to refer to the broad, unobservable, group-related concept to be assessed (e.g., effective teamwork and
collaboration). These constructs can then be conceptually defined in terms of sub-constructs. For example, the higher-order
construct effective teamwork has been characterized in terms of leadership capacity, adaptability, back-up behaviour, mutual
monitoring, and team orientation (Salas et al., 2005). Sub-constructs (e.g., leadership capacity) can be refined further into
distributedness, states of sharedness, and connectivity among team members (Day, Gron, & Salas, 2004). The next two
concepts, group behavioural/physiological markers and derived features, are critical for guiding how the translation from
group data to constructs can be implemented. Wise and colleagues (2021) explain that higher-order group constructs need to
be mapped to human observable behaviours, giving the example of the observable marker turn-taking being a proxy for the
unobservable construct discourse distribution. The markers are “observable” because they can more easily be modelled or
assessed by deriving features from automatically captured behavioural or physiological group data (e.g., speech or chat traces).
This mapping can be achieved through multiple means, ranging from very simple rule-based algorithmic approaches to more
complex models.

4. Synthesis and Discussion
This section synthesizes insights from four collaboration analytics cases and relevant literature. The first subsection (4.1)
briefly describes the learning situations of the four collaboration analytics cases. The following subsections (4.2–4.5) discuss
and illustrate the importance of the four main elements of the proposed collaboration analytics conceptual model, namely
theory, task design, human-centred design, and actionable group insights. The last subsection (4.6) presents a discussion of
emerging opportunities and potential challenges to be addressed in this field. Table 1 summarizes the illustrative cases.
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Table 1. Illustrative collaboration analytics cases

Collaboration
analytics case

Cohort

Mode

1. Communities of
inquiry

6 groups of 12–14
master students

Online Discussion logs

2. Team-based
healthcare
simulation
3. Virtual
internships
4. Collaborative
concept mapping

16 teams of 3–5
nursing students
12 groups of 5
high school
students
60 triads of
undergraduate
students

F2F

Data sources

Physiological data
Positioning data
Audio/video
Human/system
logs

Online Chat logs
F2F

Speech data
Groupware logs
Group artefact

Higher-order
construct
Collaborative
problem
solving

Target
“user”
Researchers
and
designers

Modelling
technique
LSA, prediction,
ENA, linguistic
analysis

Clinical
resuscitation
protocol

Students

Rule-based
algorithm
Signal processing

Urban planning
epistemic
Educators
frame

NLP, ENA
Prediction

Transactivity
and symmetry

ML
Visualization

Educators

4.1. The Illustrative Cases
4.1.1. Case 1: Communities of Inquiry

This case was conducted in the context of an online master’s degree in software engineering in which groups of students
engaged in a four-week task (Ferreira et al., 2020; Kovanović et al., 2016) based on principles of the community of inquiry
model (Garrison & Arbaugh, 2007). In this case, the analytics were aimed at supporting researchers and developers to study
the progression of learners developing collaborative problem-solving skills (Gašević, Adesope, Joksimović, & Kovanović,
2015a). Group data used in this case corresponded only to textual data from the online discussion messages and metadata about
such messages (e.g., whether a message is a reply to another message). The purpose of the analytics was to model cognitive
and social presence, from online forum data, using a combination of predictive, linguistic, and epistemic network analysis
tools.
4.1.2. Case 2: Team-Based Healthcare Simulation

This case was conducted in the context of team-based nursing simulations (Echeverria et al., 2019) in which students enact
different roles to act upon the needs of a patient manikin (e.g., suffering a cardiac arrest). Data is captured via the patient
manikin (e.g., CPR compressions and checking vital signs), physiological wristbands (electrodermal activity — EDA), indoor
positioning trackers (x and y coordinates of each nurse), lapel microphones, and a digital logging system. A reflection tool was
designed to provide feedback on students’ performance by highlighting clinical errors after a simulation (e.g., Figure 3).

Figure 3. Team timeline for one team of nursing students. Errors are highlighted using visual elements such as
(A) a descriptive title, (B) text annotations, (C) shaded areas, and (D) colour encoding.
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4.1.3. Case 3: Virtual Internships

This case was conducted in the context of a virtual internship (Herder et al., 2018), in which students play the role of interns
at a fictional urban planning firm. This case focuses on investigating how three teachers used an analytics dashboard — the
process tab — that allowed them to monitor group chat discussions. The process tab (Figure 4), developed with the help of
classroom teachers, presents a network model aimed at helping teachers identify the connections that are most indicative of
the urban planning epistemic frame (emphasized in green colour) modelled from the chat logs.

Figure 4. The process tab. Simplified network model at the top,
chat record on the right, and intervention suggestions at the bottom.
4.1.4. Case 4: Collaborative Concept Mapping

This case was conducted in the context of a nutrition education initiative in which 60 undergraduate students organized in
triads were asked to create concept maps collaboratively using a multitouch tabletop (Martinez-Maldonado, Kay, Wallace, &
Yacef, 2011). Data was captured via the tabletop and a depth camera that differentiated student actions and a microphone array
that recognized speech acts. Based on these group data, a dashboard was designed and evaluated with teachers as a post hoc
reflection activity. This showed three visualizations. The Collab-O-meter (Figure 5, top) shows the output of an ML algorithm
as a single value on a range of extent of collaboration. This algorithm uses the calculated number of actions and the index of
dispersion of speech and touch activity from the triads to categorize each block of 30 seconds of group activity. The final
output of the algorithm is a series of blocks of activity labelled according to the extent to which the students were collaborative
(high, medium, or low level). The more blocks of activity are labelled as highly collaborative, the closer the dial points to the
right extreme of the arc value axis.

Figure 5. Top: Collab-O-meters for three triads A, B, and C. Bottom:
transactivity charts (left) and radars of participation (right).
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The transactivity chart (Figure 5, bottom left in each of the three pairs of images) quantifies connected ideas in the group
concept map authored by different students. This is a bidirectional network in which the size of each node represents the total
number of propositions created by each learner and the edges represent the extent to which they built on concepts created by
others. Finally, the radar of multimodal participation (Figure 5, bottom right in each of the three pairs) quantifies the amount
of speech and actions per student. This is a spider diagram with two dimensions, individual verbal and touch activity plotted
in blue and red, respectively. The closer an edge of the triangle is to a coloured circle (node) the higher the number of speech
acts or touch events for that particular learner.
4.2. Theory and Collaboration Analytics
Theory plays a key role in all four illustrative cases. Educational theory played a strong role in articulating multiple algorithms
for the purpose of modelling the higher-order construct collaborative problem solving in Case 1 (Figure 6, A). This construct
was conceptualized by building upon the CSCL theoretical model of communities of inquiry (Garrison & Arbaugh, 2007).
This model posits that meaningful learning happens in online discussions when learners reach high levels of cognitive presence
(Figure 6, B), which is underpinned by a model of practical inquiry that involves four main phases: triggering event (e.g.,
sense of puzzlement), exploration (e.g., brainstorming, sharing information, or leaping to conclusions), integration (e.g.,
synthesis of information and hypothesis formulation), and resolution (e.g., testing of hypothesis). The definition and detection
of behavioural markers associated with these phases can thus serve as proxies for cognitive presence (Figure 6, C).
Development of cognitive presence in collaborative problem solving is also supported by social presence (Hesse, Care, Buder,
Sassenberg, & Griffin, 2015), which refers to the extent to which learners see each other as human beings. There are three
observable categories of social presence: affective, interactive, and cohesive.

Figure 6. Mapping from online forum data to cognitive and social presence in collaborative problem solving in Case 1.
Social presence was modelled based on linguistic features (Figure 6, D) extracted from the low-level textual data of online
discussion. These include those representing text cohesion measured by the tool Coh-Metrix (McNamara, Louwerse,
McCarthy, & Graesser, 2010), psychological and linguistic processes measured by the tool LIWC (Tausczik & Pennebaker,
2010), and general word frequency. In addition, the analysis of cognitive presence included contextual features (e.g., how far
a message was from the start of the thread); message similarity, measured with latent semantic analysis (LSA) to determine
how much a message builds upon content of previous messages (Landauer, McNamara, Dennis, & Kintsch, 2013); and number
of named entities (i.e., how many domain-specific concepts are mentioned in each message). Once the features were extracted
from transcripts of and metadata about discussion messages, supervised ML algorithms (random forest) were trained to
automatically code messages for phases of cognitive presence and categories of social presence (Ferreira et al., 2020;
Kovanović et al., 2016). Collaborative problem solving was operationalized by creating graphs based on co-occurrences of
codes on the level of (i) individual messages to examine effects of the intervention of collaborative problem solving and (ii)
daily messages for every student to determine progression in collaborative problem solving. The co-occurrence graphs were
then processed using epistemic network analysis (ENA). An epistemic network quantifies connections between code elements
in data and represents them in dynamic network models (Shaffer, Collier, & Ruis, 2016). Figure 7 shows one of the epistemic
networks, aimed at supporting researchers’ analysis, resulting from this modelling. In this figure, each node corresponds to
each of the theoretically grounded behavioural markers of cognitive and social presence automatically coded from students’
online discussions.
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Figure 7. Epistemic network analysis (ENA) output used by researchers
to investigate cognitive and social presence in Case 1.
This case illustrates how an ecology of analysis tools was articulated based on theoretical foundations to address critical
questions that researchers had about collaborative problem solving. The discussion logs, after being modelled meaningfully,
provided a rich source of information about cognitive and social presence, enabling researchers to measure the impact of
student role allocation on group outcomes (Rolim, Ferreira, Lins, & Gašević, 2019). While CSCL theory played a critical role
in this case, alternative theoretical underpinnings may be found in team science and CSCW literature, or in theoretical
perspectives that define what effective teamwork is in a particular professional domain. For example, Tarmazdi, Vivian, Szabo,
Falkner, and Falkner (2015) created a dashboard that automatically identified emerging team roles from online discussions
based on a conceptual framework for self-organizing teams, while Wu, Waber, Aral, Brynjolfsson, and Pentland (2008)
combined information richness and social network theories to model sensor data to predict team productivity in face-to-face
workplace settings. Cases 2 and 3 (explained below) were informed by both educational theories and theoretical foundations
relevant to the professional skills that students needed to develop in the contexts of healthcare and urban planning, respectively.
We turn next to the question of how collaboration analytics are integrated into the students’ task.
4.3. The Task Design and Collaboration Analytics
As discussed above, various authors have argued the importance of explicitly aligning learning analytics with the learning
design, so that the data can be interpreted in context, that is, with insight into what the students were trying to accomplish
(Bakharia et al., 2016; Hernandez-Leo, Martinez-Maldonado, Pardo, Muñez-Cristobal, & Rodriguez-Triana, 2016; Lockyer et
al., 2013; Persico & Pozzi, 2015; Rodríguez Triana et al., 2014). However, a recent review suggests that more work is needed
for researchers to implement this alignment between metrics, learning processes, and pedagogy (Mangaroska & Giannakos,
2018). Rodriguez Triana, Prieto, Martínez-Monés, Asensio Pérez, and Dimitriadis (2018b) suggested one way to achieve this
by enabling teachers to customize the analytics by involving them in the design process. Echeverria and colleagues (2018a)
suggested making teachers’ pedagogical intentions explicit in the analytics interfaces themselves, by translating each intention
into a visual data story presented to students. Similarly, Wiley, Dimitriadis, Bradford, and Linn (2020) proposed analytics
reports, mostly based on text, generated based on teachers’ set learning goals.
Case 2 illustrates how the task design can drive the design and implementation of a collaboration analytics interface that
supports students’ reflection. In this case, the higher-order construct targeted is the effective performance of basic life support
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(BLS) during a group simulation created by an educator (Figure 8, A). Four sub-constructs (Figure 8, B) serve the educator to
assess the effective execution of resuscitation (ANZCOR, 2016). These are (1) opening patient’s airway, (2) assessing whether
the patient is breathing normally, (3) performing compressions, and (4) attaching a defibrillator as soon as available. Each
sub-construct was partly modelled based on behavioural markers (Figure 8, C). For example, once the patient falls into a
cardiac arrest, the airway nurse should be positioned behind the bedhead, performing a head tilt manoeuvre (airway), and
providing ventilations (breathing) in synchrony with the other nurses performing compressions on the patient’s chest
(compressions).
The mapping was implemented by defining rule-based algorithms that converted manikin logs, nurses’ critical actions, and
positioning data into indicators of presence, timeliness, and/or correctness of specific events according to protocol performed
by the team. The resulting interface highlighted correct procedures and errors made by the team using visual elements such as
a descriptive title (A), text annotations (B) with colour encoding to show correct (blue) and incorrect (orange) actions (C), and
shaded areas (D). The interface was designed so that it could be adapted to support the reflection task at the end of the
simulation by presenting “data slices.” That is, each of the teachers’ pedagogical intentions was linked to how the data was
presented. For example, Figure 3 highlighted the errors a team made while performing compressions and the defibrillation
(sub-constructs 3 and 4). A different data slice would show other errors relevant to other sub-constructs for this or other
simulations.

Figure 8. Mapping from indoor positioning and a combination of logs recorded manually and
automatically to sub-constructs in the basic life-support protocol in Case 2.
This case presents a situation in which the collaboration analytics outputs are aimed at supporting educators and students
directly rather than at informing researchers’ investigations. Moreover, each learning task (a clinical simulation) requires a
particular mapping from data to higher-order constructs. This made it imperative to make teachers’ pedagogical intentions
explicit both in the modelling and in the student-facing interface for both students and educators to make sense of the complex
data underpinning the assessments suggested by the interface. This is thus an example of how collaboration analytics has to be
aligned to the educators’ learning design, which is, at the same time, strongly connected to clinical theory in the form of
guidelines that are relevant for this specific professional domain.
4.4. Human-Centred Design and Collaboration Analytics
Human-centred design approaches propose engaging with learners, educators, and other stakeholders to identify the kinds of
meaningful educational constructs they value (Buckingham Shum et al., 2019b). For example, in Case 2, interviews and codesign sessions were conducted, with students, to identify the kind of feedback they needed the most (Prieto-Alvarez, MartinezMaldonado, & Buckingham Shum, 2018) and, with teachers, to identify the kinds of data that could serve to create such
analytics support according to each clinical simulation (Echeverria, 2020).
Case 3 illustrates the importance of co-designing with teachers for the use and orchestration of collaboration analytics. The
process tab (presented in Figure 4) was designed to measure the urban planning epistemic frame (Figure 9, A). Using principles
of quantitative ethnography (Shaffer et al., 2016), the urban planning epistemic frame was operationalized as the relationships
or connections among salient aspects of how urban planners think and act (codes). This process involved further
operationalizing the codes in terms of how they are actually expressed in the data source. These expressions are referred to as
codes and in this case consist of segments of chat utterances contributed by students. For example, the occurrence of the code
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“balance,” which refers to the discussion of how to address multiple stakeholder concerns simultaneously, can be modelled by
coding for segments like the chat utterance “since Keanu needs to increase birds, but Louis and Kayla need to decrease birds,
we need to find a good balance.” Detailed definitions of other codes have been given by Herder and colleagues (2018). Once
the codes have been identified in the data, which may be done manually or via automated techniques, connections among them
are operationalized as the co-occurrence of codes within windows of data and modelled using ENA.
The mapping in Case 3 from chat data to the urban planning epistemic frame was implemented in real time by combining
natural language processing with a predictive ENA model. Classifiers based on regular expressions were developed to label
chat utterances for the presence of the codes. ENA was used to identify and count connections between codes within team
discourse using a sliding window over the utterances of a given team (Figure 9, C). In sum, Figure 9 shows the seven relevant
codes as derived features that occurred in chat utterances (D), as discourse markers when they co-occurred within predefined
windows of utterances (C), and as sub-constructs of the urban planning epistemic frame when the connections between codes
are modelled using ENA (B — lines between codes omitted for simplicity).

Figure 9. Mapping from chat logs to the urban planning epistemic frame in Case 3.
Results from this study demonstrated the potential of dashboards that enable teachers to monitor and investigate the content
of collaborative interactions. However, although the process tab (Figure 4) was co-designed with teachers and the analytics
were designed based on strong theoretical approaches, results also demonstrated the importance of empirical evaluation with
users in authentic contexts. Specifically, teachers said that although they were able to use the process tab to point their attention
to particular groups and provide feedback, in fact, their attention was more often directed to classroom orchestration tasks —
answering questions, troubleshooting, and maintaining student engagement — which prevented them from using the dashboard
as much as they had hoped. Thus, while this dashboard was co-designed with teachers following a human-centred design
approach, their design feedback was more focused on what they wanted to do with the dashboard, rather than what they could
actually do while teaching. These insights have motivated researchers to reconsider the design of the tool not only to consider
the educational theory that is driving the technical aspects of the collaboration analytics innovation but also to consider the
specific realities of the teaching environment in the co-design process.
Both Cases 2 and 3 illustrate how important it is to consider human-centred design practices in the same way we give
importance to educational theory and the CSCL task design. An example of how these can converge is through the use of codesign to engage teachers, students, stakeholders, and experts in mapping from group data to higher-order constructs. This was
achieved through two steps in the work of Echeverria (2020): (1) eliciting from teachers and students the meanings that lowlevel group data and analytics indicators should take on and then (2) using a well-established theory to fill the gaps in the
mapping from low-level data to group constructs. A second role that human-centred design can play is in understanding the
orchestration challenges faced by educators to maximize the adoption of collaboration analytics at a classroom level. For
example, Prieto, Rodríguez Triana, Martinez Maldonado, Dimitriadis, and Gašević (2018) proposed a framework and
ISSN 1929-7750 (online). The Journal of Learning Analytics works under a Creative Commons License, Attribution - NonCommercial-NoDerivs 3.0 Unported
(CC BY-NC-ND 3.0)

139

elicitation forms for conducting sessions with educators to fully understand how the innovations can actually be used under
authentic conditions.
The cases and discussion presented in this and previous subsections illustrate how theory; the teachers’ pedagogical
intentions; and involving teachers, students, and other stakeholders can all contribute to principled mappings from low-level
group data and analytics outputs to derive meaningful semantics for the particular collaborative learning situation. We now
discuss the expected outcome from effective collaboration analytics: informing actionable insights for improving collaboration
and group learning.
4.5. Generating Actionable Group Insights
Although it is easy to display numbers and charts to learners and educators, this does not ensure that these will be meaningful
to them (e.g., Gibson & Martinez-Maldonado, 2017; Macfadyen & Dawson, 2012; Matcha, Gasevic, & Pardo, 2019) and may
not even be relevant for the task at hand (Kitto et al., 2018). In fact, Gašević and colleagues (2015b) warned about the danger
of limiting system logging to certain types of actions performed by learners, and even finding significant yet spurious
correlations with performance indicators, without fully understanding how these relationships can translate into sustained
actionable impact on student learning and teaching practice. At the same time, Rummel, Walker, and Aleven (2016) warned
about CSCL analytics systems that can feature great accuracy but still be pedagogically limited and opaque to educators’
scrutiny, which would hence hardly inform actionable insights. The visualizations of Case 4 illustrate these concerns.
In Case 4, the construct targeted by the first visualization was the extent to which a group of learners is collaborative
(Figure 10, A). Each of the second two visualizations targets two sub-constructs. The first sub-construct, transactivity (Figure
10, B), originates from research in the learning sciences (Teasley, 1997) and refers to the extent to which learners build on
each other’s reasoning. This was modelled as the times any group member created a new proposition building on concepts
added by another member. The second sub-construct, symmetry of action, proposed in the classic CSCL literature as a strong
criterion for determining a situation as collaborative (Dillenbourg, 1998; Dillenbourg & Baker, 1996; Kreijns, Kirschner, &
Jochems, 2002), was modelled by measuring the extent and balance of verbal and physical activity of the group (Figure 10, C
and D).

Figure 10. Mapping from speech data, multitouch data, and the group artefact to “collaboration” in Case 4.
As shown in Figure 5, the first (Collab-O-meter) visualization depicted the output of an ML model as a single value
representing the level of collaboration. The other visualizations showed simple summaries of activity similar to those
visualizations found in some CSCL dashboards (Liu & Nesbit, 2019; van Leeuwen et al., 2019) that mirror log data (e.g.,
counting clicks or speech acts). Results from this study suggested that although the Collab-O-meters were connected to the
higher-order construct collaboration, and their minimalistic design was aimed at enabling the rapid interpretation of the ML
algorithm output, teachers did not trust the interface. Since the underpinning model was not fully understood by teachers,
interpretation and trust issues arose and teachers did not know what pedagogical action they could make even if the
visualization reported “low levels of collaboration.” By contrast, the other two visualizations enabled teachers to identify
potential meanings in the underlying low-level group data. For example, the transactivity charts enabled teachers to identify
behaviours such as free-riding and learners working independently. The radars enabled teachers to identify how each learner
contributed to the group by doing, talking, both, or neither.
This case, along with Case 3, illustrates how some visualizations, even if they are grounded on educational theory, may
fail in supporting teachers in gaining actionable insights into students’ collaborative activity. For Case 4, although the
transactivity charts and radars of participation imperfectly modelled sub-constructs of collaboration (i.e., not considering the
dialogue content), teachers were able to use the evidence to gain a deeper understanding of potential groups and formulate
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potential interventions. In Case 3, although the resulting collaboration analytics interface had the potential to facilitate the
generation of actionable insights, the lack of consideration of the orchestration responsibilities became a threat to adoption.
4.6. Opportunities and Challenges
The four cases discussed above illustrate the diversity of analytics methods that can be applied to study or to support
collaboration. At the same time, they served to emphasize the importance of the various facets of design and theory to extract
and communicate meaningful insights from group data. In other words, the cases illustrate divergence in collaboration analytics
methods and convergence in design/theory aspects. In this subsection, we synthesize three opportunities related to such aspects,
and associated challenges, that emerge from the proposed conceptual model of collaboration analytics and the illustrative
cases.
Opportunity 1: Returning meaningful group information to teachers and students. There is evident potential for
collaboration analytics to serve as teachers’ assistants in CSCL classrooms (Bae et al., 2019). The support and evidence
provided by the analytics can augment teachers’ pedagogical abilities by, for example, embedding effective feedback processes
to support CSCL tasks (An, Holstein, d’Anjou, Eggen, & Bakker, 2020; Martinez-Maldonado, 2019), conducting datainformed team debriefings (as in Case 2), assessing higher-order group constructs (all cases), or redesigning the CSCL task.
With adequate guidance, the opportunity is there to help students engage in socially shared regulation of their collaborative
learning based on representations of their own data (e.g., Järvelä, Malmberg, Haataja, Sobocinski, & Kirschner, 2019). Case 2
and subsequent work (Martinez-Maldonado, Fernandez, Echeverria, & Buckingham Shum, 2020) also used collaboration
analytics to provide “mirrors” to students in order to provoke productive reflection and dialogue. In sum, our call to actionable
analytics is aimed at supporting students and educators in ways they can comprehend and, in doing this, also accelerating
learning science.
The challenge: The trade-off between incompleteness and complexity of group models. All learning analytics are
based on models that are an approximation to the actual learning activity (Kitto et al., 2018), and collaboration/teamwork
introduces more modelling complexity than individual learning tasks. Winne (2017) has warned the community about the
challenges in attempting to help learners using predictive models that are based on incomplete data. He suggests that it can be
“quite hazardous to predict what will happen to a particular learner” (p. 8) based on big data. We argue that for the case of
collaboration analytics, it would be even more risky to try to find causal relationships in incomplete data about such a complex
phenomenon. Yet, even if we are able to create better predictive models based on more data traces, this would also increase (i)
the complexity of the underlying collaboration models and (ii) the complexity of user interfaces for educators and students
(Martinez-Maldonado et al., 2020).
Instead, “mirrors for reflection” could be used to address phenomena that are currently too complex to model in sufficient
detail to assess individual or team progress. Explanatory analytics interfaces have been proposed to address this problem by
enhancing visualizations with narratives that explain the meaning behind specific data points and trends in the context of group
learning (Echeverria et al., 2018b). However, making automated interpretations of data on behalf of educators and students
brings its own trade-offs, such as opaque black boxes (cf. Section 4.5), and unintentional pedagogical commitments
(Tchounikine, 2019). Future collaboration analytics innovations will need to navigate between embracing very incomplete
group models that may still provide simple feedback that helps human judgments and embracing the complexity of more
complete models, more advanced automated analysis, and visualizations that intentionally hide that complexity, while
maintaining the trust of users.
Opportunity 2: Creating collaboration analytics centred on authentic needs. A recent CSCL review (van Leeuwen &
Rummel, 2019) points to the need for analytics tools tailored to teachers’ actual needs. We argued that robust connections
between higher-order group constructs and theory, the CSCL task design, and human-centred design should increase the
chances of collaboration analytics being adopted by educators. Adopting human-centred design approaches can make it
possible to understand how people can interact with group data representations that are tailored to their data analytic literacy,
expertise (e.g., the clinical background of students in Case 2), and the particular task at hand (Buckingham Shum et al., 2019b).
The challenge: Educators and students lack a meaningful voice in analytics design. A critical challenge for vendors,
and the CSCL and learning analytics communities, will be to navigate obstacles to the participation of students and educators
as equal partners in the design of analytics innovations. This is not a new challenge but instead a continuous issue experienced
in design practice in general (Sanders & Stappers, 2008). In academia, both the CSCL and the learning analytics communities
are calling for greater learner/educator agency (Prinsloo & Slade, 2016; Tchounikine, 2019), and the lack of students’ voice in
the development of learning analytics is being questioned (West, Luzeckyj, Toohey, Vanderlelie, & Searle, 2020). Yet, even
if teachers and students are invited to be part of a learning analytics project as partners, further challenges can emerge in
integrating potentially divergent stakeholder views or conflicts between theory and teachers’ pedagogical beliefs. The role of
the designer is thus critical to address such differences and identify what needs to be prioritized for a particular learning context
or analytics project. Nonetheless, as is widely recognized in the professional and academic communities focused on userISSN 1929-7750 (online). The Journal of Learning Analytics works under a Creative Commons License, Attribution - NonCommercial-NoDerivs 3.0 Unported
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centred design, a constant campaign must be fought to ensure that end-users’ needs maintain visibility compared to often
competing research, engineering, marketing, and other priorities. To pick a systemic challenge for academia, most university
research groups lack the incentives, resources, and skills to drive their research prototypes through to 24/7 “enterprise products”
in their universities. It takes concerted organizational will to build such capacity (Buckingham Shum & McKay, 2018).
Opportunity 3: Development of new theory. Tracking collaborative learning used to depend solely on hours of
observational (often video) analysis conducted by trained researchers. Those researchers used their deep analytical and
interpretative skills, drawing on the qualitative tradition, but this was resource intensive, necessarily limited to relatively small
data samples. The embedding of multimodal sensors into the physical environment, and the automation of that analysis, means
that collaboration analytics offer, in principle, an extraordinary new array of quantitative tools to generate more precise
measurements of interaction. Collaboration analytics infrastructures thus represent a new form of e-research platform (akin to
a “fourth paradigm” shift: Hey, Tansley, & Tolle, 2009), accelerating the pace at which scientists can engage in exploratory
analyses as well as theory-driven hypothesis testing. Excitement about collaboration analytics as a theory-building tool is not,
however, a rejection of the richness of the qualitative tradition. As we have argued in this paper, the fundamental challenge is
to draw on theory to help forge principled links from quantitative data to the higher-order constructs that serve as the language
of theory. Moreover, the emergence of hybrid methodologies such as quantitative ethnography (Shaffer, 2017) point to new
ways to harmonize the complementary strengths of the qualitative and quantitative traditions when working with collaborative
activity traces.
The challenge: Maturity and validity of collaboration analytics instruments. Collaboration analytics can be thought
of as scientific instruments, and from an instrumentation perspective, there has been tremendous variability in the technologies
used to capture interaction data from CSCL and team scenarios (Fiore, 2019). This, naturally, further complicates linking these
to higher-order constructs. For example, while the study of joint attention using dual-eyetracking technologies is one of the
most established areas at the intersection of learning analytics and CSCL, most developments so far do not scale beyond groups
of more than two (Schneider, Worsley, & Martinez-Maldonado, 2021). A key requirement for the maturing of this field is,
therefore, the rigorous validation of these new scientific instruments, so that (as in any science), researchers can make clear
arguments on what they are measuring, and on the limitations and biases of a given tool. Since education is clearly not the
same as the more deterministic sciences, the debate about how to claim progress in this instrumentation challenge is significant.

5. Concluding Remarks
A key contribution of the conceptualization of collaboration analytics proposed in this paper is that it blends foundations of
educational measurement and the growing interest of the learning analytics community in automatically developing actionable
insights for the particular purpose of supporting and improving collaborative learning, teamwork, and/or professional group
practices. We have built on the notation for mapping from clicks to constructs from recent advances at the intersection of
CSCL and learning analytics (Wise et al., 2021) to encourage collaboration between analytics researchers and designers to
make explicit how they are forging principled mappings between observable low-level group data, derived indicators, and the
typically unobservable higher-order constructs that are the language of educators and researchers. We offer the conceptual
model of collaboration analytics, and the exemplar mappings, to help researchers rigorously theorize how collaboration
constructs relate to activity traces, and to help collaboration analytics designers produce software tools that make sense to
educators and students.
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