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Abstract 
This special issue brings together a rich collection of papers in collaboration analytics. With topics including theory 
building, data collection, modelling, designing frameworks, and building machine learning models, this issue 
represents some of the most active areas of research in the field. In this editorial, we summarize the papers; discuss 
the nature of collaboration analytics based on this body of work; describe the associated opportunities, challenges, 
and risks; and depict potential futures for the field. We conclude by discussing the implications of this special issue 
for collaboration analytics. 
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1. Introduction 
Collaboration has taken a principal role in educational policy, research, and technology (Graesser et al., 2018), and teams have 
been recognized as the preferred model for successful economic competitiveness, quality of life, and national security (Fiore, 
Graesser, & Greiff, 2018). Research on collaborative learning includes both learning while collaborating and learning to 
collaborate. The papers in this special issue illustrate the complexity of the area. One purpose of our editorial is to converge 
on a common understanding of collaboration analytics in order to discuss the potential of its role in research and practice. 

A significant barrier to the development of collaboration analytics has been the accessibility of education data in the context 
of collaboration. Recent developments in data collection techniques now allow researchers and practitioners to collect rich 
process data on small groups — from clickstreams to multimodal sensor data (Blikstein & Worsley, 2016), including eye-
tracking, natural language processing (NLP), motion sensing, and physiological data. The availability of naturally occurring 
educational data within existing and emerging collaborative environments presents a unique opportunity to make significant 
advances in our understanding of learners’ social, cognitive, and affective interaction dynamics and collaborative ecologies. 
This opens new doors to both better understand collaborative mechanisms and support them in a rigorous and data-driven 
fashion (Wise & Schwarz, 2017). With access to data and developments in artificial intelligence (AI) and machine learning, it 
is time to pause and consider the potential of collaboration analytics. The opportunities we are most excited by are at the core 
of this special issue: how can fine-grained data from small groups be leveraged to (1) design better models of collaboration, 
(2) support interactions between students, (3) design innovative ways of teaching collaborative skills, and (4) contribute to 
theory building? These new opportunities could radically change research on small groups in education and in the social 
sciences more generally. 

This special issue brings together a rich collection of papers in collaboration analytics. With topics including theory 
building, data collection, modelling, designing frameworks, and building machine learning models, this issue represents some 
of the most active areas of research in the field. In this editorial, we summarize the papers; discuss the nature of collaboration 
analytics based on this body of work; describe associated opportunities, challenges, and risks; and depict potential futures for 
the field. We conclude by discussing the implications of this special issue for collaboration analytics. 

2. Summary of Papers 
In the first article, Han, Krieger, and Greiff (2021) discuss the importance of definitions and theory for collaboration analytics. 
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They point out that (a) current approaches to collaboration analytics fail to take into account and fully capture the 
comprehensive educational contexts in which students’ collaboration takes place and (b) existing definitions and perspectives 
on collaboration analytics are incongruent. To address this, the authors provide an illustrative example within the context of a 
collaborative classroom that highlights the co-emergence of three interactions among students, teachers, and content 
interwoven with time. Their comprehensive framework, which includes the temporal aspects of interaction, learning content, 
and interactions between students and teachers and among students, offers much potential. 

In the second article, Worsley, Anderson, Melo, and Jang (2021) talk about the importance of developing new data 
collection tools for supporting collaboration analytics. They present a paper describing the development of a tool called BLINC 
(Building Literacy in In-Person Collaboration) that was informed by data collected from university students regarding their 
concerns about collaboration. The survey results showed that students’ concerns about collaboration were related to seven 
dimensions that were then used to inform the design of BLINC. This tool is a system of wireless audio/video data collection 
devices; a centralized server; and a secure, web-based interface for accessing data in real time or post hoc. BLINC is intended 
to be used not to assess collaboration but instead to frame the conversation for users, giving the group language and permission 
for discussion. The authors suggest that this process could be used for each new group of end-users to determine the best way 
to adapt it for different needs. They imagine a future in which teams using a tool such as BLINC are supported to guide their 
own collaboration in education contexts as well as others. 

In the third article, Emara, Hutchins, Grover, Snyder, and Biswas (2021) present a framework for analyzing rich 
collaboration data. They suggest that collaboration analytics can provide a better understanding of socially shared regulation 
(SSR) processes by capturing collaborative dialogue, log files, and task scores. They describe a systematic analysis framework 
to facilitate the integration of different multimodal data sources. This framework is used in a K–12 setting, where 14 grade 9 
students worked in a block-based environment to learn physics by programming specific concepts (e.g., velocity, acceleration). 
Through NLP, process mining, and a case study, they found that engaging in SSR was associated with more productive co-
construction of knowledge, leading to higher performance scores. The authors argue that their findings contribute to a better 
understanding of collaborative processes, which can then be used to inform the design of future environments — especially in 
terms of their ability to provide adaptive feedback during collaborative problem-solving (CPS). 

In the fourth article, Swiecki (2021) shifts attention to the importance of interdependence in CPS and associated analytics. 
The authors point out that a defining feature of CPS is the interdependence that exists between individuals when they work 
together, that is, how they respond to and influence one another over time. However, few models have been developed that 
can account for these relationships. These interdependent models seek not to isolate individuals from their team but rather to 
describe how individuals think and act in relation to each other (e.g., Dowell, Nixon, & Graesser, 2019; Halpin & von Davier, 
2017). While interdependent models have been found to differ significantly from independent models, that is, those that treat 
the process of individuals as isolated events by not accounting for how they relate to prior team behaviour, they tend to be 
more complex. This complexity makes them potentially difficult to use in assessments and systems that need to be explainable 
for educators, learners, and other researchers. This raises an important issue regarding the trade-off between model complexity 
and validity, and when researchers and practitioners should deem interdependent models as necessary, or whether simpler 
models will suffice. To address this, Swiecki (2021) describes the development and testing of a novel quantitative measure of 
the impact of interdependence that can be used to guide modelling decisions and address specific research questions about 
collaborative contexts. 

In the fifth article, Halpin (2021) focuses attention on dynamical interdependence between members of small groups using 
data from online chat between dyads collaborating to complete a grade 12 mathematics assessment. Halpin (2021) drew on 
data generated by automated coding of the chats as containing responses to a question, mathematics content, or chat messages 
with no mathematics content. A Markov chain was used to model group dynamics, which were then related to group outcomes, 
while pre-test scores and word count were used as the control variables. The paper aims to provide a simple model with in-
depth discussion of reliability and validity for other researchers to apply to more complex models of learning and collaboration. 

In the sixth article, Lämsä et al. (2021) use cutting-edge supervised machine learning models to automatically predict 
phases of collaboration. They collected data during a computer-supported collaborative inquiry-based learning (CSCIL) 
activity, where 55 students learned about thermodynamics in groups of five. By manually coding students’ interactions, they 
labelled the data according to the five phases of an inquiry-based learning (IBL) cycle (orientation, conceptualization, 
investigation, conclusion, and discussion). They then used transcript data to train deep network models. These models are state-
of-the-art supervised machine learning models that perform well on a variety of prediction tasks. They found that their best 
model was slightly better than the human coder (58.9% vs. 54.3%). They conclude by describing the potential of this approach 
for real-time support of CSCIL activities, by combining their models with speech recognition technologies. 

In the seventh and final article, Martinez-Maldonado and colleagues (2021) highlight the need to use human-centred 
designs when designing collaboration analytics. They draw on substantial literature and their previous research to provide a 
conceptual model that they then apply to four cases. The authors envision a future in which researchers theorize how 
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collaboration constructs relate to activity traces and how the designers of collaboration analytics tools would produce useful 
tools for educators and students. Each of the cases, including educational settings such as high school, undergraduate university, 
and graduate school, addressed the core elements of collaboration analytics included in the proposed conceptual framework: 
theory, task design, human-centred design, and the generation of actionable group insights. A substantial contribution of this 
paper is the attention the authors give to what they call the opportunities and challenges but are essentially key considerations 
when making design decisions about collaboration analytics. 

3. What Is Collaboration Analytics? 
Collaborative learning has been broadly defined as “a situation in which two or more people learn or attempt to learn something 
together” (Dillenbourg, 1999). Learning analytics is defined as “the measurement, collection, analysis, and reporting of data 
about learners and their contexts, for the purposes of understanding and optimizing learning and the environments in which it 
occurs” (Siemens, 2013). Thus, we can consider that collaboration analytics (applied to educational settings) is the intersection 
of these two definitions: it expands the definition of learning analytics to focus on groups of students, or adds the idea of 
measuring, collecting, and analyzing data from groups of learners for the purpose of supporting them. This echoes the definition 
of computer-supported collaborative learning (CSCL), which has been defined as collaborative learning in which technology 
plays a substantial role (Goodyear, Jones, & Thompson, 2014), but puts data analytics at the forefront. Each paper in the special 
issue, however, defines collaboration analytics slightly differently, depending on the authors’ particular epistemological stance 
about learning, collaboration, and learning analytics. Such differences can lead to nuanced disagreements and are part of the 
tension when people from different fields come together to create something new. Learning analytics researchers are well 
practised at connecting analytic techniques to deep theoretical perspectives (Wise & Schwarz, 2017), and the richness of these 
epistemological stances has been generating innovative and interesting work, as exemplified by the papers in this special issue. 

All the authors involved in this special issue, ourselves included, have their own approach to defining collaboration 
analytics. We draw on these papers, as well as other literature, to identify eight areas of active research in collaboration 
analytics. As highlighted in Figure 1, we suggest that collaboration analytics must draw on theories of collaboration and inform 
the creation of new data collection tools to build computational models of interactions, leading to new understandings of 
collaboration and informing the development of predictive models for collaborative states. Collaboration analytics can then 
inform the design of support systems, including stakeholders in the design process, and ensure the specific considerations of 
privacy and ethics. We review each of these areas below. 

As can be seen in Figure 1, collaboration analytics can contribute to both research and practice. In considering the 
relationship between collaboration analytics and research, the first focus of collaboration analytics discussed here is to leverage 
and contribute to theories of collaboration. We won’t discuss theories related to collaboration and collaborative learning, 
because as both Han and colleagues (2021) and Martinez-Maldonado and colleagues (2021) found, the existing models tend 
to be incomplete and complex. Interdisciplinary collaboration is an area in which multiple theories have been aligned to provide 
a model of collaborative learning (e.g., Pennington et al., 2016; Markauskaite et al., 2020). In these studies, collaborative 
learning involves interpreting, responding to, and working with others; interdisciplinary collaboration is viewed as an evolving 
practice. To inform the refinement of theoretical models of interdisciplinary collaboration, we need to collect multiple types 
of data to observe what learners are saying and doing as well as apply analytic techniques to identify productive collaboration 
(e.g., Gosselin, Thompson, Pennington, & Vincent, 2020; Pennington, Vincent, Gosselin, & Thompson, in press). The 
application of collaboration analytics can inform the development of theory about collaborative learning in many different 
learning situations. 

A second focus is on the development of innovative data collection tools that provide new ways of capturing, 
understanding, and supporting social interactions. Over the last decade, the availability of larger and richer datasets has 
transformed many fields of research and, arguably, our society as a whole. From genetic sequencing to personal 
recommendation systems, big data is changing the way we look at the past to understand the present and predict the future. 
Collaboration analytics is a perfect example of this — by developing new data collection tools that allow us to visualize social 
interactions in real time, it could allow students to better understand group interactions and how to interact with others. The 
BLINC platform (Worsley et al., 2021) is a first step in this direction. By providing information about the group’s discussion, 
the tool allows students to start a conversation on how their collaborative processes could be improved. The authors ground 
their design in a user-centric approach, where survey questions captured students’ concerns when collaborating in small groups. 
Looking beyond this special issue, the development of new data collection tools is an exciting and fast-moving subfield of 
collaboration analytics. While the cost of sensing devices used to be prohibitive, the last 20 years has seen more and more 
inexpensive hardware be commercialized. For example, one can now purchase an eye-tracker for a few hundred dollars, which 
is an order of magnitude less than decades ago; fitness trackers like the Fitbit or motion sensors like the Kinect Azure are in a 
similar price range. We are also seeing integration of those sensors into everyday devices, with newer versions of the iPhone 
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or Microsoft Hololens that have built-in eye-tracking capabilities. More recently, better and better computer vision algorithms 
are starting to replace physical sensing devices entirely. As an example of a toolkit that doesn’t require any special hardware 
to collect multimodal data, the EZ-MMLA website (Hassan, Leong & Schneider, 2021) allows anyone with a webcam to 
generate gaze, motion, and physiological data from a browser, which can then be used to collect rich data from educational 
contexts. This “data deluge” presents new challenges in cleaning, sanity-checking, post-processing, and fusing (Ochoa & 
Worsley, 2016) datasets from different sources, but it also creates new opportunities for understanding collaborative 
interactions. 

 
Figure 1. An overview of active areas of research in collaboration analytics. 

A third focus is on leveraging these large datasets through computational models. Researchers have explored various 
approaches, some of them featured in this special issue. Lämsä and colleagues (2021), for example, trained supervised machine 
learning (i.e., deep neural networks) models to predict different phases of the collaborative process. Supervised machine 
learning has been successfully used for a variety of tasks in many domains — however, the majority of these predictions tend 
to be low-level, observable events easily coded through crowd-sourcing services (e.g., tagging objects or people). A challenge 
of collaboration analytics is to predict social constructs that are not easily identifiable and require coding schemes with high 
validity and reliability, which increases the cost of generating large datasets with labelled instances. These challenges are 
visible in Lämsä and colleagues’ (2021) work, where human coders struggled to perfectly identify phases of a CSCIL activity. 
Nevertheless, there is promise in leveraging supervised models for predicting collaborative states, especially as we develop 
better and more efficient ways of labelling data. 

A fourth focus is on understanding collaborative processes through fine-grained data and computational models. In 
collaboration analytics, the primary phenomenon of interest may span many grain sizes. In this context, it has been widely 
acknowledged that collaboration and collaborative processes reside at varying levels and take place across different phases of 
collaboration. That is, collaborative interactions can be analyzed at the level of the group or the individual student, between 
students, and at the cultural level (Janssen, Erkens, & Kirschner, 2011). Emara and colleagues (2021) explored this issue in 
the context of students’ SSR processes. Their systematic analysis framework highlights the importance of capturing multimodal 
representations of regulatory processes that take place on varying levels, namely on an individual (self-regulation) and on a 
group (SSR) level (Hadwin, Järvelä, & Miller, 2011; Wise & Shaffer, 2015). Halpin (2021) investigates models of dynamical 
interdependence in dyads, accounting for both individual and group measures in the model. Swiecki (2021) takes a different 
lens and explores the potential importance of interdependence in collaboration analytics, that is, how individuals respond to 
and influence one another over time during collaborative interactions. Their work was situated within the definition of 
collaboration analytics provided by Martinez-Maldonado and colleagues (2019), wherein collaboration analytics refers to the 
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particular techniques and approaches needed to automatically (or semi-automatically) capture, analyze, mine, and distill data 
about collaborators’ interactions. The authors suggest that many current models of collaboration obfuscate any details about 
the moment-to-moment interactions between the individual and their team, how individuals may depend on one another for 
information, and how they may influence one another over time. To address this, Swiecki (2021) describes the development 
and testing of a novel quantitative measure of the impact of interdependence that can be used to guide modelling decisions and 
address specific research questions about collaborative contexts. The results suggest that the measure can distinguish between 
individuals who have been impacted by interdependence differently, that interdependence is impactful in their data overall, 
and that aspects of the task design may have affected the impact of interdependence on some individuals. 

A fifth focus is the inclusion of key stakeholders in the design of analytics. Martinez-Maldonado and colleagues (2021) 
discuss this challenge, especially the end users of collaboration analytics in the design process, and Worsley and colleagues 
(2021) discussed the development of a tool designed to be altered in response to the varying needs of the users. Collaboration 
between researchers, developers, teachers, and learners is a key element of methodologies common in the learning sciences, 
such as design-based research (Brown, 1992; Reimann, 2013) and research-practice partnerships (Penuel & Gallagher, 2017). 
Both are related to investigating problems of practice and are intended to support a collaborative approach between 
practitioners and researchers. In order for collaboration analytics to realize the potential discussed in many of the papers in this 
issue of generating new theory, inclusion of key stakeholders is vital in the development of tools and their implementation in 
authentic learning situations. 

Collecting additional types of data in new contexts to explore social interactions between students, however, brings new 
challenges. Data privacy and ethics have become a central focus in the learning analytics community (and beyond), particularly 
when the data is shared between students within a group, but also because the data collected is from students in learning 
situations which can be challenging and frustrating and involves students in vulnerable situations. The quality of the data is 
also a major concern; the easy availability of “cheap” data can influence researchers to focus on less relevant constructs 
(without leveraging existing learning theories; see concerns raised by Wise & Shaffer (2015)), and common standards for 
collecting and reporting on learning data do not currently exist. Finally, new approaches also come with new biases (O’Neil, 
2016), from black box models that are fine-tuned for specific samples of students and underperform for others, to researchers’ 
attention being drawn to incomplete or misleading information (such as the streetlight effect; Ochoa & Worsley (2016)). 

In summary, the different foci of this special issue (Figure 1) represent areas of research where collaboration analytics can 
make significant contributions. In the next section, we discuss opportunities and challenges for these contributions. 

4. Opportunities and Challenges for the Field of Collaboration Analytics 
Collaboration analytics can impact the future of collaborative learning and collaborative work, in terms of both research and 
practice. In this section, we describe the potential benefits (and dangers) of using a data-driven, analytical approach. 

Many technical challenges to the implementation of collaboration analytics have been addressed, but some aspects of the 
way they are used in the practice of research about collaboration still impact their current utility. In order for collaboration 
analytics to help researchers better understand collaboration, we suggest that the practice needs to converge in five key areas. 
Agreed-upon, common definitions of collaboration analytics and collaboration are lacking. Seven articles are included in this 
special issue, with differing perspectives even on a holistic view of what is important in collaboration analytics. Han and 
colleagues (2021) consider this to include teacher, student, time, etc.; Martinez-Maldonado and colleagues (2021) include a 
variety of elements from a design framework; and Swiecki (2021) and Halpin (2021) both identify the importance of 
interdependence. Worsley and colleagues (2021) and Emara and colleagues (2021) discuss multimodal collaboration analytics 
— focusing on measures of learning without reference to other elements in the learning situation. Without a shared 
understanding of the phenomenon studied, it is challenging to relate findings and advance the field. Common ways of 
generating datasets that can be shared between researchers could provide a basis for the creation of a shared understanding of 
collaboration. Tools could then be created to build consistency and provide researchers with an approach to the implementation 
of this data-driven approach. 

With some reservations about potential confusion, this suggests that a collaborative approach to research about 
collaboration could be adopted. The research practices in interdisciplinary fields such as environmental science have evolved 
over the last 10 years with a recent focus on convergence in science. Pennington and colleagues (2016) show that key stages 
include (1) identification of an appropriate research question, (2) agreement on a shared vocabulary, (3) the co-creation of 
boundary negotiating objects, and (4) tools for visualizing and combining data, with (5) the aim of producing a new, connected 
model of understanding. If this model is adopted, then in developing and implementing collaboration analytics, researchers, 
practitioners, and learners will need to collaborate in order to agree on our common questions using a shared vocabulary, co-
creating the tools we need to visualize and combine data. A collaborative approach to research in collaboration, supported by 
collaboration analytics, means that we are better placed to make contributions to both theory and practice. We imagine this as 
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an ongoing, evolving conceptualization of collaboration — beginning with a shared model of collaboration that is tested in 
various learning situations supported by collaboration analytics, which are then used to support the revision of the model, in 
which collaboration analytics tools, etc., are revised and reapplied. This approach would mean that the models of collaboration 
that researchers use to inform their inquiry would be articulated and shared with partners, standard tools would be used to 
collect the data, and researchers would collaborate to ensure representative samples are accessible and utilized. Creation of 
shared visualizations would also help researchers understand how different data, the collection of which was informed by 
different epistemological perspectives, can be connected to produce a new model of understanding of the phenomena. 

From a practical perspective, a defining component of collaboration analytics is to support collaboration using data in 
ecological settings. Collaboration analytics is about going beyond describing and understanding collaborative processes to 
design systems that can help key stakeholders. In education, the Journal of Learning Analytics community is primarily 
interested in supporting individual learners, small groups of students, communities, and teachers. All of the authors of this 
special issue emphasize the importance of collaboration analytics for practice. Emara and colleagues (2021) suggest that their 
work can “inform the design of future environments and tasks to foster better collaboration and learning in computational 
scientific modelling and beyond [and that] [T]here is increasing interest in designing adaptive support and timely feedback for 
CPS.” Along the same line, Lämsä and colleagues (2021) mention that their “methodology may be combined with automatic 
speech recognition methods to analyze face-to-face conversations and support real-time orchestration of CSCIL activities,” 
noting that their findings “may advance the design of adaptive guidance of CSCIL; visualizations of the results could be 
presented in the dashboards of teachers or students [...] From the teachers’ perspective, these dashboards could support their 
orchestration of CSCIL activities in real time (e.g., facilitating the guidance of students and provision of feedback) [...] From 
the students’ perspective, these dashboards could be used as awareness tools.” This is echoed by Worsley and colleagues 
(2021), who envision teams using a tool such as BLINC to “guide collaboration.” Building on this, Martinez-Maldonado and 
colleagues (2021) ponder how collaboration analytics designers could produce software tools that make sense to educators and 
students. Those considerations are further reflected upon by Han and colleagues (2021), who argue for an ecological approach, 
where collaboration analytics is holistic and contextually sensitive. In summary, the contributors to this special issue are all 
optimistic about the use of collaboration analytics in naturalistic settings. 

An ideal future of collaboration analytics is to develop systems that are theory based, collect rich interaction data, model 
collaboration in adaptive ways, are context sensitive, respect users in ethical ways, and support users at different levels based 
on individual and group characteristics. The field needs to conceptualize different levels of support and get a better 
understanding of how they should be applied. A useful starting point is the framework by Soller, Martínez, Jermann, and 
Muehlenbrock (2005). They describe a four-level model where increasingly complex support is provided to groups of learners. 
In the first level, interaction data is collected and aggregated to offer new insights on collaborative processes. In the second 
level, the current state of interaction is mirrored to the group; the group then decides whether their state is productive or needs 
to be regulated. These mirroring tools have been successfully used to promote awareness and reflection in small groups, for 
example, in terms of equity of verbal participation (Bachour, Kaplan & Dillenbourg, 2010) or as dashboards for teachers 
(Schwendimann et al., 2016). The third level compares the current state of interaction to a “desired state” and offers meta-
cognitive tools to learners (e.g, by displaying information about what the desired interaction state might look like along with a 
visualization of their current state). Finally, in the fourth level, the system guides the group toward more productive states. 
This kind of system needs to know not only what a desired state looks like but also how to get there. An example of a guiding 
system that makes a first step in this direction is the EPCAL platform (Hao et al., 2017), where an intelligent facilitator provides 
high-level prompts for group members to stay on topic and be polite, engaged, and responsive to others when they are perceived 
to be lacking in these areas. 

A potential future for collaboration analytics is to build models that can work on those different levels and can provide 
adaptive support based on the needs and skills of the group. This potential can be fulfilled by doing some groundwork in using 
common theories and definitions, designing new ways of operationalizing collaborative processes, developing new data 
collection tools, modelling social interactions in more sophisticated ways, designing interfaces that are user centred and context 
sensitive, and building smart systems that can adapt to various group dynamics. These opportunities are where the field of 
collaboration analytics can make significant contributions. 

5. Dangers and Challenges with Pushing These Approaches Too Far 
Although the authors in this special issue present several promising avenues for collaboration analytics, the work poses some 
technical and ethical considerations. For instance, Han and colleagues (2021) present a more utopian view of collaboration 
analytics that is holistic and contextually sensitive. Their comprehensive framework, which includes the temporal aspects of 
interaction, learning content, and interactions between students and teachers and among students, offers much potential. One 
can imagine a number of possibilities coming to life when combining this holistic lens with recent technological advances, 
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such as body movement sensing, speech to text, and facial recognition. For instance, smart collaborative activities in 
classrooms equipped with such technologies could provide both teachers and students the ability to monitor their behavioural 
engagement (listening, speaking, or disengaged) and their social, cognitive, and affective processes, and simultaneously 
measure and compare teachers’ actions and students’ performance or levels of collaboration. However, some technical 
challenges must be solved, such as difficulties incorporating mass data from different sources in a synchronized way, not 
overwhelming teachers and students with too much data that is ineffectively communicated, and appropriately making latent 
variables visible (e.g., “mental regulation processes”). It might only be possible for research to adopt such considerations with 
respect to the analysis of small groups or a small number of course units due to time and resource limitations. 

Additionally, several ethical considerations come to mind when navigating the implementation of comprehensive tracking 
of students in classrooms, as well as the collaboration analytics topics across the articles in this special issue, more broadly. 
These issues primarily relate to data collection (e.g., privacy, ethics, consent), modelling (e.g., inclusion, accuracy), algorithms 
(e.g., bias, accountability) (ACM US Public Policy Council, 2017), and data management (e.g., data ownership, provenance, 
storage), none of which are likely to be unique to collaboration analytics, but instead have ethical dimensions of analytics that 
require deliberate consideration and proactive planning by the broader learning analytics community (Drachsler et al., 2015; 
Wise, 2019). 

Some of these issues, which are present in the wider learning analytics and collaboration analytics research, are evident in 
the special issue articles, namely predictive modelling and the use of NLP (e.g., Lämsä et al., 2021). For instance, Lämsä and 
colleagues (2021) provide a novel exploration of face-to-face collaborative inquiry–based learning interactions. Their approach 
utilized human content analysis of discourse, cutting-edge NLP, and supervised machine learning models (i.e., word 
embeddings and deep neural networks (DNN) with attention layers) to automatically predict phases of collaboration. Their 
study could advance the design of adaptive guidance of CSCIL, wherein visualizations of the results could be presented in 
teachers’ or students’ dashboards. Despite the potential for this and similar efforts within the field, we as a community should 
be aware of and ideally address several non-trivial issues before widespread adoption can be realized. 

These recent advancements in artificial neural networks (ANNs) and deep learning have resulted in the development of 
these highly effective techniques for discourse representation and collaboration analytics. A major player in the field was 
revealed by Google and is a breakthrough AI technology called BERT (Bidirectional Encoder Representations from 
Transformers; Devlin, Chang, Lee, & Toutanova, 2019), which has garnered significant attention in the machine learning 
community by presenting state-of-the-art results in a wide variety of NLP tasks, including question answering, natural language 
inference, and others. BERT’s main technical innovation is applying the bidirectional training of Transformer, a widely used 
attention model, to language modelling. This is in contrast to previous efforts, which examine a text sequence either from left 
to right or combined for training. Devlin and colleagues (2019) highlight how a bidirectionally trained language model can 
have a deeper sense of language context and flow than single-direction language models. However, this revolutionary AI 
appears to have a significant issue, as articulated by The New York Times: “It could be picking up on biases in the way a child 
mimics the bad behavior of his parents” (Metz, 2019). That is, BERT, like many other similar NLP approaches, learns linguistic 
representations from tons of digitized information, such as old books, Wikipedia entries, and news articles. This has created 
non-trivial issues since these societal artifacts carry decades of biases as well as the current biases within our society (Callahan 
& Herring, 2011). An illustration of the problematic behaviour is the recurrently appearing occupational stereotypes that the 
word homemaker is related to the word woman as the word programmer is to the word man (Bolukbasi, Chang, Zou, Saligram, 
& Kalai, 2016; Webster, Costa-jussà, Hardmeier, & Radfor, 2019). Recent studies have aimed to detect, analyze, and mitigate 
gender bias in different NLP tools and applications including word embeddings, but these issues remain and should be carefully 
thought about when implementing any NLP techniques. 

Similar issues can be seen with the application of predictive models in the context of collaboration analytics. That is, all 
learning analytics are based on models that are an approximation to the actual learning activity (Kitto, Buckingham Shum, & 
Gibson, 2018), and collaboration/teamwork introduces more modelling complexity than individual learning tasks. Winne 
(2017, p. 8) has warned the community about the concerns and challenges in attempting to help learners using predictive 
models based on incomplete data. He suggests it can be “quite hazardous to predict what will happen to a particular learner” 
based on big data. We argue that for the case of collaboration analytics, it would be even more risky trying 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 the complexity of (i) the underlying collaboration models and (ii) the 
complexity of user interfaces for educators and students (Martinez‐Maldonado, Schulte, Echeverria, Gopalan, & Buckingham 
Shum, 2020). 

6. What Are the Potential Futures of Collaboration Analytics? 
While there are exciting opportunities for research and practice, we also wonder about the future of the field when we integrate 
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those different research strands. Looking across the papers of this special issue, all the authors discuss the future of the field 
in terms of informing the design of smart adaptive systems that could coach groups and teach collaboration skills. While this 
is a possibility, we want to take the time to examine what their proposed future would look like and consider alternatives. To 
do this, we adopt the framing of intelligent tutoring systems (ITSs). ITSs have been successful at teaching difficult concepts 
in closed-end domains (i.e., where there is an objective right or wrong answer to a problem). These systems have been making 
considerable gains in accurately tracking students’ knowledge and offering guidance to address misconceptions. In the previous 
section, we described a framework (Soller et al., 2005) that breaks down the steps to build this kind of smart system. In Table 
1, we expand this model by describing a continuum between unintelligent and smart adaptive systems for supportive 
collaboration. The first row describes the features necessary for these levels of intelligence (e.g., capturing and displaying 
collaborative states; inferring, predicting, and adjusting group support). The second row mentions benefits of each level, such 
as getting access to richer interaction data, supporting group reflection, diagnosing the group’s state, and providing advice. 
The third and fourth rows reflect on the opportunities and challenges associated with each level, especially in terms of 
developing diagnostic models of collaboration. The final two rows describe the main area of contribution and examples of 
systems that have implemented some of these features. 

Table 1. A possible future for the field of collaboration analytics. The first row describes a continuum from unintelligent to 
smart adaptive systems, with associated features, opportunities, challenges, and examples. 

Continuum Unintelligent 
system 

Mirroring 
system 

System with 
meta-cognitive 
tools 

Guiding 
system 

Smart adaptive 
system 

Features captures current 
state 

displays current 
state 

infers desired 
state 

predicts next 
best action to 
reach desired 
state 

adjusts guidance 
based on contexts 
and users 

Allows for analyzing rich 
interaction data 

monitoring and 
reflecting on 
group 
interactions 

comparing 
“current” with 
“ideal” state 

providing 
advice on how 
to work 
together 

adapting to vastly 
different group 
dynamics and 
domains 

Opportunities develop new 
data collection 
tools 

develop user-
centred 
visualizations 
and designs to 
support small 
groups 

develop 
diagnostic 
models of 
collaboration 

develop 
predictive 
models to 
guide groups 
toward a 
better state  

develop holistic 
and context-aware 
systems 

Challenges collect high-
quality (e.g., 
beyond 
clickstream) 
data while 
addressing 
issues of ethics 
and privacy  

minimize 
cognitive load 
while providing 
useful insights 
about 
collaborative 
interactions 

identify “ideal” 
states by taking 
individual and 
group 
differences into 
account 

identify next 
best action(s) 
to get closer 
to an “ideal” 
state 

develop models 
that are context 
independent (i.e., 
can generalize to 
any situation) 

Contributions data collection data 
visualization 

data modelling AI AI 

Examples EZ-MMLA 
(Hassan et al., 
2021) 

BLINC 
(Worsley et al., 
2021) 

Some 
dashboards 
(Schwendimann 
at al., 2016) 

EPCAL (Hao 
at al., 2017) 

None 
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While this approach to framing the steps involved in the construction of a smart system has been successful for ITS research 
in closed-end domains, a reasonable question is whether this is the only (or even the best) way forward for collaboration 
analytics. Unintelligent systems and mirroring systems are relatively easy to design (compared to smarter systems), but they 
face important issues of privacy and ethics. However, in collaboration analytics, the levels that include meta-cognitive or 
guiding capabilities are creating important bottlenecks. Because there is no right or wrong answer for collaborative interactions 
(beyond detecting obvious non-productive behaviours, such as the free rider or sucker effects; Salomon & Globerson (1989)), 
it is difficult to develop sophisticated guiding systems. At best, some of these systems will work only in a specific context, 
without easily generalizing to other settings. Given the difficulty of the task, a question is whether the field needs to consider 
alternative futures that add to the model that the ITS research has used. 

Two options that we considered draw on an understanding of collaborative learning that acknowledges the role of the 
teacher. The first is the ASSISTments platform (described in Baker, 2016), where teachers play an active role in supporting 
students by looking at their interactions with a simple tutoring system. A similar approach could be used for collaboration, 
where a facilitator or expert could be an intermediary between the smart system and students. Another example is the Mursion 
platform (Hudson, Voytecki, & Zhang, 2018), where teacher candidates are immersed in a virtual world where they have to 
manage a classroom of students. The students are “stupid” agents in the sense that the AI can only display simple behaviours. 
However, the differentiating factor is that a human “puppeteer” can control students when necessary to create interesting 
professional development scenarios (such as a student disrupting the class, lagging behind, or being disengaged). The aspirant 
teacher then reacts in real time to address the issue and move on with the class. This kind of real-world interaction would be 
difficult and costly to create in an actual classroom, but the combination of a virtual world with simple AI agents (controlled 
by an experienced teacher) turns it into a powerful experience. The analytics can be used to support the learner and more 
experienced teachers, for example, during the session (to suggest interesting scenarios or courses of action) or after the session 
(to reflect on the choices made and offer guidance on considering alternatives). One can imagine this kind of scenario being 
transferred to the learning of collaborative skills, which opens new opportunities for thinking about the use of collaboration 
analytics. 

7. Conclusion 
In this editorial we have summarized the papers of the special issue; discussed the nature of collaboration analytics based on 
this body of work; described associated opportunities, challenges, and risks; and depicted potential futures for the field. We 
brought together definitions of collaboration, learning analytics, and CSCL to define collaboration analytics. We also 
considered the opportunities, needs, and challenges for the field. Finally, we described multiple futures for collaboration 
analytics, beyond smart adaptive systems. Through these different lenses, we hope that this editorial can generate productive 
conversations about the current state and future of the field. 

The quality of the contributions to this special issue speaks for itself, so there is no need for additional praise. Nevertheless, 
there is a need to point out that the field (as any field of research) suffers from some blind spots, and that much work remains 
to be done. There is arguably wide agreement that the field of collaboration analytics is both an important and an interesting 
one, and its current state suffers from bottlenecks that result in unrealized potential. As scientists — and this special issue is a 
great example of this current state — have begun to understand the mechanisms and the potential underlying collaboration 
analytics, the broader applications and larger exploitation are still some distance away. This is by no means meant as a 
discouragement but rather an encouragement to the field, and some big leaps, shifts in perspective, and steady development 
are likely to continue throughout the near future. We conclude by leaving the reader with the following scenario, which serves 
as an illustrative example based on a synthesis of the topics covered in this special issue. Imagine a classroom equipped with 
human-centred design–based multimodal sensors that provide visualizations of real-time teacher, student, and content 
interaction analytics, over time, in a manner that is sensitive and revealing of the interdependent relationship between all these 
interactions. Imagine that as the system learns about the people and how they learn with each other, the students and teacher 
also learn about themselves. In this imagined future, what new questions would inspire us, as researchers, about the role of 
collaboration in learning? 
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