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Introduction

This editorial represents a collaborative effort between the current co-editors-in-chief of 
the International Journal of Computer-Supported Collaborative Learning (ijCSCL) and the 
recent co-editor-in-chief of the Journal of Learning Analytics (JLA), Alyssa Wise, who is 
also a member of the ijC(LA) have made a presence in ijCSCL. This issue in particular 
comprises four full articles within this scope, in addition to a timely exposition on Col-
laborative Learning from an ethics perspective. Thus, it is high time to bring in a voice of 
leadership from the LA community together with those of the CSCL community to think 
together about the intersection of work across the two fields.

The four full articles of this March issue offer a view of the kind of work that the CSCL 
community is engaging in to a) capture meaningful traces of learning, b) map them onto 
valued learning constructs, and discover useful ways to c) present them back to teachers, 
students and other educational stakeholders (Chen & Teasley, 2022; Wise et  al., 2021a, 
b). This work is of particular interest to the field of LA due to the skills and experience 
the CSCL community has developed, both conceptually and methodologically, for d) deal-
ing with the temporality of learning processes and e) addressing the interdependence in 
the activity of learners collaborating together. These five qualities of CSCL research offer 
distinct value to the field of LA, where the majority of attention has focused on modeling 
individual learning, often through a series of snapshot views (in exception note the 2021 
JLA Special Section on Collaboration Analytics and the 2017/2018 two-part Special Sec-
tion on Temporal Analyses of Learning Data, which featured a large proportion of col-
laborative learning scenarios). Thus, in addition to thinking about how this particular set of 
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papers contributes to our understanding of and ability to support CSCL, it is worthwhile to 
consider how they synergize with the LA literature. Doing so is a step towards encouraging 
productive cross talk across the disciplines that can identify both complementary contribu-
tions and productive gaps that offer opportunities to further expand and enhance the work.

This editorial is written as a constructive critique, meant to challenge the field of CSCL 
to find its unique place in the landscape while striving towards more vital collaboration 
with the LA community. We do so by evaluating the articles in light of an expansion of 
the five qualities into eight elements formulated from an LA perspective. We add one 
more element dealing with ethical dimensions discussed in the squib in this issue not-
ing that an ethical focus was not featured prominently in any of the four full articles but 
serves as the primary theme of the squib that concludes this issue and is a critical aspect 
of responsible LA work.

Nine elements for robust collaborative learning analytics

In this section, we lay out the nine elements, which expand on the five qualities of CSCL 
and form the basis for our constructive critique. The first two papers most closely align 
with elements 2, 3, 4 and 5, which take the interplay between the group and individual 
levels as well as temporality into account in an online learning context, with the second 
paper notably featuring multi-channel data. These papers focus on analysis to reveal new 
scientific insights about collaborative processes rather than attempting to use these analyt-
ics as tools or scaffolding to support learning. The second two papers are more LA at their 
core, with reference to elements 1, 6, 7 & 8 in that they do close the loop by creating a tool 
for learners and then look at impact with real students. The tradeoff, however, is less atten-
tion to the details of temporality and group/individual levels in the analysis, as seen in the 
first two papers. Below we delve into the specifics of the nine elements, which we see as 
characterizing a robust lifecycle for collaborative learning analytics work. While all will 
not necessarily be focused on in a single article, an eye towards each, at least in peripheral 
vision, is important to keep the larger picture and purpose in view (Wise et al., 2021a, b).

Element 1. Overall orientation to mobilize data traces to inform learning  Learning 
analytics is much more than just a set of educational data science methods for analyzing 
learning. The guiding vision is one of data as a tool for improving learning and the field is 
decidedly interdisciplinary in nature, including: researchers and practitioners focused on 
questions of data policy, infrastructure, and ethics; designers exploring how best to cre-
ate analytic tools for and with educators and students; educational researchers studying 
how people work with data-based tools to make decisions; as well as the very important 
expertise brought by those focused on innovating ways to generate useful data and insight-
fully applying computational techniques for analyzing them. Thus, aligned with CSCL’s 
orientation to not only understand but improve collaborative learning, key opportunities for 
collaboration analytics include not only building better theories and models of collabora-
tion but also supporting students’ collaborative interactions and their acquisition of better 
collaborative skills (Schneider et al., 2021). Having this in view from the start of a project 
is important as more than just a laudable aspiration. It also raises important ethical ques-
tions related to visibility (who will data be collected on, who will this data be available to, 
and given this, what data is appropriate to collect) and critical questions about how such 
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visibility will intersect with existing structures of power and patterns of (in)equity within 
an institution that provide an important framing for the work.

Element 2. Careful clicks‑to‑constructs mappings that attend to the learning 
task  Another key element, discussed at length in the Collaborative Learning Analyt-
ics chapter of the International Handbook of CSCL (Wise et al., 2021a, b), is the central 
importance of the clicks-to-constructs mapping (Buckingham Shum & Crick, 2016). This 
is the chain of inference that allows us to take some automated processing of raw data as 
evidence for the presence of some conceptually interesting entity or process. For example, 
Lee and Tan (2017) identify promising ideas in a knowledge-building community through 
a temporal peak in the betweenness centrality of relevant keywords extracted from student 
contributions. A strong clicks-to-constructs mapping necessarily relies both on thoughtful 
data collection and manipulation, but also rich theorization of the collaborative learning 
interactions of interest (Wise, 2023), which in turn relates to the design of the CSCL task 
(Martinez-Maldonado et al., 2021).

Elements 3 & 4. Theorization about group and/or individual level. Theorization and 
modeling of learning as a temporal process  In the context of collaborative learning, 
theorization of clicks-to-constructs should be purposeful with respect to operation at the 
group and/or individual levels as well as relationships between them and often necessar-
ily the dynamics of evolution over time. Particularly, there is a need to expand from the 
dominance of basic social network analysis (SNA) as an analytical technique (Kaliisa et al., 
2022) to unpack the detailed nature of unfolding interactions and the dynamics of how 
these themselves evolve. This can be analyzed both in terms of sequences of events as well 
as flow of activity over time (Molenaar & Wise, 2022). Again such thinking can be coor-
dinated to thinking ahead to whom (individual students, groups of students, teacher, the 
classroom community) might usefully be shown such information and how they could be 
expected to act upon it.

Element 5. Multi‑channel and/or physical space data  Looking at data collection itself 
more closely, collaborative learning naturally lends itself to multi-channel data (e.g. in the 
asynchronous context: language plus clicks as well as a potentially a shared product and 
its evolution). And while much of CSCL has developed based on data collected in virtual 
spaces, greater availability of low-cost sensing devices (e.g. eye-trackers, motion detectors) 
as well as advances in the ability of computer vision to extract useful traces from video 
data open exciting new doors for the study and support of collaborative learning in the 
physical spaces (e.g. Nguyen et  al., 2022) where much of the collaborative learning we 
care about happens.

Element 6. Careful attention to what information to provide to whom and how  Tak-
ing to heart the goal of both CSCL and LA to not only understand but support learning, 
there remains great potential for thoughtful attention to the ways that analytics can be used 
to inform collaborative interactions and help students improve their collaborative skills. 
Whether seeing the potential for responsive feedback on collaborative processes as a more 
agentic alternative to upfront scripting (Wise & Schwarz, 2017) or the use of analytics as 
a way to make scripting more adaptive (Vogel et al., 2021), the question of what kinds of 
information to make available to what actors in what ways and at what points in time is an 
area of work ripe for exploration. Here there are also several potential ways for CSCL to 
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make a contribution back to the field of LA more generally. First, while in LA dashboards 
have been the primary form taken by analytic technologies, CSCL has a long tradition 
exploring various mediums for generating group awareness (Buder et al., 2021) that can 
happen integrated into the flow of collaboration, rather than necessitating “stepping out” 
to take a reflective moment (Ackermann, 1996). Second, while LA has focused more on 
the creation of tools for teachers, tapping into some of the original ideas related to student 
agency and autonomy motivating the pursuit of CSCL offer potential to explore the largely 
uncharted space of student-facing analytics.

Element 7. Human‑centered approach to LA design  Recent directions in LA that could 
prove useful to CSCL researchers working to “close-the-loop” include the development of 
analytics that are explainable and configurable. The focus here is on allowing for two-way 
interaction between human and tool (as opposed to just the one-way flow of information), 
as well as promoting actionability (i.e., supporting movement from an understanding of 
the current learning situation to what can be changed to productively improve it, Ochoa 
& Wise, 2021). These are both inherently tied to a growing emphasis on human-centered 
learning analytics (Buckingham Shum et al., 2019), which centrally draws on the human–
computer interaction techniques of participatory and co-design to include the intended 
users of learning analytics systems in the process of their design (Sarmiento & Wise, 
2022). Such approaches attempt to find a productive intersection among (a) the needs of 
teachers and students within a given CSCL situation, (b) theoretically valued constructs 
of learning, and (c) available data (Martinez-Maldonado et al., 2021) and are also helping 
the field move towards greater transparency in the design of LA tools. Here again, CSCL 
and the larger Learning Sciences have a valuable contribution to make to the field of LA 
by drawing on their long traditions of design-based research for documenting iterative pro-
cesses of making and testing design decisions (Hoadley & Campos, 2022).

Element 8. Examination of how LA are used in the world  There is increased emphasis 
in the field of LA on understanding how analytics tools are actually used by teachers, stu-
dents and others to inform and improve their (collaborative) learning activity. Certainly we 
want to show that the tools we build have an impact, but simple evaluations showing that 
learning with an analytic solution (which contains many component decisions with respect 
to data, analysis, presentation and integration) is more effective than without do not offer 
specific generalization knowledge contributions to inform other future efforts. In contrast, 
studies that include detailed mixed-methods component that help us understand how and/or 
why teachers and students work with analytics tools in specific ways and how this informs 
their understanding of and engagement in collaborative activity have much greater power 
to both improve models of intentional collaborative learning and design better CSCL tools 
in the future. Here “better” is defined as an ability to positively impact collaborative learn-
ing activity and the development of collaborative learning and group regulatory skills.

Element 9. Attention to systems level and ethical concerns  There is a systems level 
view of LA that has hopefully been apparent throughout this discussion where the ultimate 
lens is larger than just the interaction of a number of individuals with an analytic learning 
tool, but one which takes into account the existing institutions into which such tools will be 
introduced. This includes elements such as their power structures, expectations of privacy, 
and underlying technical infrastructure and, most explicitly, an anticipatory consideration 
of how LA will interface with these to cement and/or change the situation. Considering this 
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larger context, the ways organizations do or don’t integrate LA tools into their practices, 
and, most importantly, the ways in which they do so incorporates an important, socio-
technical perspective to the work. This is necessary for us to understand how our efforts 
ultimately make a difference in the world through both anticipated and unintended effects.

Analytics to support theory development

First in this issue, Mohamed Saqr and Sonsoles López-Pernas offer an article entitled, “The 
temporal dynamics of online problem-based learning: Why and when sequence matters”. 
This interesting paper combines qualitative coding with sequence and process mining to 
unpack how problem-based learning (PBL) unfolds online. The paper offers useful insights 
into group processes of PBL and is thoughtful in the creation of the analytic metrics used, 
with important attention to both the temporality of learning and the interplay between 
group and individual levels. For example, in terms of construct mappings that attend to a 
learning task, the coding featured in this work was well-described theoretically and based 
on existing schemes that made sense in connection with theories of learning in the well-
characterized PBL task. In terms of theorization about group and/or individual level con-
structs, this article is particularly strong as it features both individual and group level anal-
yses as well as multi-level modeling taking group dependencies into account in modeling 
individuals. The temporal aspects of collaboration are a central part of the analysis and 
contribution as the work builds on prior theorization in CSCL and methods from LA con-
ceptualizing temporality in terms of the sequential nature of events.

The second article, by Fan Ouyang, Weiqi Xu, and Mutlu Cukurova entitled, “An Artificial 
Intelligence-driven Learning Analytics Method to Examine the Collaborative Problem-solv-
ing Process from the Complex Adaptive Systems Perspective” also builds on qualitative cod-
ing with sequence matching, cluster identification and temporal characterization to describe 
the different ways groups go about collaborative problem solving (CPS) in terms of cogni-
tive, regulative, behavioral, and socio-emotional aspects. With respect to a careful clicks-to-
constructs mapping that attends to the learning task, the article features a detailed descrip-
tion of the task and exploration of the “interactive, cognitive, regulative, behavioral, and 
socio-emotional aspects of the learning process”. Similar to the first article, the coding scheme 
was theoretically grounded but applied by hand, which limits the ability to “close the loop”. 
From the perspective of LA, the explicit attention to the importance of time and relationship 
between individual and group levels is quite valuable, as is the skillful use of multiple chan-
nels of data. In consideration of group and individual levels, the article takes the perspective 
of complex adaptive systems theory and emergent phenomena. This offers good justification 
for coding at individual level but then looking for patterns at the group level. As for temporal-
ity, the analysis supports the view that sequence matters. An optimal matching algorithm is 
used to compare sequences and epistemic network analysis (ENA) and hidden markov models 
(HMMs) are applied in order to characterize temporal patterns. A notable strength is the incor-
poration of multi-channel and/or physical space data–the work is in an online context, but uses 
audio, screen capture, text chat and the final products created–with extra value provided by the 
explicit exposition of the value of the multi-channel approach in the paper.

Both papers offer important insights into the different ways collaborative learning pro-
ceeds over time; however the stance taken is firmly that of a researcher with an emphasis 
on elements 2, 3, 4, & 5. This offers an opportunity for expansion with respect to the other 
elements: namely, Overall orientation to mobilize data traces to inform learning, Careful 

5Editorial: Nine elements for robust collaborative learning…



1 3

attention to what information to provide to whom and how, Human-centered approach to LA 
design, Examination of how LA are used in the world and Attention to systems level and 
ethical concerns. Thinking from the perspective of “closing-the-loop” LA and mobilizing 
these traces for instructors and/or learners, it is not difficult to imagine building a model that 
could automate either of the qualitative coding process. But this is just one of several impor-
tant steps for developing useful LA. Perhaps the more interesting question is how the metrics 
themselves might be developed differently if we were instead to think of them from the per-
spective of informing collaborative activity as it is in progress. Specific questions might focus 
on who (e.g., groups, individual, the instructor) would most benefit from what information 
and how they might take action on it; the questions they have about their learning (perhaps as 
part of self- co- or socially shared-regulation) that this data could help inform; what questions 
of ethics, transparency and privacy might need to be considered; and how the introduction of 
this LA might perturb existing routine practices, social relations and power structures. These 
are things to be considered from top to bottom of the LA development process.

Analytic‑enabled support of collaborative learning processes

The second two articles offer complementary strengths to the first two in that LA inter-
ventions are proposed and evaluated. Further probing into the underlying logic model of 
the experimental designs would enable further theorizing, lending additional strength and 
more nuanced validation of design principles from the successful intervention studies pre-
sented in these two contributions to the journal.

In the first of these, Leonardo Silva, António Mendes, Anabela Gomes and Gabriel 
Fortes present “Fostering Regulation of Learning Processes among Programming Students 
using Computational Scaffolding” in which the authors test the impact of a set of regula-
tory scaffolds, which include learning analytics among some other supports, to help stu-
dents engage better in both individual and collaborative activities in the context of pro-
gramming education. In contrast to the first two papers, here a core component of the 
analytics work is mobilizing the data to be shown back to people (in this case students). 
The specific analytics themselves (i.e., progress metrics, types of errors) are strong in that 
they are conceived of in an integrated way with the overall approach to collaborative sup-
port (here focused on regulation). Looking at these in more detail there is tracking of basic 
temporality related to regulation, specifically focused on how much a student has done so 
far and types of errors committed over time. In terms of careful clicks to constructs map-
ping, however, in this case it is challenging to draw inferences due to the low level nature 
of the signal and with respect to theorization at multiple levels, the analysis focuses mainly 
at the individual level. A notable aspect of the work is its explanation of what data to show 
to whom (students), which again fits well with their overall project focus on regulation. The 
transferable value of these analytics would be even greater if there was more transparency 
about their process of creation and a broader consideration of a human-centered approach 
to LA tool design, which offers an opportunity for growth going forward. Another strength 
here is that the authors present convincing results of a successful intervention. Many ques-
tions for future work are opened up by this article, in particular, by probing further than 
evaluation of overall effectiveness to delve into the separate effects of different aspects of 
the complex intervention and engaging in deep sense making about the patterns found.

In the final full paper of the issue, Lanqin Zheng, Miaolang Long, Jiayu Niu, and Lu Zhong 
present a paper entitled, “An automated group learning engagement analysis and feedback 
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approach to promoting collaborative knowledge building, group performance, and socially 
shared regulation in CSCL” in which the focus is on groups’ collaborative engagement, 
including ways to automatically detect it and display back to learners while collaborating. 
The underlying theoretical framing pays primary attention to the group as the unit of analysis, 
except the socio-gram, which was developed to offer more insights about how group members 
interacted with specific others. Further investigation of the interplay between the individual 
and the group is left for future work as is an exploration of temporality. The data features 
text-based interactions and click-stream data and thus future work might offer more nuanced 
insights by incorporating more multi-modality in the setup. With respect to careful clicks to 
constructs mapping, the scheme for hand coding training data seems well-grounded, but an 
opportunity to probe deeper might relate to validation of the coding constructs via automated 
coding. Usage of deep learning in automated analysis of collaborative learning has increased 
over the past five years, and will increase still more with the current attention to Large Lan-
guage Models in the education sphere. The specific focus of the analytic work in this article 
comprises cognitive engagement, metacognitive engagement, behavioral engagement, and 
emotional engagement to classify each segment of the transcripts. A BERT-based model is 
then used to automatically classify each segment into cognitive engagement, remembering, 
understanding, applying, and evaluating as well as off-topic. Further scrutiny of the use of 
such models would be valuable at this crossroads.

A strength of this work is that the LA provided suggestive feedback based on the group 
learning engagement analysis results. They paid attention to what information to show back to 
whom (again learners) embedded within principles for their high-level design. Further expla-
nation of the decisions made in the process of designing the tool, for example in relation to the 
presentation of bar graphs vs. pie charts and sociograms would lend more insights into collab-
orative learning analytics creation that future researchers would find useful. A valuable next 
step in the analysis might be an investigation into the mechanisms of how / why aspects of the 
interventions were appropriated by students, and how these patterns of appropriation might be 
improved. It is notable that the authors examined effects of the designed tool on group learn-
ing engagement, group performance, collaborative knowledge-building level, socially shared 
regulation, and cognitive load. The rich data collected offer opportunities in future work to 
probe further into how often and when in the learning process students accessed the dash-
board, whether and how it was discussed by the collaborative groups, and what parts of the 
tool and the information it provided were useful in what ways. This could serve as a powerful 
impetus for design-based research cycles of human-centered iteration that improve both our 
theories of how data can be useful for informing collaborative learning and our tools for doing 
so. Finally, examination of systems level and ethical concerns represent an important are for 
future work—for example unpacking students’ experience of being monitored and the ways 
in which this and the information generated affect social dynamics and power relations within 
the group and with respect to the larger learning environment.

Looking forward

The March issue rounds out with a squib by Etan Cohen, Dani Ben-Zvi, Yotam Hod 
entitled,, “Visions of the Good in Computer-Supported Collaborative Learning: 
Unpacking the Ethical Dimensions of Design-Based Research”. This article provides 
a much needed guide for addressing the human-centered and ethical perspectives 
on CSCL, though not focused specifically on LA per se. As these issues are not yet 
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addressed in detail in the four full articles of this issue, this squib is well positioned in 
conversation with the articles ordered before it, calling for reflection on these issues as 
future work is planned.

This editorial has introduced the articles of this issue of the journal, couched in a Learn-
ing Analytics perspective, challenging the LA work of CSCL to benefit from the values 
and standards the community represents. Moving forward, in the spirit of cross-fertilization 
between sister research communities, we invite further such interactions as part of the dis-
course of this journal.
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