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Abstract 
The necessary tool to enable effective and engaging learning is data-driven science, as 
articulated in the vision of the Digital Ocean (DiCerbo and Behrens, 2012). Collaboration 
activities are an important class of learning activities that may promote learning. However, 
because it is not trivial to instrument collaboration activities for comprehensive data collection, 
instructors and researchers may be deprived of insight into the learning process. We outline 
some relevant issues in data gathering in collaborative learning activities. 

Position 
Our goal is to teach the whole learner and to assess the whole learner. Further, our goal is to do 
this at scale and consistently, and to improve over time. As far as learning requires both 
individual and collaborative activities, these ought to be related to each other and deployed 
flexibly in a complementary, comprehensive manner. 

Both teaching and assessment are loaded, inadequate terms. When we say “teach”, what we 
mean, among other things, is to create a time and a place where instructional resources are 
offered to the learner, the learner is able to and is motivated to take up these resources, the 
resources are effective and appropriate to the goals of the institution, teacher and learner, 
where students may collaborate and co-create knowledge (Scardamalia & Bereiter, 1996), 
where students practice the language of the domain of study as they create an identity as 
members of a community of practice (Lave & Wenger, 1991), where the motivation is as intrinsic 
(Ryan and Deci, 2000) as practically possible, where the learner exercises agency and control 
over the learning process. 

When we say “assess”, what we mean is that, because the success of the teaching enterprise is 
both paramount and difficult to ensure, the learner must be engaged in activities that reveal 
whether, in fact, the learning we hope to facilitate has taken place. In addition, when students 
work together to learn together, as they do with our instructional system, we want to ensure 
smooth and effective collaboration, e.g., participation of all students, students sharing 
complementary knowledge, etc. Ideally, assessment activities and the activities of teaching are 
one and the same (DiCerbo and Behrens, 2012), and no assessments are administered solely 
for measurement purposes. 

We see technology as a necessary ingredient to accomplish this at scale and consistently. For 
instance, individualized tutoring to skill mastery is very effective for acquisition of procedural 
knowledge (VanLehn, 2011), however scaling this approach to large student populations 
requires automated tutoring systems. Similarly, automation is necessary for systematic 



facilitation moves that are conditional on particular learner behavior in collaborative activities. 
(Kumar et al, 2006) 

Technology aids us in a second way, namely by enabling unobtrusive data collection on the 
process of learning, not merely the outcome. The Digital Ocean of data about a learner 
(DiCerbo and Behrens, 2012) is characterized by “ongoing, ubiquitous” data collection and 
“dramatically large amounts of data”, collected inside and outside the classroom. For instance, a 
learning activity may be instrumented to log not only whether a problem-solving attempt led to a 
correct response, but also specific problem-solving errors, help requests, interaction with 
manipulative objects and learning resources, interactions between students (McLaren, Scheuer, 
and Miksatko, 2010), and the time taken on each activity step. By gathering data on the process 
and connecting process to outcome, we can identify student strategies that are unsuccessful, 
can intervene with learners who use unsuccessful processes, and improve learning and 
teaching for current and future students. 

Yet another benefit to the use of technology is that it lets us express our theories of 
collaborative learning in a falsifiable form. For instance, if we posit that particular behaviors in 
collaborative activities ought to correlate with a latent trait in a learner, then computational 
models can be used to estimate the correlational (or even causal) strength of that relationship. If 
the relationship is weak, that may put our theory into doubt. (A weak relationship could also be 
due to other factors, e.g., poor operationalization, insufficient data sets, low experimental power, 
etc., but theory falsification via modeling must be considered as an explanation.) Further, 
computational models may be revised as a way of theory refinement. 

However, collaborative learning activities present a particular challenge to this vision, because 
collaborative learning activities are not necessarily digitally mediated, such as the case with 
face-to-face conversations. Activities that are not digitally mediated are not easily amenable to 
instrumentation, which complicates, if not precludes, comprehensive data collection, and 
therefore deprives instructors and researchers of insight into the learning process. 

The issue of instrumentation is not addressed comprehensively by the field of Computer-
Supported Collaborative Learning. Because of the multitude of ways that collaboration, learning 
and assessment are conceptualized in CSCL and the potential lack of alignment between 
activities, behaviors, learning and assessment (Chan and Van Aalst, 2004), different 
researchers focus on different aspects of data collection. For instance, some focus on process 
data aside from outcome, or vice versa, or fail to collect both individual and collaborative 
process and outcomes; others collect both kinds of data, but do not preserve sequence or time 
on task, so a process-outcome connection is impossible. (Von Davier and Halpin, 2013) Further, 
because there are so many possible causal relationships (e.g., the individual contribution at 
some time point may depend both on the state of the group and the state of the individual at 
prior time points), large data sets are required to address research questions with robust 
computational models. 

In sum, we propose that there is fertile ground for research in collaborative learning as defined 
by the following intersection: 



● learning and assessment activities that are digitally instrumented for ongoing, 
comprehensive data collection 

● logging of both individual and group moves, work products, and interactions, with time, 
sequence, and outcome data; tagging / categorization of contributions and sequences of 
contributions 

● logging of traditionally non-captured data, e.g., gestures, expressions, non-digitally 
mediated discussion 

● computational modeling both as a way of testing theories of learning and collaboration, 
and as a mechanism for adaptive, personalized learning. 

A Few Specific Proposals 
The issues described above stand in the way of addressing some research questions in 
collaborative learning. Below are some specific proposals to expand the universe of data 
instrumentation in collaborative learning. These are not silver bullets of data collection, but they 
may be helpful. We present these as guidelines or heuristics that can guide the design of a 
collaborative activity. Many are not originated by us, but we have not seen them collected 
together or called out as choices in a design space. 

Direct vs. ambient instrumentation: When student moves, utterances or work products are 
created in a digital space, some instrumentation is feasible by capturing the student’s interaction 
with the digital interface, such as logging chat messages when students communicate by typing. 
However, if students communicate by speaking face to face, as they might in a classroom, then 
direct instrumentation is not available. Nonetheless, having digital recording devices nearby 
enables ambient instrumentation. (Blikstein, 2013; Oviatt & Cohen, 2013) For example, if two 
students share a tablet, the tablet may record the audio of student voices, the position and 
movement of the tablet itself, and other such data. Careful time-stamping of ambient data will 
enable subsequent cross-referencing between ambient and other records. We might find salient 
learning differences between a group of students where one is designated as a scribe, and 
another group who actively pass a tablet back and forth and all engage in writing on the tablet. 
Further, prosodic features of dialog may enrich our understanding of collaboration, even aside 
from any speech recognition technology. Ambient instrumentation is relevant even if work 
product is digital, e.g., observing facial expressions. (McDaniel et al., 2007) 

Open vs. closed vs. scaffolded input: In exactly the same way that a multiple-choice test item 
presents a closed set of choices, and a free-response test item is an open form, collaborative 
interactions may be seen as open and closed. A natural language chat is an open activity, and 
interpreting students’ messages, even with direct instrumentation (i.e., with no need for speech 
recognition and natural language processing), is a challenge. (Rose et al., 2008) Crucially, a 
collaborative activity may contain both closed and open aspects. For example, a human-human 
dialog may be replaced with a human-human-virtual agent trialog, where the virtual agent 
occasionally poses yes/no questions. Further, dialog moves may be scaffolded, e.g., with 
sentence openers that enable subsequent categorization of utterances. (Baker and Lund, 1997; 
Scheuer et al, 2013; Soller, 2005) 



Raw vs. transformed observations: As with any educational technology, collaborative 
learning activities emit observations that may be stored “raw”, with no transformation, or they 
may be transformed, e.g., through a “scoring” process. (Almond, Steinberg, & Mislevy, 2002; 
Baker et al, 2007) A natural language chat may be stored as-is, or it may be scored in multiple 
ways, such as for whether or not it entails a concept or invokes a conversation strategy. This 
distinction is especially powerful in how it interacts with validated observations, below. Either 
raw or transformed observations can be collected in structured computational representations, 
i.e., student and activity models.  

Scrutable vs. presented vs. concealed learner and activity models: Student and activity 
models may be mirrored to some or all of the collaborators (Jermann, 2004), or presented to the 
instructor or another third party (McLaren, Scheuer, and Miksatko, 2010). Because “mirroring” 
connotes displaying something exactly as it is, we prefer the term “presenting” to allow for 
displaying transformed observations. Presentation may vary in salience, e.g., from unobtrusive 
to prominent. Further, presentation may be scrutable (Kay, 2006) such that participants can 
examine, interrogate and possibly modify the models. Whatever is not presented is, by 
definition, concealed; concealment may be a rational choice, e.g., when presenting would 
distract from the task at hand. 

Validated vs. unacknowledged observations: The most prominent form of presenting an 
observation is to require a learner to affirm its validity. Consider the difference between 
presenting two student dialogs, a typed one and a spoken one, that are displayed to the dialog 
participants in real time. A typed chat is conventionally displayed exactly as and when it is 
entered, whereas a spoken chat must undergo speech recognition before it can be presented. 
Because automated speech recognition is error prone, the system may present this dialog in a 
way that allows the participants to approve the transcript, i.e., giving the machine feedback on 
its success in transforming the raw observation. There is no comparable value in asking the 
students to validate a typed chat transcript, unless perhaps this functions as “metacognitive 
mirroring”. (Jermann & Dillenbourg, 2008) 

Data accumulation: Data accumulated in a digitally instrumented environment may be used to 
characterize students and activities in a variety of ways. Suppose that students are organized 
into groups in the first meeting of a semester-long class, and each groups engages in 
collaborative activities over the course of a semester. We might be able to somehow chart the 
performance of each group on each task over time. However, it would be difficult to decouple 
the contributions of individual students from the activity in each group; if a student in a group 
participates in few discussions, is that because the student is quiet, or because the remainder of 
the group does not value the student’s contribution? An alternative activity structure that does 
provide some data on each student is to regroup students on a regular basis; we can then know 
if a student remains participates little across many groups. Further, having good data could help 
us create effective groups. (Crespo García, Pardo, & Delgado Kloos, 2004) This is akin to 
exploiting the birthday paradox for purposes of experimental and statistical inference. 

Activity alignment: To exploit data accumulation for rich characterization of the objects of 
interest, activities may be aligned with the object of interest as the axis. Some examples: a 



student who participates in collaborative and non-collaborative learning activities can be 
characterized in terms of capacity for learning overall, or separately in both types of activities. 
Students may be asked to study a domain concept / knowledge component in collaborative and 
non-collaborative settings; if success rates change differently over time across the two settings, 
that may suggest that the knowledge components in the activities are distinct, i.e., that the 
domain model is poorly structured. 

Conclusions 
We have called out some distinctions in the design of collaborative learning activities for the 
purpose of digital instrumentation and data collection.  

The space of activities in collaborative learning that we can present to students is, practically 
speaking, infinite. For instance, in the activity of peer review (Goldin, Ashley and Schunn, 2012), 
it is conceivable to vary the product/output of the activity, how the peer groups are constituted 
(e.g., purposefully or randomly), the size of the group, the roles in a group, the connection to 
other forms of assessment, and many other factors. Moreover, the context and goals of the 
activity will also affect how students relate to and therefore act in the collaborative process. In 
light of this variability, how should we construct collaborative activities? We propose that an 
important aspect of the construction of the activity is our ability to instrument the activity and 
capture high-fidelity digital data on process and outcome. 

Intentionally, this is not a comprehensive view. The focus on data instrumentation in 
collaborative activities leaves unaddressed issues such as which activities promote learning or 
collaborative skills. The design space is also not a framework, e.g., unlike Mirroring to Guiding 
(Soller, Martinez, Jermann, & Muehlenbrock, 2005). 

Nonetheless, we hope that this small catalog of data instrumentation issues may aid in the 
design of collaborative learning activities, and to advance research and practice in collaborative 
learning. 
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