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Abstract. In across-spaces learning scenarios, evidence needs to be gathered
from different spaces to obtain a more complete view of the teaching and learn-
ing processes. Multimodal learning analytics (MMLA) enables us to gather data
from physical spaces, enriching the evidence coming from digital ones. However,
blended learning scenarios are heterogeneous, and the varying data sources avail-
able in each particular context can condition the accuracy, relevance, and action-
ability of the analyses. To avoid this problem, in this paper we propose to involve
teachers in customizing the LA solution they will use, adapting it to their particu-
lar blended learning context (e.g., identifying relevant data sources and metrics).
Preliminary results from two studies in blended CSCL settings show an improve-
ment in the accuracy of the resulting MMLA solution. Although this kind of
approach requires additional time from teachers, participants reported increased
levels of relevance, novelty, understanding and actionability of the results.

Keywords: Multimodal Learning Analytics, across-spaces Learning Analytics,
blended learning, computer-supported collaborative learning, customization

1 Introduction

Blended learning is often defined as the combination of face-to-face and technology-
mediated interactions. However, considering current trends in technology-enhanced
learning (TEL), blended learning could be understood in a broader sense covering a
blend of spaces, activity types, and technologies [17]. Thus, applying Learning Analyt-
ics (LA) to blended learning scenarios requires gathering evidence about face-to-face
and computer-mediated interactions and productions, in order to obtain an integrated
view of the learning situation [20, 13].

Although LA in blended learning has mainly focused on computer-mediated in-
teractions and productions, the increasing affordability and pervasiveness of sensors
facilitates capturing evidence from the physical world too [20]. Indeed, recent work in
multimodal learning analytics (MMLA) provides the opportunity to gather data from
different sources, collecting evidence from physical and digital spaces [15]. However,
the heterogeneity of blended learning scenarios and the variability of data sources avail-
able in each particular context may condition the accuracy, relevancy, and actionability
of the analyses.
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Even though users (e.g., teacher, students) could help to adapt the MMLA solu-
tions to their specific context of use, their involvement in the configuration of MMLA
solutions currently is rather minimal (as it is in other LA areas). Besides, this limited
involvement also impacts the interpretation and contextualization of the results, trust
and agency [1, 21]: users are often not aware of how the results apply to the specific
learning context, the accuracy of the results, and therefore what can be done with such
information.

In this paper, we propose an “a priori” reflection process for implementations of
MMLA across spaces, which involves users in the customization of the analyses, taking
decisions about what should be analyzed, when, and how. We hypothesize that, by re-
flecting on these aspects, users will be: better informed about the trustworthiness of the
results, able to adapt the learning context to obtain more relevant and accurate data, able
to better understand the analyses and to make decisions based on the results. We have
applied this reflection process in 2 studies carried out in blended computer-supported
collaborative learning (CSCL) settings, with promising preliminary results regarding to
teacher satisfaction and accuracy. As an open issue for discussion at the workshop, we
also propose a method to measure the added value of MMLA across spaces, illustrating
how it would apply to the aforementioned studies.

2 Related work

Multiple conceptual models have been proposed to describe the LA cycle [3, 5, 4].
Despite the different conceptualizations, we could argue that a common denominator
among them is that it spans from data gathering to decision making. In this loop, of-
ten the role of the users is just to provide data and get the results of the analyses (and,
hopefully, act upon them), without paying attention to the specificities of each particular
context, local user needs, and ethical consequences of not involving users [1, 8, 21, 19].
There is, hence, a need to adopt a personalized LA approach that engages end users, to
better tailor solutions to their needs [14].

Taking a cue from current teacher observation processes (either for professional
development or classroom orchestration), the common protocol that guides the process
requires certain teacher decisions in advance, namely defining the areas of focus, the
indicators to be obtained in order to illuminate such areas, and the specific events to be
observed [9]. Then, the evidence gathered is analyzed and interpreted according to those
initial decisions. In contrast, current MMLA solutions do not offer such configurability,
and often require researcher mediation and/or complex technical setup. Yet, there exist
examples in the literature that show the benefits of enabling personalized solutions, e.g.,
where teachers integrate different data to be analysed [16, 6], or even define concrete
indicators, datasets, and visualization techniques [14].

Besides, the learning context itself may pose additional challenges when apply-
ing (multimodal) LA. For instance, ubiquitous learning environments such as blended
CSCL require gathering evidence across spaces in order to have an holistic view of the
teaching/learning process [18, 11, 13]. Thus, there is also a need for identifying data
sources suitable for the different spaces involved.
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3 MMLA Customization Process

In order to ameliorate the aforementioned problems -interpretation, contextualization,
trust and agency- we propose to include teachers in the design of the MMLA solution
they will use for a particular blended learning scenario (or at least, in its customiza-
tion). Our purpose is to guide teachers in the reflection on those design aspects that
affect monitoring and adapt the monitoring process to the teacher’s needs. To achieve
that purpose, we propose a 4-phase customization process where teachers describe the
learning scenario, and then reflect on the analyses to be done, the evidence available
and the potential refinements. These phases are:

1. Definition of the (across-spaces/blended) learning scenario. Such definition in-
cludes the usual elements in the formalization of a learning design, including par-
ticipants, resources, activities, spaces, and interaction. This step is often carried out
by the teacher (e.g., using a learning design authoring tool), or co-created by the
teacher and the researcher.

2. Selection of relevant metrics. An initial reflection is done about what actions and
interactions (or lack thereof) can pose a risk to the success of the scenario, and how
such events could be detected using the systems and tools involved in the design
(e.g., the fact that no student has opened the background material for an activity
is detectable by the platform being used, and can be an indicator of students not
engaging with the activities as expected). Again, this step is best performed by
the teacher and the researcher, to exploit teachers’ deep contextual knowledge and
researchers’ knowledge of the affordances of the technologies involved.

3. Feedback about the evidence available in the scenario and the capability to provide
(actionable) warnings about the chosen metrics. In certain cases, especially due to
the blended nature of the scenario (e.g., interactions occurring face-to-face not be-
ing registered by the technological tools), the data gathered may be insufficient to
understand what is going on, and what intervention is appropriate. The researcher
will provide this kind of feedback on the current design, point out spaces or activi-
ties that may not be covered by the MMLA solution, as configured so far.

4. Refinement of the (across-spaces/blended) scenario and customization of the MMLA
solution. On the basis of the provided feedback, teacher and researcher refine the
design of the activities and/or the data gathering and analyses, including additional
data sources (e.g., introducing a new tool that may provide more data, alternative
points of data gathering, additional informants like students themselves, etc.), mod-
ifying the constraints of the scenario (what constitutes a risk to be warned about or
not), when to run which analyses and receive reports, etc.

As a result of this customization process, we expect to keep teachers aware of the
impact that their decisions have on the monitorable data, avoiding undesired negative
effects on the later monitoring [12, 8, 21, 19]. Furthermore, we foresee that involving
teachers in the configuration of the monitoring process will contribute to adapt it to
their needs, as different authors have already envisioned [2, 18, 14].
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4 Preliminary results

The proposed MMLA customization process was evaluated in two authentic scenarios
with a common profile [18]: blended CSCL scenarios spanning 3-4 weeks were carried
out, supported by distributed learning environments (i.e., a virtual learning environment
complemented with additional web 2.0 tools). The first scenario involved a non-expert
teacher whose main challenge was to cope with the high number of students and learn-
ing resources (165 and 316, respectively). The second scenario was led by a CSCL
expert teacher, who proposed a complex design with many interrelated activities oc-
curring in a short period of time with a group of 15 students, hence demanding much
attention from the teacher to avoid problems that could jeopardize the scenario down
the road. Regarding the MMLA solution, in both studies the teachers used a design-
aware monitoring solution (GLIMPSE) that enabled them to detect deviation between
the learning design and the current status of the learning activities [18].

For the evaluation, we used mixed methods [7], combining multiple informants (2
teachers, 1 researcher, 180 students, and the ICT tools of the corresponding distributed
learning environments), and a variety of quantitative and qualitative data sources and
gathering techniques (teacher interviews, learning designs, researcher observations, stu-
dent questionnaires, logs, and student learning artifacts). All these elements provided
multiple perspectives and allowed for triangulated data analyses [10].

In both cases, we proceeded in the same way. At design-time, we provided the teach-
ers with worksheets and forms that guided them throughout the customization process
and helped them specify the information required to guide the data analyses. The design
of the learning scenario consisted of two sessions, where the phases presented in Sec-
tion 3 were covered. In the first session, the teachers, guided by the worksheet, designed
the learning scenario and filled out the activity forms with the monitoring configuration,
selecting data sources and metrics. Then, the researcher analysed the constraints of the
design and introduced them in the activity forms. With this information, in the second
session, the teacher faced included new data gathering and monitoring support activi-
ties in the scenario. Figure 2 shows an example of activity form and feedback provided
about the evidence available.

Even though the customization tasks were not mandatory, the teachers went through
them, introducing changes in their original designs (e.g., the selection of tools to be
used in the scenario was influenced by their catalog of monitorable actions, and the
design was modified to include new monitoring data to be gathered from teachers and
students).

Then, we used a number of technologies to create a computational representation of
the CSCL script (WebCollage4), deploy the design into the selected learning environ-
ment (GLUE!-PS5), and integrate the third-party tools into the VLE (GLUE!6). During
the enactment, the learning designs were put into practice and, throughout the different
activities, teachers were provided with monitoring reports to help the awareness and
later regulation of the learning scenarios (see 2). These reports were obtained following

4 https://www.gsic.uva.es/webcollage/
5 https://www.gsic.uva.es/glueps/
6 https://www.gsic.uva.es/glue/
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a script-aware monitoring process and an architecture to automate the data gathering,
integration and analysis tasks (both the process and software architectures used are de-
scribed in [18]). The LA process, in this case, consisted mainly on detecting potential
activity/interaction problems that could jeopardize the accomplishment of the CSCL
scenario.

In order to validate whether the monitoring reports provided an accurate view of
the situation, we compared the LA results obtained versus the complementary teacher
observations, the student comments, the researcher observations, and the learning out-
comes as reflected in the tools used by students. Taking the piece of report shown in
Figure 2 as an example, 27 conditions were verified (the individual participation of the
15 students, the evidence of collaboration in each of the 3 groups, the usage of the
3 workgroup reports and the 3 improved proposals by the corresponding group, and
whether the lack of usage of the 3 improved proposals may have an impact on the activ-
ities scheduled afterwards). Out of 27 conditions, 25 results were accurate and 2 were
false positives (i.e., warnings that did not match any problematic situation).

From the analyses of the two studies, we concluded that the monitoring reports
presented an error rate of 0,33% (4 out of 1217 evaluated conditions were not correctly
detected by the LA system) in the first study, and 2,17% (6 out of 276) in the second
study. In the first case, the errors were two undetected problems and two false positives.
In the second study, there were 6 false positives. It is noteworthy that, although the
teachers had a certain idea of what was happening based on the face-to-face sessions
and students actively contacting them, in many cases (98,44% and 62,41% in the first
and second study, respectively) the teachers were not aware of the status of the situations
before being showed the monitoring reports.

The teachers pointed out that the customization process did not increase signifi-
cantly the effort devoted to implementing the scenario, as the main effort was to design
the learning situation in advance. Both agreed that such customization is worth the ef-
fort, considering the benefits obtained: improvement of the learning design, increase
of their awareness of potential eventualities and the impact that they could have on the
learning situation, better coverage of the monitoring needs (which led to saved time dur-
ing the enactment), or having more evidence about the students’ work for assessment
purposes.

5 Open issue: quantifying the added value of MMLA

As we analyze the customization process followed in the aforementioned case studies
(and several others performed during the same research), we face the question of trying
to measure the added value of the different decisions taken during the process (e.g.,
adding or removing data sources, what actions to monitor, what to consider optional
or mandatory). This should then be weighed against the additional effort involved in
designing, gathering (during enactment), analyzing and visualizing data. We anticipate
the adoption of MMLA in the “real world” will be greatly conditioned by teachers
and/or institutions performing this kind of appraisals (i.e., ‘is it worth the hassle?’) in
their own contexts, and we believe that clear measurements of such added value are an
important issue to be tackled by our community.
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To illustrate the issue, we can briefly describe our current thinking about how to
quantify such added value (in this case, the value of having the teacher in the loop,
customizing the MMLA solution). Our approach basically consists of gathering data
about the problems that actually occurred during enactment, what the teacher already
knew about the progress of the scenario before the MMLA reports are visualized, as
well as the problems detectable by each of the available data sources. This enables us
to build multiple hypothetical “MMLA detectors”:

– What the teacher knew without the aid of specific MMLA technology
– The initial MMLA solution using the data sources defined in the initial learning

design (phase 1 in section 3)
– The different MMLA solutions that would result from each of the customization

decisions (phase 4 in section 3)
– The finalized MMLA solution that was used during the scenario

By comparing the detected problems, false positives, and false negatives of each
of these “detectors” with the actual problems that occurred during the enactment, we
can build performance metrics like accuracy, precision, recall, F1, etc. Comparing such
metrics with estimations of the time and effort that each of these additional data sources
requires from the users, can be a first step to establish the added value, not only of the
MMLA solution as a whole, but also of each of the data sources, so that teachers (and
researchers) can make informed decisions about what flavor of MMLA most suits their
needs.

6 Conclusions

In order to get a realistic view of blended teaching and learning processes through LA
solutions, it is necessary to gather and integrate evidence from digital and physical
spaces, resulting in multimodal datasets and/or requiring multimodal analyses. So far,
MMLA has focused on solutions mainly configured by researchers. However, to pro-
mote the generation of relevant results in practice, there is a need for including users in
the MMLA loop, allowing them to be aware of the limitations that the solutions have in
their particular learning context, and giving them the chance to customize the solutions
to their needs.

In this paper, we have presented a reflection process that allows teachers customize
the MMLA solutions and fosters the user involvement in the data gathering. Preliminary
results from 2 studies with 2 teachers in blended CSCL scenarios show a positive impact
on the accuracy, novelty and relevance of the analyses as well as on the teacher ability to
interpret and react according to the analyses. However, the application of this approach,
especially in MMLA, is still in its infancy: in our case studies, multiple different sup-
porting tools were in place, most of them requiring a researcher to be present or to
perform certain steps of the process (i.e., teachers were not really autonomous). Also,
the kind of LA being performed (basically, an early warning system for the teacher)
were admittedly quite basic.

Nevertheless, we believe this line of work increasing the involvement of teachers
in the LA process has enormous potential. We are currently performing more in-depth
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analyses of the impact that the different user decisions had on the accuracy of the results
(as outlined in section 5), but measuring the added value of the different elements of an
MMLA solution is still an open problem for us. We hope to discuss this issue, as well
as how to generalize it to other MMLA efforts, during the workshop.
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lytics. International Journal of Technology Enhanced Learning 4(5-6), 318–331 (2012)

5. Clow, D.: The learning analytics cycle: Closing the loop effectively. In: Proceedings of the
2nd International Conference on Learning Analytics and Knowledge. pp. 134–138. LAK ’12,
ACM, New York, NY, USA (2012), http://doi.acm.org/10.1145/2330601.2330636

6. Eradze, M., Rodrı́guez-Triana, M.J., Laanpere, M.: How to aggregate lesson observation
data into learning analytics datasets? In: Prieto, L.P., Martinez-Maldonado, R., Spikol, D.,
Hernandez-Leo, D., Rodrı́guez-Triana, M.J., Ochoa, X. (eds.) Joint Proceedings of the Sixth
Multimodal Learning Analytics (MMLA) Workshop and the Second Cross-LAK Workshop
(MMLA-CrossLAK). pp. 74–81. No. 1828 in CEUR Workshop Proceedings, Aachen (2017),
http://ceur-ws.org/Vol-1828/#paper-11

7. Greene, J.C., Benjamin, L., Goodyear, L.: The merits of mixing methods in evaluation. Eval-
uation 7(1), 25–44 (2001)

8. Griffiths, D.: The implications of Analytics for teaching practice in Higher Education. JISC
CETIS Analytics Series 1(10), 1–23 (2013)

9. Grimm, E.D., Kaufman, T., Doty, D.: Rethinking classroom observation. Educational Lead-
ership 71(8), 24–29 (2014)

10. Guba, E.G.: Criteria for assessing the trustworthiness of naturalistic inquiries. Journal of
Theory, Research, and Development on Educational Communication and Technology 29(2),
75–91 (1981), http://dx.doi.org/10.1007/BF02766777

11. Martinez-Maldonado, R., Hernandez-Leo, D., Pardo, A., Suthers, D., Kitto, K., Charleer, S.,
Aljohani, N.R., Ogata, H.: Cross-lak: Learning analytics across physical and digital spaces.
In: Proceedings of the Sixth International Conference on Learning Analytics & Knowledge.
pp. 486–487. LAK ’16, ACM, New York, NY, USA (2016), http://doi.acm.org/10.
1145/2883851.2883855



10 M.J. Rodrı́guez-Triana et al.

12. Martı́nez-Monés, A., Harrer, A., Dimitriadis, Y.: An interaction-aware design process for
the integration of interaction analysis into mainstream CSCL practices. In: Puntambekar,
S., Erkens, G., Hmelo-Silver, C.E. (eds.) Analyzing Interactions in CSCL, pp. 269–291.
Springer US (2011)
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Asensio-Pérez, J.I., Martı́nez-Monés, A.: Monitoring for awareness and reflection in ubiqui-
tous learning environments. International Journal of Human–Computer Interaction (In press)

14. Muslim, A., Chatti, M.A., Mahapatra, T., Schroeder, U.: A rule-based indicator definition
tool for personalized learning analytics. In: Proceedings of the Sixth International Confer-
ence on Learning Analytics & Knowledge. pp. 264–273. LAK ’16, ACM, New York, NY,
USA (2016), http://doi.acm.org/10.1145/2883851.2883921

15. Ochoa, X., Worsley, M.: Augmenting learning analytics with multimodal sensory data. Jour-
nal of Learning Analytics 3(2), 213–219 (2016)

16. Pardo, A., Martı́nez-Maldonado, R., Buckingham Shum, S., Schulte, J., McIntyre, S.,
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17. Pérez-Sanagustı́n, M.: Operationalization of collaborative blended learning scripts: a model,
computational mechanisms and experiments. Ph.D. thesis, Universitat Pompeu Fabra,
Barcelona, Spain (2011)

18. Rodrı́guez-Triana, M.J., Martı́nez-Monés, A., Asensio-Pérez, J.I., Dimitriadis, Y.: Scripting
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