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Abstract. Despite the rise in services generating learning analytics,
there is a lack of standard models and guidelines for data integration
and aggregation to inform the design choices of applications supporting
learning analytics. We propose a bottom-up, user-driven approach en-
abling educators to select, match, and contextualize activity traces from
several data sources to perform and visualize meaningful learning analyt-
ics. To facilitate the process, the proposed approach recommends build-
ing customized auxiliary plugins that can be shared and re-purposed. We
present the implementation of a use case following this approach. This
use case focuses on supporting the import and side-by-side comparison
of activity traces from multiple data sources that teachers might use in
their practice. Implications of this approach on cross-platform learning
analytics and future work are discussed.
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1 Introduction

Studies on the use of learning analytics (LA) have garnered substantial interest
over the last decade [16]. This interest has been further emphasized by the sharp
shift of learning activities to online settings as a consequence of the COVID-19
pandemic [8, 13]. LA are considered promising resources to support learning [25].
Although LA are often generated within Learning Management Systems (LMSs),
online learning activities often comprise interactions with services outside the
traditional LMS (e.g., video streaming services, scientific databases, interactive
applications) [7]. When several applications are used for the same course, it
becomes important to consider activity traces coming from different sources in
order to enable an overall assessment of the learning activities [6, 18].

Over the past decade, there has been a strong push for the adoption of specifi-
cations defining the storage format of activity traces. One of the leading formats
is the Experience API (xAPI), which has been acknowledged as a standard and is
currently used by over 200 systems [17]. Nevertheless, there are challenges for in-
teroperable LA, even with established standards. Systems might apply different
vocabularies for the same actions, most notably demonstrated by the example
of social media platforms (e.g., retweeting vs. sharing a post) [11]. Furthermore,



2 U. Nwachukwu et al.

some systems rely on other specifications, such as IMS Caliper [10] or Activity
Streams [26]. Thus, it is not straightforward to merge data from multiple data
sources. Given that educators are often the ones selecting the technology they
adopt to support their practice [15], we believe that they are in the best position
to understand the semantics of each data source used and determine the activity
traces that are significant considering the learning context at hand.

To address this gap, we propose a bottom-up approach to assemble activity
traces from various sources, on-demand. More specifically, our approach dele-
gates to educators the choice of selecting what input data to map, analyze, and
represent. We simplify this process by sharing auxiliary plugins and thus enabling
the reusability and extensibility of solutions. The possibility of sharing plugins
adds a social or crowdsourcing dimension to our approach, allowing instructors
to collaborate on solutions that might be applicable to multiple learning scenar-
ios. Furthermore, our approach proposes a transparent integration of static and
dynamic LA reports. These reports allow students to reflect on their learning
process, while also enabling teachers to adapt their teaching methods even while
a course is still ongoing. To exemplify our approach, we present a use case involv-
ing a sample course using two separate learning platforms; namely Moodle [9] as
a repository for learning material and quizzes, and Graasp [5] as a collaborative
space with dynamic content, interactive applications, and virtual labs. In this
use case, a proof of concept shows how activity traces coming from one of those
platforms are fed and consumed by the other, producing LA that can be then
embedded into the corresponding learning space.

2 Related Work

Students and teachers form the primary target audience for LA [21, 28]. Feedback
for teachers is usually provided at the course level [22], with the aim of improving
their teaching methods [16]. While existing studies mainly focus on the analysis
of single-data-sourced LA [19], combining multiple data sources gives better
coverage and overview of learning activities [16].

LA platforms can be loosely or tightly coupled with the LMS where the corre-
sponding course activities take place [4]. If bound to an LMS, LA are performed
through native functionalities or plugins, where data is accessed directly from
within the LMS [3]. For LMS-independent solutions, there exist various open
LA frameworks [14]. In such frameworks, data is gathered in a central learning
record store (LRS) that might store activity traces from multiple learning tools
sharing a common terminology standard such as xAPI or IMS Caliper [14].

Several LA metrics can be found in LMSs and in the literature. For instance,
the Moodle Engagement Analytics Plugin measures the student engagement met-
ric using indicators such as logins, forum participation, and assignments [3]. A
study from 2017 [23] used the above-described metric to predict student course
outcomes but could not find any significant correlation. However, it did so when
considering only the login indicator. This study, among others, sheds light on a
core challenge for LA: the lack of valid and standardized metrics that are widely
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adopted and interpretable. The choice of LA metrics highly depends on the learn-
ing context [1, 20]. A course may take place in a blended learning environment
or purely online, just as the content and learning targets of the course may vary.
Hence, a metric may be suited for a particular context but not another [12, 24,
27].

Educators are key actors in determining relevant LA metrics [2, 29]. This pa-
per takes into account the lack of standardized LA metrics and the strong depen-
dence of LA metrics on their usage context, thus proposing an educator-centric,
standard-independent, peer-to-peer development and communication approach
to collecting and exploiting LA inputs, outputs, and tools. To start with, by dis-
tinguishing separate roles in the process of producing LA, the proposed approach
recommends the adoption of a component-based architecture, easing the reuse,
composition, and re-purposing of LA tools. Furthermore, the approach calls for
peer-to-peer distributed communication between multiple data sources through
connectors, without the need for a central LRS. The result is a procedure that
supports cross-platform LA without the need for a standard to be adopted by
the learning platforms themselves. In the following section, we present this pro-
cedure in detail, focusing on the role different components play in enabling our
integrated approach to LA.

3 Integrated Approach to LA

In the absence of widely adopted common standards for LA metrics and for
combining activity traces from heterogeneous sources, we propose a high-level,
bottom-up, educator-driven approach where activity traces are fetched on-demand
from various data sources, analyzed, and exploited following a component-based
and peer-to-peer architecture, as represented in Figure 1. The core characteristics
that guide our approach are described in this section.

Data Source Selection

Educator

Connector 2

Connector 1 Activity
Traces 1

Heterogeneous 
Semantics

Activity
Traces 2 Homogeneous 

Semantics

Action Mapper

LA Results
Analyzer

PresenterData
Source 1

Data
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Fig. 1. The user-driven approach lets the educator select connectors to import relevant
activity traces from data sources and optionally create a mapping for the vocabulary
used. This mapping enables the combination of activity traces that might be using het-
erogeneous semantics. The combined data source is then used as input for an analyzer,
which then passes the output to a presenter that makes it consumable by the educator.
Alternatively, the presenter can be directly coupled to the combined data source to
explore the available data.
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3.1 Educator-Centered Development

As noted in Section 2, educators are often the ones behind the choice and design
of the learning scenarios underpinning LA. Educators are also best suited to
find and interpret meaningful information that might be captured by LA, and—
consequently—to communicate that information to students, parents, colleagues,
and other stakeholders, which vary according to the context in which the learning
is taking place. Therefore, we propose taking a context-specific and educator-
centric approach—i.e, where the educator plays a central role in the process
of designing, re-purposing, configuring, and publishing data collection, analysis,
and visualization tools. In practical terms, the educator is granted full end-to-
end control to decide which activity traces are interesting, where to store them,
and how to make use of them. Furthermore, the educator interpolates verbs
coming from different data sources and selects an appropriate representation
for the output. This interpolation is indeed a first step in supporting consistent
cross-platform LA, in which activities that happen in one platform can be linked
with or mapped to those that happen in another.

3.2 Shareable and Composable Organic Enablers

Our approach encourages the organic development of shareable enablers, which
consist of loosely coupled components that can be used individually or together
based on the context at hand. Built independently by end-users, they each cover
a distinct aspect of the LA process: (1) connectors fetch activity traces (2) map-
pers specify and map actions of interest, (3) analyzers perform advanced data
analysis (e.g., anonymization, descriptive or prescriptive analysis), and (4) pre-
senters report the outcomes to end-users. The communication between different
enablers is neither standardized nor predefined; it is rather directly delegated to
them. Furthermore, when multiple data sources are involved, data combination
is not enforced at any specific level; it can either be done at the analysis level or
only at the presentation level. This lack of centralization and standardization is
another key step in supporting cross-platform LA. Platforms are not required to
be in concert with each other or adapt their data storage or communication for-
mats. Instead, different platforms—and integrations between them—can become
supported by enablers developed by the end-users of such platforms.

In addition to the four different enabler types—which are listed below—our
approach identifies two key components: (1) contextual integrators and (2) pub-
lishers. Contextual integrators represent the learning environment or space in-
tegrating enablers and their outputs. These integrators provide situated and
contextualized LA storage and access solutions without depending on a third-
party external LRS. Publishers, on the other hand, expose enablers to educators
to facilitate discovery and re-use, and can serve as open repositories of LA so-
lutions. These repositories can be curated by experts or crowdsourced by the
community.
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Connectors fetch learning traces such as activity logs, quiz results, or course
completion states from data sources. For every source of interest, a dedicated
connector is required to import data. The connector should be developed in an
educator-driven way. Typically, it must include filtering features facilitating the
selection of a subset of activity traces of interest.

Action Mappers enforce the same semantics to define actions described by
activity traces when using multiple data sources. Therefore, an action mapper
should let the educator match synonyms to unify the data. The output of such a
component is ideally a reusable configuration that can be shared and extended.

Analyzers grant descriptive or prescriptive insights into the available data.
Analytic options are handled separately from the import logic because the same
analytic option might be applied in different data contexts. This makes them
reusable and encourages collaboration and sharing through an open community.

Presenters provide feedback in the form of visual representations or textual
reporting. The input can be raw activity traces coming from a connector or
elaborated data coming from an analyzer. In a bottom-up approach, the available
data determines the output format. If there is no suitable format available, it can
be developed and afterward shared with the community. Presenters exploiting
different data sources can be put side-by-side in a dashboard. This side-by-side
grouping helps the user get a better overall assessment of the output.

3.3 Contextual Integrators

The approach favors the integration of the LA process in the learning environ-
ment, where relevant activity traces from different sources can be combined and
stored within the context of a course. Typically, both enablers and their outputs
(e.g., raw activity traces, LA, dashboards) should be easily added to the online
learning space or environment of a course. Integrating enablers and outputs into
the learning space paves the way for just-in-time analytics that can also be useful
for students taking the course.

3.4 Publishers

The separation of concerns and the on-demand development of enablers repre-
sent the core characteristics of the proposed approach. It requires educators to
put more effort into designing their LA scenarios and develop (or ask for the
development) of enablers. At the same time, our approach also envisions the
process of collecting and analyzing learning traces as an open and collaborative
one. As enablers including connectors, presenters, mappers, and analyzers—for
more elaborate usage scenarios—are developed and shared, and the community
around shared enablers grows, the task of developing enablers shifts to searching



6 U. Nwachukwu et al.

for the right enablers, while designing LA scenarios shifts to exploring scenarios
that have been reported as useful in similar contexts. Publishers expose enablers
to educators by relying on high-level descriptions without enforcing a rigid rep-
resentation or exchange standard. Essentially, publishers provide repositories of
enablers that can be grouped according to the specific needs of the publisher’s
audience (e.g., subject matter, language, curriculum).

4 Use Case Implementation

In this section, we present a proof-of-concept implementation of a use case based
on our proposed approach. The use case scenario is first described and the state
of its implementation follows. It is worth noting that the work presented in this
paper focuses on the data import aspect of the connector and provides basic
presenter functionalities. Ongoing and future work will be discussed in the final
section.

4.1 Use Case Scenario

It is not rare that a course relies on different digital LMSs serving different pur-
poses. In the use case proposed in this paper, an educator uses both Moodle
and Graasp within the same course. Moodle is used as a repository for sharing
course content, taking formative quizzes, and submitting assignments. Graasp
is used for hands-on exercises with virtual laboratories and interactive applica-
tions. Adding a link on the Moodle course page pointing to the Graasp course
space (and vice versa) easily enables centralized access to course resources. For
a comprehensive overview of the overall course activity, the educator imports
and exploits course-related activity traces from Moodle alongside those from
Graasp. The aim is also to make those activity traces and outputs available to
students. Therefore, they are accessible from within the course space, throughout
the course. Furthermore, Graasp is also used as the publisher in this scenario,
providing a sample repository of enablers that the educator can seamlessly add
to the Graasp course space in order to import and visualize LA.

4.2 Contextual Integrator

The contextual integration of learning traces and related analytics constitutes
an essential part of the approach brought forward in this paper. Instead of using
a centralized LRS, learning traces are integrated into one or more of the course
spaces. It is then up to other enablers (analyzers, presenters) to exploit those
resources and expose the resulting output, also within the appropriate context.

Following the use case proposed in this paper, Graasp was chosen as a contex-
tual integrator. Thus, activity traces imported from Moodle are added as usable
resources—using a dedicated connector—to the corresponding course spaces on
Graasp. Graasp does not impose a specific data format or data structures to re-
sources added in a course space. Such specifications are delegated to the compo-
nent or services exploiting the data. Furthermore, as shown in Figure 2, Graasp
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can combine both interactive applications (e.g., a tool to write and execute
Python code) alongside presenters that can be used to provide LA feedback to
students.

Fig. 2. A sample learning space on the Graasp platform. The main content—in this
case, a coding exercise—is shown in the central panel. Learners can navigate between
different activities using the menu on the left, while educators can provide LA feedback
using presenters such as the Your Participation tool shown on the right column.

4.3 Moodle Connector

We built a connector component in order to import activity traces from Moodle
into the course’s dedicated space in Graasp. Moodle offers a rich Web service API
that allows—after authentication with a Moodle user possessing the necessary
privileges—the execution of various basic functions. The connector comprises
three steps: (1) authenticate to Moodle, (2) select a relevant course and data of
interest, and (3) import data to Graasp. Following these steps, we established
a connection with our Moodle instance and invoked a Web service function.
Through a custom Moodle plugin that adds a bespoke Web service function, we
allow the export of course activity logs. Following a loosely coupled, standard-
agnostic approach, the learning traces imported from Moodle are treated as any
resource added to the course space in Graasp and are not expected to be treated
or interpreted by Graasp in any special way. Figure 3 shows the user interface
from the perspective of an educator using the connector in Graasp.



8 U. Nwachukwu et al.

Fig. 3. The user interface of the connector to import Moodle data into Graasp. On the
left, the configuration panel allows users to establish a connection with the targeted
Moodle instance and select the course logs that are available to the user. On the right,
a table summarizes the imported data available as resources for further processing by
an analyzer or presenter.

4.4 Dashboard Presenter

Following the approach we present in this paper, the presenters are decoupled
from the Moodle connector and allow the user to select the data to be displayed
in order to maximize modular reuse. The choice of the appropriate dataset is
delegated to the educator, who is provided with a description of the expected
data source or attributes. The developed presenters are deployed as open-source
plugins, which can be easily embedded into a Graasp learning space, as shown
in Figure 2. Multiple presenters have been implemented to demonstrate the
potential outputs of our approach. Figure 4 shows: (1) a stacked bar chart that
can be used to show the distribution and the total number of activity traces
alongside (2) a line chart with an interactive filter option, that also displays the
total number of traces. These specific presenters combine two data sources: (1)
the activity traces generated in Moodle, imported by the Moodle connector, and
stored as a resource in the corresponding Graasp learning space, and (2) the
activity traces generated by students while interacting with the Graasp learning
space itself. Showing data coming from multiple sources side-by-side or combined
in the same view helps educators attain a global overview of the activity that is
happening within a course.

5 Conclusion and Future Work

In this paper, we propose an integrated, educator-driven, bottom-up approach
to collect and exploit activity traces from different systems serving the same
educational course. In the absence of a unique standard for LA and compared to
traditional approaches focusing on particular use cases or combinations of data
sources, our approach concentrates on enabling the discovery of meaningful LA
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Fig. 4. The visualization result using two different presenters applied on distinct data
sources (top: Moodle; bottom: Graasp) and showing how student activity is distributed
over time. It is worth noting that the action verbs chosen serve the purpose of the
example and it is up to the educator to define meaningful “verbs”. The input data
belongs to complementary LMSs used in the same course and serving different tasks.
In this particular example, one can tell that the two LMSs involved were used mostly
simultaneously but with varying intensity.



10 U. Nwachukwu et al.

tools and the creation of a shared pool of reusable components. This is achieved
by decoupling the import, semantic mapping, analysis, and visualization pro-
cesses, leaving the choice and composition of components to the end-user.

We highlight the applicability of our approach with a proof-of-concept whereby
a connector is developed to fetch learning activity traces from Moodle and embed
them within Graasp for visualization using different presenters. By supporting
cross-platform LA without the need for a standard or adaptations on the part
of the learning platforms themselves, our goal is to support a bottom-up in-
tegration of LA that can more easily adapt to specific learning scenarios. The
aim is to help educators attain a broader picture of student activity given that
when multiple LMSs are used for the same course, aggregating the usage data
from such complementary LMSs yields a more comprehensive activity overview,
especially when viewed in context.

As a next step, we plan to develop an action mapper to allow educators to
easily match action verbs coming from different data sources. Once in place, it
will be possible to combine data sources with heterogeneous semantics in an an-
alyzer, which brings our proof-of-concept closer to provide an overall assessment
of student activity across learning tools applied in the presented use case. We
will also evaluate the usability of our mapper and of a predefined set of mappings
through participatory design workshops with educators. By involving educators
in co-designing useful mappings, as well as analytics and visualization scenarios
for presenters, we aim to seed a repository of enablers that can be published
online and help kickstart a community around open, reusable, and adaptable
LA solutions.
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