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Abstract

This study presents InDash, a learning analytics web service and web application dashboard to
collect, analyze and visualize Moodle log data in the form of interaction categories. The
document provides an overview of learning analytics applications and data collection processes
in learning analytics, with an emphasis on log-based learning analytics indicators. To showcase
the use and application of InDash, we propose an example categorization of indicators, based
on different learning cycle theories, and we detail the main components of the system: a web
service that exposes Moodle log for data collection, and the web application for data
categorization, analysis and visualization.
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1. Introduction

Learning analytics has gained increasing academic and public interest due to the extended use of e-
learning solutions over the last two decades [16, 22]. Learning analytics is based on the generation,
collection and analysis of data to provide useful, reliable, and actionable information on educational
processes [12]. Currently, a large body of research on learning analytics builds up on log data [14, 15]
that provide a chronological history of interactions between students and learning management systems
(LMS).

In this document, we present an Interactions Dashboard (InDash). The plugin has an open-source
license and is available at https://github.com/TIGE-UPM/InDash. From a broader perspective, the main
objective of InDash is to provide a platform for exploring Moodle LMS log data and to allow tracking
and analysis of student interactions and possible student learning archetypes.

The study details the design and architecture of InDash. To contextualize the research, the following
subsection provides an overview of learning analytics applications, common data acquisition
techniques, and typically selected indica-tors. InDash is built to accommodate different user-defined
categories and classifications of interactions. Section 2 presents an example categorization based on
theories of learning cycle models, which is used to illustrate the operation of InDash. Section 3 details
the fundamental components of InDash (a Moodle web service and web application) and its technical
implementation (data retrieval, processing, and visualization). Section 4 summarizes the main
conclusions and limitations of the study, and outlines future research avenues.
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1.1. Learning Analytics applications

The goal of learning analytics is the generation of insights about the educational process for students,
teachers, and other stakeholders [22]. Currently, most of the research on learning analytics is focused
on descriptive analysis (representation of current status) rather than predictive (forecasting future
outcomes) [8]. However, regardless of the nature of the analysis, learning analytics applications deliver
their results and insights in different formats, the most common being notifications [3], visualizations
[28], or natural language using chatbots [23].

Typically, learning analytics applications combine multiple results in a single dashboard, allowing
their users to perform meta-analysis of multiple results, to gain in-depth understanding of a process or
for validation purposes [13]. Although existing dashboards focus on very specific types of interactions,
they rarely allow for systematic analysis of interaction categories (such as those proposed in [2]). The
system presented in this study addresses this gap and is therefore a novel addition to the existing list of
tools available for descriptive analysis and visualization of educational data.

1.2. Data collection in learning analytics

Before data collection, it is important to consider the sources of educational data for analysis (e.g.,
primary data from direct measurement, data resulting from artifacts, repurposed data, transformed data
[19]), as well as what is the desired outcome of the learning analytics process [12]. The latest research
focuses on multimodal approaches that combine multiple data sources, such as eye tracking, location,
or voice recordings [27]. However, the acquisition of such data is difficult and often requires special
hardware [21]. Therefore, many studies use log data, which refer to the recorded history of interactions
between users and the LMS. InDash is focused on the analysis of such log data, as well as on their
transformation into artifacts, which makes it necessary to explain the collection of log data.

Most of the time, learning analytics applications are embedded within the LMS or run externally
[30], and this has a significant impact on how data are accessed. When embedded in an LMS, the
learning analytics application generally takes the form of a plug-in. In that case, accessing the data is
usually trivial, as the data source and the plugin are part of the very same system. However, system
constraints might complicate the development of these plug-ins because extending the LMS also means
respecting technology stacks and workflows to prevent jeopardizing the well-functioning of the whole
system.

If, on the other hand, the learning analytics application does not reside within the LMS, it is
considered an external application. There is no restriction on the type of external application, including
spreadsheets [7], business intelligence tools [26], or web applications [6]. For data collection from the
LMS database, external applications must use interfaces with the LMS. Most LMS offer built-in
interfaces as predefined REST APIs -this is at least the case for Moodle (https://moodle.org),
Blackboard (https://www. blackboard.com), and TalentLMS (https://www.talentims.com)-. In some
instances, the interface relies on users exporting the data to an intermediate container, such as a CSV
file, from the LMS and then importing them again into the external application. However, a major
drawback of external applications is the need to extract data from the data source, which often conflicts
with the data privacy policy of the educational institutions that operate the LMS [25]. This is a problem
that can be mitigated by using web services that allow restricted access management to data for external
applications [5], which is why InDash incorporates a web service for data collection.

1.3. Learning analytics indicators

In general, indicators refer to data that contain relevant information to provide concrete insights.
Once input data are collected, instructors and researchers can be more interested in analyzing artifacts
than focusing on specific interactions, raising the question of the selection of indicators for particular
learning analytics applications.

With respect to LMS log data, previous research has followed one of two different paths: either they
focused on selected interactions present in the log, such as viewed files, completed assessments, or time
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spent online [17], or they categorize the numerous, mostly unrelated, interactions based on different
classifications, such as agent, frequency of use, or participation mode [1, 2].

The main difference between the two approaches is the implicit assumption that a subset of
interactions may be deemed relevant enough for the learning analytics application in question but that
the categorization of different inter-actions may be more convenient for preliminary exploratory
learning analytics because it groups different but related interactions and offers a more global and
comprehensive view of the learning process.

1.4. Problem statement

With the goal of providing a platform for data exploration, a high degree of free inspection
possibilities is desirable. Knowing about the trade-offs between a plugin and an external application, a
compromise must be found between ease of data access and interactive exploration options for the user.
To address the problems mentioned above, we propose the design and implementation of InDash as a
tool for the extraction and exploratory analysis of Moodle log data.

2. Example categorization system for the study

The information stored in a log is evolving together with the LMS. Moodle 2.7 has, upon fresh
installation, around 150 different possible interaction events, compared to more than 500 in Moodle
3.10. The sheer amount of possibilities makes it inefficient or even impossible to inspect the logs
manually and search for any patterns. To reduce the effort required, interactions with similar
characteris-tics, such as blog entry added and comment created, which imply the creation of new
knowledge by students after having internalized knowledge (be it in the form of original content or a
reply to someone’s original content) may be categorized together to form a single indicator.

The indicators used in InDash are inspired by various theories of the learning cycle3 [4, 9, 10, 18,
29], and try to depict typical learning behaviors in multiple sessions. Fig. 1 summarizes these categories
and their sequential relation in the context of a learning session in an LMS.

Knowledge creation
(Dialogue/Sharing)

?

Content

Knowledge
Engagement > validation
(Application)

Track/Review

Learning Process
Management

Figure 1: Indicators in the categorization scheme used in this study, and their relation during a learning
session.

More specifically, the categorization includes the following elements:
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1. Engagement represents non-meaningful learning interactions that, nonetheless, are indicative of
student activity and engagement with the LMS (e.g., every time a student accesses the LMS or
a course, the events login and course viewed are triggered, respectively).

2. Content refers to accessing course content that helps in the conceptualization, knowledge and
learning stage (e.g., course module viewed, content viewed).

3. Application, or knowledge validation refers to students performing assessment activities, where
they have to apply the knowledge acquired on the different topics (e.g., submitting an essay,
submission created, or answering a quiz, question answered).

4. Dialogue/sharing, or knowledge creation, reflects any original contribution of students that can
be seen publicly and with which other participants can engage and interact (e.g. blog entry
added, message sent).

5. Track/review groups activities where students can observe the current status of their learning
process and reflect upon the information offered (e.g., badge listing viewed, user competency
plan viewed).

6. Learning process management (LPM) includes the actions that users can perform to manage
their learning process (e.g. calendar subscription created, learning plan review requested).

3. Technical implementation of InDash

This section presents a technical implementation of InDash to extract, categorize, and visualize
interactions from the Moodle log system. InDash has two components: a Moodle plugin that exposes
additional web services, and an external web application that performs the learning analytics from log
data and presents the results to users by means of an interactive dashboard. Figure 2 shows the InDash
workflow.

Figure 2: Schema illustrating the workflow between components of InDash. Data is stored in the Moodle
database, and made available to the web application through a Moodle web service using a custom plugin.
The web application then categorizes the data and offers interactive filters and visualizations to the user.

The following subsections describe the interface with the Moodle database, the data categorization
mechanism, and the dashboard visualization.

3.1. Web service: Exposure of the Moodle log

By default, external applications interact with Moodle using web services. Each web service
corresponds to a function that can be invoked by calling a Moodle REST API endpoint. As there is no
built-in web service available to retrieve log entries related to a single course, a modified version of the
Moodle Connector plugin [20] has been used. The plugin has an open-source license and is available at
https://github.com/TIGE-UPM/InDashConnect. The information in the Moodle logs has been enhanced
by adding additional information concerning the roles of the users involved within the context of the
given course. To improve system security, only authenticated users with teacher roles in the selected
course(s) are granted access to the web service.
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3.2. Web application: Data categorization

After authentication and course selection, the data are imported upon the user’s request by the
external web application via the web service. For data categorization, the user is then prompted to
provide the interaction mapping file that links each interaction to an indicator of the desired
categorization system. Table 1 shows an example of the entries in the interaction mapping file. The
mapping file is currently defined as an MS Excel spreadsheet, allowing users without programming
experience to easily modify existing mappings or create new ones. The web application stores this
information and uses it during the analysis process described in the next subsection.

Table 1
Excerpt from the mapping file linking Moodle interactions to indicators using the proposed

categorization.

Indicator Moodle Interaction Name
Engagement \core\event\notification_viewed
Content \mod_folder\event\all_files_downloaded
Knowledge Application \mod_quiz\event\attempt_started
Dialogue/sharing \mod_feedback\event\response_submitted
Track/review \core\event\course_user_report_viewed
LPM \core\event\course_completed

3.3. Web application: Data analysis

Once all data have been collected and stored, the analysis process begins. The web application
provides a visual comparison of the indicators between students and the average of all students within
the course (Figure 3). So far, three visualizations have been generated to allow the identification of
student learning archetypes of interest.
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(c) Box plot diagram of grades in the context of all students in the course.

Figure 3: Available visualization options for InDash.

A box plot provides information on the total number of interactions in each category, including the
quartile distribution of users in the course and outliers; when one or two specific users are selected, they
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are highlighted in the graph (Figure 3a). A radar chart, or spider web diagram (Figure 3b), shows the
distribution of interactions in each category for two selected students of interest. Radar charts help users
to perceive patterns that involve several dimensions more easily [24]. Furthermore, another box plot
(Figure 3c) presents the values of selected students in the context of the entire class. For a more detailed
analysis, the user can interactively filter all log entries. Throughout the process, the visualizations are
updated live to reflect the entries that match the filters.

4. Conclusions

In this work, we introduced InDash, a dashboard that facilitates the analysis and visualization of user
interactions in the Moodle LMS. InDash is an updated and enhanced version of the Interactions plug-
in used in [2]. The main benefits of InDash include: (1) the ability to allow different categories of
indicators to be used as artifacts for learning analytics purposes and to accommodate future changes in
the Moodle events module (it is customizable and extensible by design); (2) secure and personalized
access through web services; and (3) facilitation of the learning analytics process, by offering detailed
and customizable visual representations of the results.

At this stage of development, InDash is an exploratory tool that may help understand the learning
process and facilitate educational decision making through data discovery and identification of learning
archetypes. However, it does not provide any conclusions or further statistical analysis of the input data.
InDash does not incorporate predictive capabilities, such as notifications or the identification of at-risk
students. Upon analysis of the data provided by InDash, especially the relationships between categories
and academic performance, these functionalities should be incorporated into later versions of the
application.

The study also features, to exemplify the capabilities of InDash, the presentation of a new
categorization of interactions that is more suitable for the analysis of recent versions of Moodle than
the ones proposed in [2]. Further analysis should confirm the suitability of this categorization for the
analysis of educational processes based on clickstream data. However, the implementation of InDash
allows visualization and analysis of other classifications, provided that the association between Moodle
events and the target category is provided in the mapping file.

The design and implementation of InDash are not exempt from limitations. First, the plug-in is
course-agnostic; this means that it is currently not possible to compare two different courses. One reason
why this happens is that teacher roles are defined at course level, and, therefore, the analysis is offered
on a per-course basis. The impact of this design decision should be reconsidered after validation with
end users.

Second, and related to the first limitation, some of the events in the proposed categorization (e.g.,
learning process management) do not occur at the course level, but rather at the site level. While it is
relatively easy to incorporate these events for users with Moodle administrator roles or using tailored
queries to the database, the results obtained from the analysis of these interactions might introduce
different degrees of bias, as they would collect interactions that could be related or not to the activity of
students in a specific course.

Third, and final, InDash assigns the same weight to each and every interaction; in other words, all
interactions are deemed equal, irrespective of their educational value (e.g., creating and replying to a
Moodle forum thread are considered similar dialogue/sharing interactions, submitting an essay and
answering a quiz are both similar application interactions). Although this approach is useful for initial
exploratory analysis and wvalidation of interaction categories, further research on interaction
categorization is required to obtain a fine-grained analysis of the educational process.
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