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Abstract
Massive Open Online Courses differ from traditional forms of learning, because of their free access,
abundance of resources and of user interaction tools available. Notwithstanding these features, some
learners reach their achievement while others do not. In learning analytics literature there are many
contributing relating to how Massive Open Online Courses learners’ behaviours determine
performance. The paper proposes a study to face the conceptualisation, operativisation and
measurement of learning and engagement, two determinists of learners’ performance. Moreover,
considering the multidimensional and complex nature of Massive Open Online Courses learning
assessment, a Partial Least Squares model is also proposed.
Keywords: learning analytics, multivariate modelling, engagement, partial least squares path
modelling.

1

INTRODUCTION

The Massive Open Online Courses (MOOCs) phenomenon emerged with much popularity in recent
years so that MOOCs are becoming highly relevant and widespread learning tools in higher education
institutes both in traditional and distance universities. MOOCs allow to offer free access to university
courses to many users localized geographically all over the world and they provide a self-regulated
learning (SRL). In online learning, SRL represents an opportunity for learners to have the control on
various aspects of their own learning process [1]. The theoretical framework of SRL can be
synthesised in the following four aspects: students have an active role to obtain their own knowledge;
students can monitor, control and evaluate their cognition and motivation, they have the opportunity to
adequate cognition to their goals and perspective and skills and they can interact with the context and
other learners with the same characteristics. The interaction features of SRL systems are enriched by
the wealth of learning tools offered by MOOCs which are “based on video lectures, multiple-choice
quizzes or peer-review assessments, discussion forums and documents” [2]. It results that all the
actions/reactions of each student will be recorded, from right/wrong answers, to time spent on each
resource, to the number of visualized resources.
In this framework a research challenge is how to develop proper learning analytics (LA). One of the
most cited definition of LA is ‘the measurement, collection, analysis and reporting of data about
learners and their contexts, for purposes of understanding and optimizing learning and the
environments in which it occurs’ [3].The aim of this paper is to propose food for thought in the direction
of learning assessment of MOOCs. In particular the paper starts from the complex nature of the
evaluation of the effectiveness and efficacy of MOOCs and focuses on exploring the main factors
affecting students’ performance: learning and engagement. Engagement is a multidimensional
concept, involving aspects of learners’ emotion, socialisation, behaviour and cognition [4]. It can be
defined as the investment of time, energy, and effort in learning, that is a degree of participation,
individual or collective, to the learning process. In educational literature, there are three distinct
domains of engagement: behavioural, cognitive, and emotional and it is not limited to all the actions
taken by learners to achieve their own goals. Learning can be defined as the process of acquiring
new, or modifying existing, knowledge, behaviours, skills, values, or preferences [5]. As both concepts
are complex and cannot directly measured, conceptualisation, operativisation and measurement of
learning and engagement are very interesting challenges in the educational science debate. On one
hand, the paper provides a possible point of view to such a debate suggesting a possible way forward
identifying the different determinants of each concept and, for each of them, a proper set of indicators.
On the other hand, it is provided a possible model to measure the impact of engagement and learning

Proceedings of INTED2019 Conference
11th-13th March 2019, Valencia, Spain

6694

ISBN: 978-84-09-08619-1

on the performance. Actually, the network of relationships can be structured as complex as desired
because the statistical literature offers many goodness of fit indexes and information criteria to choose
the best theoretical model. The impact of engagement and learning on the students’ performance is
explored through Partial Least Squares path modelling (PLS-PM) [6] [7] one of the most widespread
approaches to study a network of relationships between concepts that cannot be directly measured.
The analysis refers to the courses offered by the Platform FedericaX, the EdX MOOCs platform of the
"Federica WebLearning" Center at University of Naples Federico II. In 2015, the University of Naples,
Federico II has entered the world of MOOCs launching a new series of online courses with more
interactive features and more multimedia contents. To date around 75 courses are offered, and they
range from basic introductory courses to topics of particular public interest. FedericaX courses are
provided into two versions: an instructor-paced, that is a course following a set schedule, with specific
dates for assignments, availability of course materials and exams, and a deadline within which
learners have to complete the course and get certification, and a self-paced version, where all of the
course materials are available as soon as the course starts and assignments and exams do not have
due dates, so a learner can progress through the course at its own speed and can request a certificate
as soon as you have a passing grade in the course, even without complete all of the course materials
[34]. Data generated from courses and learner activities are available to EdX partner institutions
through the EdX data package which consists of a set of compressed and encrypted files that contain
event logs and database snapshots. The data package includes event logs (also known as the
clickstream), course content exports, courseware database exports, forums database exports and
open response database exports.

2

CONCEPTUALISATION AND OPERATIVISATION

In order to define the MOOC assessment dimensions, it is important to distinguish between learning
and engagement concepts. While we can define learning easily as the process of acquiring new, or
modifying existing, knowledge, behaviours, skills, values, or preferences [5], engagement is
characterised by different concepts and dimensions. The most used are behavioural, emotional and
cognitive engagement [8]. According to this perspective, behavioural engagement includes all the
actions taken in learning activities, emotional engagement is defined as affective feelings for
coursework, teachers or institutions and cognitive engagement is the attitude to undertake in even
difficult tasks and to create efficient learning strategies. According to [9] [10] researchers should take
care to ensure that construct definition drives their choice of measures rather than the selection of
measurement determining how engagement is conceptualized in the research. Researchers must
decide if their engagement is behavioural, cognitive, or emotional, or a combination of them. These
decisions affect the choose of appropriate indicators. If both cognitive and emotional engagement are
important for the research, then clearly a method of measurement that captures both dimensions is
essential. In particular, if we see emotional engagement as students’ emotional reactions to academic
subject areas such as science or to school more generally [11], in MOOCs’ context it become the
learner’s feelings for learning process participation and reach its achievement. That is higher a learner
with positive emotions with the subjects of course and in general with learning by MOOCs is more
likely to complete the course or get certification and more regularly than the others.
External information such as demographic data should also be taken into account.

2.1

Socio-demographic dimension

The first dimension relates to learners’ socio-demographic characteristics. These indicators, typically,
are provided by the user during the registration phase (for the EdX fields see [12]).
Table 1. Indicators for socio-demographic dimension.

Subdimensions
-

Indicators
Age
Gender
highest level of education attained
Nationality
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2.2

Learning dimension

The learning dimension can be structured into three sub-dimensions: frequency-based actions, timebased actions and interactions. Frequency-based data are the simplest and most used data for
synthesizing and summarizing data from tracking log (e.g., [13]). Despite its simplicity, frequency can
provide many useful information as the distribution of user events, in order to identify different
behavioural patterns among learners. Time-based data give information about duration of time spent
studying. In literature, the quantity of time spent in learning activities is a predictor of student
performance [14]. According to [15],in a SLR context, analysing only the time spent in one or more
learning activities is not enough, but it is necessary to analyse indicators about how a learner spent its
time. [16] demonstrates the importance of time management in SRL activities. The interaction subdimension relates to discussion forums activity and social learning dimension, to which MOOCs
platforms pay many attentions. Discussion forums activity not only allow peer-to-peer learning and a
direct interaction between teacher and learners, but they help to reduce drop-out rate. Furthermore,
[17] argued that in MOOCs contexts, learning does not depend only on regular coursework
completion, but also on related activities like interaction. Then, forum data activities can be used not
only to predict performance [18] but also to find learners’ risk of dropping out factor and predict
dropping out rate.[19].
Table 2. Indicators and sub-dimensions for learning dimension.

Subdimensions
Frequency-based

Indicators
Rate of active days
Rate of different videos watched
Rate of video re-watching
Rate of different page visited
Rate of video backward seeing
Rate of speed change watching video

Time-based

Rate of time spent on each video
Rate of videos watching time
Mean time spent solving quizzes

Interaction

Number of forum pages viewed
Number of provided response
Number of provided threads

2.3

Engagement dimension

The engagement dimension can be structured into three sub-dimensions: reason of enrolment,
regularity and procrastination. The reason of enrolment is related to the mode of enrolment and to the
motivation [20]. As log data about learners’ motivations are often poor and present lots of missing
rows, they are usually collected through ad hoc surveys ([21] [22]). The regularity sub-dimension is a
time-based dimension that analyses how a learner spends his/her time on the platform and how
he/her organizes its own learning roadmap. You [15] proposed, among others, regularity as an
alternative indicator to analyse time dimension in learning. The procrastination sub-dimension is a key
factor of self-regulation and lifelong learning [23] since it can be viewed as the failure of the learner to
organise its own learning process. Empirically procrastination has been analysed by Howell and
Watson [24] and Tuckman [25]; the authors confirmed not only that procrastination has a negative
impact on performance, but also that this impact is greater in a SRL context.
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Table 3. Indicators and sub-dimensions for engagement dimension.
Sub-dimensions

Indicators

Reason of enrolment

Mode of enrolment
Motivation

Regularity

Interval of days between activities
Mean of time activity in a module
Rate of return on previous modules

Procrastination

Time between module release and learners’ activity
Followed lesson ordering
Difference in activity between starting and closing
date

2.4

Performance dimension

Performance represents the outcome dimension as it estimates the degree of effective learning of
users through certifications and quiz scores.
Table 4. Indicators and sub-dimensions for performance dimension.
Sub-dimensions
-

Indicators
Rate of correctly solved quizzes
Rate of correctly solved quizzes for each module of the
course:
Rate of correct answers at first attempt
Difference in the rate of correct answers among modules
(improvement during the course)

3

METHODOLOGY AND MODEL DEFINITION

Partial Least Squares Path Modeling (PLS-PM) is a structural equation model with a componentbased estimation approach; it has been proposed as an alternative to the classical covariance-based
approach models (CBSEM). Structural equation models are largely used in educational science. For
instance, Marks et al. [26] proposed an on-line learning model using LISREL methodology for the
analysis of perceived learning and perceived satisfaction of students in function of student-student,
student-instructor and student-context interactions. Marsh et al. [27] compared exploratory structural
equation model and confirmatory factor analysis to propose a motivation and engagement model
based on of the Motivation and Engagement Scale across gender and time. Park [28] proposed a
LISREL model to analyse behavioural intention with respect to online courses in function of individual,
social and organizational factors, perceived usefulness of online tasks and online skills. Bakker et al.
[29] analysed the leaning dynamics in a work environment. Using moderated structural equation
modeling, they defined the impact of work engagement and conscientiousness on active learning and
work performance.
PLS-PM establishes its role in the international scientific literature as a soft modeling approach
alternative to the CBSEM because it does not require restrictive distribution hypotheses and huge
samples. This is a very interesting feature especially in those application fields where such
assumptions are not tenable, at least in full. On the other side, the classical parametric inferential
framework cannot be applied, and resampling methods are required to obtain empirical confidence
intervals and hypothesis testing. PLS-PM is a statistical approach for modeling complex multivariate
relationships among blocks of observed indicators (also known as manifest variables, MVs) and
unobserved concepts named latent variables (LVs).A PLS path model is made of a measurement (or
outer) model relating each block of MVs to its corresponding LV and a structural (or inner) model
connecting the LVs in accordance with a network of linear relationships. The PLS-PM algorithm allows

6697

to estimate separately the blocks of the measurement model and the structural model. The
measurement model estimation depends on nature of blocks, which can be distinguished in reflective
and formative. In a reflective block, each latent variable is defined by a unique underlying concept
reflected by the MVs. For this reason, MVs needs to covary and LVs needs to be unidimensional. In a
formative block, a single variable or a group of variables represent a dimension of latent variable. For
this reason, it is not necessary to assume unidimensionality of latent variable, but it is important that
manifest variables do not covary, since LVs are a linear combination of manifest variables. For further
information about basic concepts about PLS-PM see [6], [7], [30] for a review of method based on
PLS-PM see [31] [32] for a comparison between covariance-based model and component-based
models see [33].
Our hypothesis is to find the relationship between learning and engagement blocks and analyse their
impact on performance. In Figure 1 a possible structural model is proposed considering that the sociodemographic, the learning and the engagement blocks are formative while the performance block can
be considered as reflective. Dotted arrows represent optional links.

Frequencybased actions

Time-based
actions

Interactions

Learning
Sociodemographi
c

Performanc
e

Engageme
nt

Reason of
enrolment

Regularity

Procrastinatio
n

Figure 1. A structural model for MOOCs learning assessment.
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