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Abstract 
Student engagement is a known contributor to academic success in online learning, and particularly in 
the highly demanded and challenging Science, Technology, Engineering and Mathematics (STEM) 
education. However much of the engagement data from the three main types of engagement; 
behavioural, cognitive and emotional remain uncaptured in a timely fashion and in-context. In terms of 
measuring softer qualities of student engagement which are harder to infer solely based on online 
behaviours, self-disclosed student data has a high value. Our proposal is therefore towards a 
microlevel student engagement (MSE) data capture from online students in order to gain timely data 
that could provide better insights into student learning and compare the findings with the more 
traditional approach of measuring student engagement at the end of a semester. At Universitat Oberta 
de Catalunya (UOC), Spain, we have conducted the initial tests of engagement data capture in virtual 
classrooms of a programming course, using an engagement data capture module where students 
report their engagement with components in their online learning environment. By complementing this 
data with the data from a set of short questionnaires placed during course elements such as practicals 
and continuous assessments and the system-level log data captured at UOC, we have generated 
actionable knowledge such as student interest levels in the ongoing lessons, most engaged types of 
resources (videos, images, algorithms etc.) and lessons, cognitive and emotional engagement levels 
required by these different types of resources and lessons. Our goal is to further understand 
engagement levels and behaviours that help achieve academic success and thereby encourage richer 
and timely feedback and informed decision making by the teachers and the institutions and also 
provide students with an understanding of their own engagement trajectories. 
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1 INTRODUCTION 
Defining student engagement and identifying measurable components of engagement can assist 
educational institutes in improving student engagement. Identifying such indicators of engagement can 
inform and improve upon existing processes ([1]). With the increasing number of online courses 
without face-to-face interaction between teachers and students, measuring engagement is an 
important and relevant issue.  

In academic research, engagement has been defined as the quality of temporal interactions with the 
learning activities, tasks, and other components of the proximal environment ([2]) from a broad 
institutional level down to the basic learning activity level ([3], [4], [5]).  Engagement has been further 
conceptualized as a personal trait and a context-varying psychological state ([6], [7]). As student 
engagement can be considered a diverse and complex context to investigate, it is also an increasingly 
researched topic. 

Student engagement is generally considered as a better predictor of learning and personal 
development ([8]). A wide range of studies link student engagement with academic achievement ([9], 
[10], [11], [6], [12], [13], [14], [15], [16], [17], [18]). Despite the lack of a universally accepted definition 
of engagement and its constituents, it has furthermore been linked to student attrition, student 
retention, student motivation and institutional success ([19]).  Student engagement data has the 
potential to inform about what the students are actually doing and provide a comparatively higher 
sense of the extent of their engagements which are likely to generate quality learning outcomes. 
Timely data on student engagement can be useful to diagnostically fine tune student learning and 
ultimately, focus on the quality of university education ([20]). 

Programming education in Science, Technology, Engineering and Mathematics (STEM) is a 
particularly troublesome topic with regards to students’ cognitive effort, success and retention. 
Programming is one of the first courses in higher education of STEM and it is generally a prerequisite 
for many other subjects. The dropout rates of programming courses are high, and many students 
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generally detach from the topic of programming because of the difficulties in learning ([21], [22], [23]). 
Even with advanced tools and pedagogical designs in place, the challenges of high dropout and failure 
rates are persistent ([24]). Therefore in order to understand these problems, careful attention should 
be given to the levels of engagement particularly in the online learning environments where learners 
are disengaged and physically isolated.  

In this paper we emphasize the need of timely data at a microlevel where we capture the three facets 
of student engagement (behavioural, cognitive and emotional) in order to have a higher order 
understanding of learners and their actions, Learning Analytics (LA) and the design of the courses and 
content. This paper first looks at the literature on student engagement and its constituents in section 2, 
and in section 3 the proposal towards a microlevel engagement measurement. In section 4 we 
describe the research design to capture MSE data and how it can complement the system-level log 
data to inform on the learning process of students. Section 5 describes the empirical study and the 
data that we capture. Section 6 presents some of our initial results from the proposed research and 
section 7 discusses the implications of our research approach and its results and conclusions. 

2 LITERATURE ON STUDENT ENGAGEMENT 
Students’ academic engagement comprises of behavioural, cognitive and affective engagements ([25], 
[26]). These aspects have been later reframed as behavioural, cognitive and emotional ([27], [6], [28], 
[29]).  

Behavioural engagement is defined by idea of student participation; including involvement in 
academic, social or extracurricular activities ([6]). It is considered a crucial element of engagement for 
achieving academic outcomes and preventing dropping out. Class participation, on-task behaviour and 
similar behavioural traits of students have been the focus of behavioural engagement studies ([30]).  

Cognitive engagement is based on the idea of mental investment in learning. It differs from 
behavioural engagement because it is less observable since the actions are more internal ([31]). 
Cognitive engagement requires thoughtfulness and willingness to develop mental effort necessary to 
comprehend ideas and master skills ([6]) and also traits such as self-regulation, relevance of academic 
work to future endeavours, value of learning, and personal goals ([31]).   

Emotional engagement covers positive and negative feelings or reactions towards teachers, 
classmates, academics, and school and is presumed to create the psychological influence and 
willingness to be engaged ([6]).  Feelings of recognition or belonging are also part of the emotional 
aspect of engagement ([31]).  Positive correlations have been found between emotional engagement 
and achievement ([32], [33]). The research by Perkun ([34]) and Perkun et al. ([35]) examine the 
impact of emotions over learning; which they term as ‘Academic emotions’. Deriving from a variety of 
such emotion classifications in literature Feidakis et al. ([36]) discuss the importance of designing 
emotion aware e-learning systems where emotions are captured from computer interactions, which 
could shed important insights on student learning.  

Traditionally student engagement is measured using lengthy questionnaires conducted at the end of 
an academic year or semester which often use a high number of questions; generally around 70, in 
order to capture a wide range of student engagement aspects. While some of them are straightforward 
engagement surveys, some others are focused on learning strategies and motivation. More widely 
known instruments are National Survey of Student Engagement/NSSE ([37]), Effective Lifelong 
Learning Inventory/ELLI ([38]) and Motivated Strategies for Learning Questionnaire/MSLQ ([39]). 

Fredricks et al., ([6]) argue that engagement is a multidimensional “meta-construct”, where the three 
components are fused in a meaningful way. Scholars have suggested that the concept of engagement 
is valid only where multiple components are present ([40], [41]). Rather than measuring individual 
engagement components, their aggregation may provide a richer characterization of the students and 
their learning. Rather than separating students’ behaviour, emotion, and cognition, these factors are 
dynamically interrelated processes within the individual. Considering engagement as a meta-construct 
warrants the need for behaviour, emotion, and cognition simultaneously and dynamically ([6]). Henrie 
et al. ([4]) state that out of 113 surveyed studies, 77% operationalized engagement from a behavioural 
perspective, while the cognitive and emotional aspects were studied by 43.4% and 40.7% 
respectively. More than 21% of the surveyed studies had measured from all three engagement 
indicators whereas 43% had measured along only one. They advocate the use of more than one in 
order to ensure the richness of the information derived.  
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The term Engagement Analytics has recently been used ([42]) to discuss engagement based analytics 
produced in the Moodle course management system. Using course-level activity logs, forum access 
data, grades from quizzes and assignments which are solely behavioural indicators the Engagement 
Analytics module produces at-risk warnings for students. 

3 A MICROLEVEL APPROACH FOR ENGAGEMENT MEASUREMENT 
LA is data driven and this data is a by-product of online learner activity ([43]). In many LA projects 
there is a background process of collecting and storing data about the learner, such as event listeners, 
system logs and facial emotion detection. Students’ self-disclosed ‘metadata’ about themselves is 
particularly common within student engagement research, which typically reveals a higher order 
information about their state or intentions. Such information is harder to infer from system-level logs 
([43]). 

With the wealth of research on student engagement and their varying scopes, a wide range of 
definitions, and measures have been published. Therefore it is important to define the scope of 
engagement especially in an application point of view. The granularity of engagement measurement 
([5]) are the levels at which engagement is conceptualized, observed, and measured. As mentioned 
earlier, grain sizes range from microlevel (student engagement in a given moment or a learning 
activity) to macrolevel (institution-level or as a group of learners in a class). Student engagement data 
from the surveys are usually gathered in retrospect, at the end of a semester or a course when much 
of the engagement activity has already been concluded. As Coates ([20]) suggests, “timely data” has 
to potential diagnostically fine tune student learning and the timeliness of data can be improved with 
microlevel measurement. In comparison with these approaches it is our position that MSE data has 
the potential to inform on the dynamics of day-to-day learning and to make decisions based on the 
analysis of timely data. In a way the MSE data has the ability to magnify the view of ongoing learner 
engagement from the overall macrolevel context. The challenge of measuring student engagement at 
a microlevel, particularly from a self-reported method is that it is identified as an intrusive approach. 
On the contrary, Appleton et al. ([31]) argue that self-report methods should be used to assess only 
emotional and cognitive engagements because other methods such as observations can be highly 
inferential. Therefore a clear balance had to be designed in order to be low on intrusiveness and still 
capture the required data. 

Therefore this research presents a design proposal for MSE based analytics in order to show how it 
compares to the more traditional Student Engagement data analysis and also to the analytics based 
on solely behavioural engagement. We also present some of our initial results from the MSE analytics 
that we have carried out in an online programming course in order to demonstrate the insights that it 
can produce to inform on the learning process and progress of students. 

4 RESEARCH DESIGN  
Since our research aims to address student engagement in online learning of STEM subjects, 
Universitat Oberta de Catalunya (UOC), an established internet based Open University is a highly 
favourable location for this research as all student learning and assessment is done online. We base 
our approach on action research in order to test our proposal in an actual learning environment and 
iteratively improve based on the results. The student engagement data is based on the STEM course 
of Fundamentals of Programming, a mandatory 6 ECTS credit course in the first academic year 
offered to both the Telecommunication Engineering and Computing Engineering degrees, therefore 
the availability and variety of data will also be diverse and provide an opportunity to compare different 
samples. About 200 to 300 students participate in this course and they are divided randomly into 
several virtual classrooms to contain around 60 students per class. UOC students are using a virtual 
learning environment (VLE) for learning management and access forums, noticeboard and other 
services. The Fundamentals of Programming course particularly uses a Wiki platform (xWiki) to deliver 
the learning materials. In addition UOC is also experimenting with a programming learning tool (PELP) 
in its early stages. By adapting these tools to capture engagement data at the activity level and joining 
it with the system-level data collection already in place, a more comprehensive dataset will be 
available for analysing engagement.  

In a typical course structure in a VLE, a course contains components such as virtual classrooms, a 
teaching plan, learning materials (text, videos and graphics), integrated learning tools, assessment 
activities and communication channels like notice boards and student forums. The VLE itself is a much 
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broader entity that encompasses other services such as virtual library facilities or channels that 
connect the student and the institution. But from an academic learning point of view we focus on the 
student engagement inside a course. Each of these components as well as any other additional 
component in a virtual classroom produces and logs a variety of ‘system data’ related to learner 
activity on a daily basis. This data can be navigational data (logging student navigation paths and 
times inside the virtual classroom), academic data (academic grades, completed lessons etc.) among 
others. However the softer qualities and values such as the emotional and cognitive engagement 
perishes as soon as an activity concludes. For example the cognitive efforts during watching a video 
material, emotional effect leading up to an assignment are best captured timely and in context when 
they occur. Therefore unless facilities are in place for them to be captured, an important set of data is 
missing from the engagement dataset. The availability of data has become a matter of simply knowing 
where and what to capture. In figure 1, we present our proposal for a MSE data capture within a VLE 
setting. We illustrate a course setting where system-level user log data is already captured and stored 
in a database for access. We then plug-in an engagement data capture module which captures 
student engagement data similarly. The module retrieves different question templates that are defined 
according to a task such as reading a reference text, submitting an assessment task, watching a video 
or reading the objectives of a lesson. The templates are stored in a server and are loaded to the 
interface of the module when a student accesses it. When the student leaves engagement data as 
feedback it is stored as engagement data.   

 
Figure 1: Engagement data capture design 

The automated system-level data and the engagement data are then unified in an analytical module 
where data-mining algorithms can be applied in order to process the data to extract learner 
information. This information can be of descriptive nature or predictive, depending on the requirements 
of the setting and the actors involved. The idea behind separating the two types of data is to have the 
engagement module not tightly coupled with the production servers or data. However based on 
institutional policy or future decisions regarding the VLE, the data can be aggregated in the same 
database.  Programming courses particularly present an opportunity to capture a variety of learner 
data from additional sources such as programming tools and environments that allows better insights 
into the learning process and course design.  

Given that what a student thinks or feels cannot be confirmed only by the external behaviours and 
artefacts, self-disclosed learner data is essential when it comes to cognitive and emotional 
components of engagement, we use self-report measurement; a common technique of gathering data 
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in the social sciences about an individual’s values, attitudes and dispositions ([43]), and adapt it at a 
non-intrusive level within the data capture module.  

In the initial tests, the developed engagement data capture module has been integrated to the learning 
materials in the xWiki platform. In the programming course, the traditional system-level data 
components of LA, such as assignment grades, log-in frequencies are automatically being captured 
and stored at the UOC data-mart. Furthermore, the continuous assessment activities of the course are 
accompanied by a short questionnaire for assessment engagement data capture which is not currently 
possible through the data capture module. It is expected that data such as lines of code, compilation 
success/error rates, number of submissions, average time spent etc. will be captured using the PELP 
tool and the virtual classroom in the later iterations.  

The system-level data that we collect from the VLE and xWiki are primarily behavioural data because 
the student behaviour is reflected in actions such as access and navigation. Cognitive and emotional 
aspects of the engagement on the other hand is not reflected through them and not easily captured 
without an input from the student. Therefore we propose measurements for the cognitive and 
emotional engagement based on the definitions developed on top of Connell and Wellborn ([44]).  

4.1 The Three Types of Engagement Data 
UOC data-mart provides general demographic data and behavioural data such as, whether the user 
has been assigned to subject/instructor, the user accesses the virtual classroom, the user views the 
teaching plan, the user accesses a learning tool, the user accesses the virtual library materials and the 
user interacts in the forum. Furthermore in the xWiki where learning materials are accessed by 
students, more behavioural data is being captured such as the pages viewed, video play events, 
algorithms/code tab views etc. This data forms the behavioural aspect of the engagement. 

When it comes to cognitive engagement data, the engagement data is directly collected from the 
student since they are not easily inferred from system-level logs ([43]). While the challenge of intrusive 
data collection should be carefully approached, we adopt a simplistic design where engagement is 
measured at defined points in course. Cognitive engagement data comprises of whether the user finds 
the learning material/assignment descriptions to be comprehensible, the user finds the 
assignment/learning activity easy to complete, the user finds the learning material relevant to the 
activity, the user finds the number of examples adequate etc. Furthermore the short questionnaires 
placed at the end of each assessment activity provides cognitive engagement data related to the 
assessment activity. 

Similarly, emotional engagement is integrated into the questions in the engagement data capture 
templates. Emotional engagement data focuses solely on the affective nature of learning and how the 
student feels during the time spent on learning. This set of data would include whether the user finds 
the learning material interesting, instructions or resources helpful, the user feels the teacher/instructor 
involvement is satisfactory, the user finds the lesson valuable to the overall goals. The short 
questionnaires at the end of assessment activities also contribute to the emotional engagement 
dataset. 

Therefore in our data collection, we primarily focus on select questions from the cognitive and 
emotional since behavioural engagement is well reflected in the non-intrusive methods of data 
capture. Cognitive and emotional aspects of engagement is particularly relevant because in practice 
there is an overemphasis on behavioural engagement ([31]). Compared to traditional engagement 
surveys, this data is timely, and focused on a microlevel of learning activity which allows for deeper 
knowledge of how students are engaged, and if they are not, pinpoint the investigation into clearly 
identified points of the learning process. 

5 RESULTS 
Our initial data analysis focused mainly on the capabilities of the self-reported MSE data received from 
51 students, in order for its ability to answer questions such as levels of average student engagement 
during the semester, components of the course (videos, examples, and code snippets) are most and 
least engaged by the students, which of those components require the most cognitive engagement or 
which of them invoke the emotional engagement most. During the first few weeks of the semester the 
following were some of the results obtained by analysing the data. 

0994



MSE allowed insights into the active engagement of students with different types of resources in the 
xWiki. Compared to the regular xWiki this adds more perspective regarding student engagement, and 
particularly goes beyond access (behavioural engagement) data. For example instead of simply 
reading the list of objectives for a lesson and moving on, students choose to actively leave feedback 
on that particular engagement with the lesson objectives.  Figure 2 can be used to explore which types 
of resources are most engaged by the students and therefore provide more of the same type, or 
improve the resource types least engaged. 

 
Figure 2: Number of engaged students by resource type 

MSE analysis also informed on the cognitive efforts of students in different lessons. This is a step 
forward in terms of time and in validity from inferring from a list of grades or the end of the semester 
feedback. The cognitive engagement data collected at the lessons level was used to calculate an 
average cognitive level required by the lessons as illustrated in fig. 3.  
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Figure 3: Cognitive engagement levels by lesson 

In this particular case, students have reported lower levels cognitive demand (capability of 
understanding) in lessons such as Abstract Data Types and Strings, whereas higher cognitive demand 
has been reported in lessons such as Modularity and Pointers. Given the information in a timely 
manner, it is a crucial input for the teachers to navigate through the more difficult lessons with a better 
understanding of the audience.  

Our results also focused on the cognitive levels required by different types of resources in the learning 
space. This is a more microlevel view from the lesson level. It shows Algorithms, examples and videos 
being better enablers of understanding programming concepts, and that students have difficulty finding 
tables and code snippets useful. Fig. 4 visualizes the available types of resources in terms of their 
cognitive usefulness. Fig. 5 in turn shows emotional levels related to specific types of resources, 
where their usefulness to students are measured rather than their ability to understand them. 

 
Figure 4: Cognitive engagement levels of resource type 

 
Figure 5: Emotional engagement levels by resource type 

6 DISCUSSION AND CONCLUSIONS 
In terms of analysis capability, MSE data across all three dimensions provides a richer insight into the 
learning process of students. In this initial run of the experiment, the first results generated from the 
engagement data alone has proved beneficial to the teachers of the programming course. Results 
such as illustrated in the above section can inform on the useful types of resources, high cognitive 
effort demanding lessons and student perception on the lesson objectives in order to design the 
lessons better and assist students more in the low engaged and low performed lessons. Combined 
with the three dimensions of engagement and access and navigational data at system-level, it allows a 

0996



wide range of comparisons and visualizations such as classroom access pattern comparison, 
cognitive patterns throughout the semester with each course milestone, combinations of behavioural 
patterns that align with final success, the general patterns of cognitive and emotional engagement that 
leads to final success etc. Teachers and students can make use of this information when channelled 
properly as a feedback mechanism. In the analytics domain, systems such as dashboard applications, 
recommender systems and prediction systems are particularly used for this purpose. Compared with 
the traditional approach of end of the semester survey, this MSE approach allows timely data to be 
gathered and analysed with more precision. Also the engagement data is not only behaviour based 
but also complimented by the cognitive and emotional aspects that allows for a wider range of 
analyses. In recent years a number of success-prediction systems and at-risk prediction systems have 
been implemented that utilize the potential of learner data and data mining techniques. Purdue Course 
Signals ([45]) and OUAnalyse ([46]) along with other systems for recommendations and learning 
dashboards are based on behavioural engagement data. The integration of the three aspects of 
engagement has the potential to be insightful and potentially fine-tune the prediction methods. In a 
similar way, the addition of visualization of MSE can be an equally important factor for prediction of 
success.  

Student engagement has become an umbrella term to define various states of learner interaction with 
the learning environment and self. A range of literature provide evidence to the importance of student 
engagement to successful academic achievement. In a challenging yet highly demanded subject area 
such as STEM it becomes important to assist students and design better course modules based on 
richer information. Much of the engagement studies focus on different levels of engagement using self-
report measures in order to capture harder to obtain data such as cognitive and emotional 
engagement. In the trending arena of online learning, we propose a MSE data capture from online 
students in order to gain timely data that provides extensive insights into the learning process. By 
combining the system level data capture already in place with the proposed multi-dimensional 
engagement data we are able to derive valuable information such as cognitive engagement patterns, 
emotional states and behaviours that helps achieve academic success could be brought to light that 
could enhance the learning experience of students and also ensure informed decision making by the 
teachers and the institution. 
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