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Abstract— In the last decades, there has been a steady
adoption of digital online platforms as learning environments
applied to all levels of education. This increasing adoption forces
a transition in educational resources which has further been
accelerated by the recent pandemic, leading to an almost
complete online-only learning environment in some cases.

The aim of this paper is to outline the methodology involved
in setting up a framework for mapping course-specific data
based on student activity to standard learning indicators, which
will serve as an input to performance prediction algorithms. The
process involves systematically surveying, capturing, and
categorising the vast range of data available in digital learning
platforms. The data are collected from two sample courses and
distilled into five dimensions represented by the generic learning
indicators: prior knowledge, preparation, participation,
interaction, and performance. The data is weighted based on
course development and teaching member’s perspectives to
account for course-wise variations. The framework established
will allow portability of prediction algorithms between courses
and provide a means for meaningful and directed learner
formative feedback.

Two courses, both bachelor-level and worth 5 European
Credits (ECs), that use several online learning platforms in their
teaching tools have been chosen in this study to explore the
nature and range of student interaction data available,
accessible, and wusable in a course. The first course is
Electromagnetics II at Eindhoven University of Technology, and
the second course is Electronics at Delft University of
Technology. Both Universities are located in the Netherlands.

This work is in the scope of a broader study to use such
learning indicators with predictive algorithms to provide a
prognosis on individual student performance. The findings in
this paper will enable the realization of student performance
prediction at a very early stage in the course.

Keywords—Learning indicators, learning analytics, data
portability, student progress monitoring, student prognosis, early
warning
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I. INTRODUCTION

The last years have seen a growing presence and acceptance
of digital online platforms in education. The recent pandemic
has dramatically forced this adoption as many education
institutions, left with no choice, had to rapidly adapt to remote
online education [1]. Digital Learning Environments (DLE),
albeit, a bit forced in the current circumstances, offer some
key opportunities with respect to capturing student activity
through interactions between students and the platform.
These interactions have the potential to add valuable insight

into student learning strategies and  associated
effectiveness[2]—-[4].
The ubiquitous wuse of interactive digital learning

environment implies vast amounts of tracking data that can
be leveraged for early warning systems and understanding
other learning elements. Additionally, since the data
collection in a digital platform is not a separate act but rather
a non-intrusive record of interactions, the data collected are
an authentic representation of student behaviour[5]. A review
on the literature of e-learning systems concludes that a
successful e-learning system should consider the personal,
social, cultural, technological, organizational, and
environmental factors[6].

However, the use of learning analytics has raised some
concerns as well. In a study that compared 17 blended courses
within a single institution involving close to 5000 students,
results of predictive modelling strongly vary across courses
and the portability of prediction models across courses is
rather low [4]. The study also emphasized the need to include
more specific theoretical argumentation and additional data
sources other than just the data from Learning Management
Systems (LMS). Furthermore, authors have reported
contradicting correlations of certain data predictors related to
online activity [7]. The study concludes that learning analytics
should allow for pedagogical variations and that learning
analytics are likely to be effective in reliably enhancing
learning outcomes only if they are designed to track data that
are genuine indicators of learning.
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In this paper, to overcome these limitations, we propose a
methodology of mapping course-based data to generic
learning indicators that accounts for individual course design
and teaching perspectives and is based on proven learning
indicators. The four key steps that outline the process are listed
below.

1.  Establishing a list of generic learning indicators that
identify with learning strategies and learning approaches.

2.  Making a comprehensive list of course-specific
student interactions that can be captured in the specific
learning environments and collaboration platforms.

3. Mapping these course specific interactions to generic
learning indicators based on teaching members’ perspectives.

4. Deriving indices corresponding to these learning
dimensions that can serve as a standard input to prediction
algorithms.

The paper is structured as follows. Section II briefly
introduces the Automated Prognostic Student Progress
Monitoring System (APSPMS) project under which the scope
of this work is done. This is followed by an outline of the two
pilot courses: Electromagnetics II (EM II) at Eindhoven
University of Technology and Electronics at Delft University
of Technology, chosen for this project. The generic learning
indicators are established and discussed in Section IV. This is
followed by the methodology for mapping course-based data
indicators to generic learning indicators and thence to generic
indices, in Section V. The paper concludes with a discussion
on potential advantages, limitations, and next steps.

II. PROJECT BACKGROUND AND PAPER SCOPE

The work presented in this paper are initial steps towards a
more comprehensive project to develop an Automated
Prognostic Student Progress Monitoring System (APSPMS)
that shall continuously track, assess, and monitor a student’s
comprehension (as dictated by the course learning objectives)
throughout the course schedule, from start to finish. The
APSPMS, at any point during the course, makes use of the

Course-specific part

A

gathered information to predict the student’s performance
and serves as a prognosis towards the result a student would
achieve at the end of the course assessment. The system shall
also generate formative feedback to the student and prescribe
concrete actions that would lead to a better final result.

The outline of the APSPMS project is shown in Fig. 1. A
modular approach is taken, distinguishing between two
domains: the course-specific part (where student-interaction
data in an individual course is extracted and categorized) and
the more generic part (algorithm development for predicting
student performance from generic learning indicators). There
are three reasons for this approach — a) Having a standalone
prediction algorithm part will ensure seamless portability of
this part to other courses, with development needed only in
the course-specific part, making the system more scalable, b)
This allows traceability of the predicted performance to
meaningful learning indicators rather than just data activity,
and, c¢) The intermediate set of generic learning indicators
will allow a reference for comparing data richness of different
course learning environments.

The APSPMS project is currently being piloted at two
technical universities (Eindhoven University of Technology
and Delft University of Technology) in two courses, enabling
to find solutions that are more general, leading to a more
modular system that can be scaled easily. The scope of this
paper is restricted to exploring the data available from the
corresponding learning environments, establishing the set of
generic learning indicators, and qualitatively mapping
course-specific interactions to the generic indicators and
thence deriving corresponding indices.

III. CHARACTERISTICS & SPECIFICATIONS OF THE PILOT
COURSES

Table 1 details the main characteristics and specifications of
the two courses chosen for this study. The courses use a
considerable number of digital platforms to support the
different learning activities that have been developed to

Generic part

A

Categorize
dand
archived
course-
specific
student
activity
data

Multiple
Platforms
with Extract

STUDENTS

Mapping

Multiple Data
features for
interaction

Indices on

Performance
prediction &
analysis

Prediction Feedback

f
Scope of this paper

Fig. 1. APSPMS Project outline and the scope of this paper
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enable the students in achieving the intended learning
objectives.

Table 1. Specifications of the Pilot courses

Courses
selected for Course 1 Course 2
Pilot
Universit Eindhoven University | Delft University
Y of Technology of Technology
Department | Electrical Engineering Elec.tncall
Engineering
Course Electromagnetics 11 Electronics
Name
Level BSc. BSc.
EC 5 5
. : . Q3 — February to
Period Q4 — April to July Ayl
Expected
number of 300 120
students
Student led tutorials Lectures
Teaching Lectures Tutorials
nutiods Instructor led
design sessions
Optional midterm Exam
Assessment | Student led tutorials Assignments
methods Written exam Quizzes
Design Report
BrightSpace
Canvas (LMS) (LMS)
Microsoft Teams YouTqbe (Lo
recordings)
Zoom (Q&A) Zoom (Q&A)
Digital Discord (discussions)
LIS Panopto (video
hosting and
streaming)
MediaSite (video
hosting and
streaming)

IV. GENERIC LEARNING INDICATORS

The behaviour of students captured by the online platforms
and their interaction with the learning material, peers or
teachers could add significant insight into the learning
processes involved[8]. However, these interactions captured
as raw data, need to be channelled through a theoretically
grounded set of general learning indicators (GLIs). The GLIs
are a set of dimensions or indicators representing student
features or actions and have the potential to strongly
influence the learning outcome. In this work, through
literature evidence and personal teaching experience, we have
identified the following GLIs: prior knowledge, preparation,
participation, interaction, and performance as the five GLIs
that strongly influence a student’s progress and achieved
learning outcome.

Some educational psychologists have long claimed that the
most important single factor influencing learning is what the
learner already knows[9], [10]. Therefore, prior knowledge is

included as a prime candidate in the list of generic learning
indicators. Studies have shown that student engagement is
critical in achieving a high learning outcome, and many
measures of engagement are linked positively with desirable
outcomes like critical thinking and grades[11], [12]. The
work of Lee summarised the literature findings on student
engagement that the important indicators of engagement are
learning effort, participation, interaction, cognitive task
solving, learning satisfaction, sense of belonging, and
learning passion. Student engagement has been measured in
multiple ways, with self-report being the predominant option
for the latter four indicators. Since our primary interest is in
exploiting the non-intrusive data collected by the digital
platform, we restrict ourselves to the first three indicators of
engagement. In this work, engagement is seen as a
composition of three elements — preparation (that represent
the student’s learning effort), participation, and interaction.
We define student performance, both in formative and
summative assessments at varying times through the course
as the fifth and final general learning indicator. The five
generic learning indicators along with their intended usage in
this paper are outlined in Fig. 2.

Prior knowledge

*The relevant prerequisite knowledge the student
possesses at the beginning of the course.

Preparation

¢ This is an indicator of how much the student prepares
during the course. This could be in the form of reading
course material, working out exercises, discussing course
material with fellow students and so on.

Participation

¢ A measure of how much a student takes part in the
different learning activities, irrespective of the
performance or outcome. This could take the form of
attending lectures, handing in assignments, and so forth.

|

¢ A measure of communication and exchanges with staff or
fellow students.

Performance

¢ A measure of how well the student does in the various
assessment throughout the duration of the course.

Fig. 2. The five generic learning indicators along with their explanations.

V. MAPPING COURSE-BASED DATA TO GENERIC INDICES

The aim is to derive indices, along each of the learning
indicators or dimensions discussed in the previous section,
that will serve as inputs to the prediction model. Courses
typically have one or more learning activities such as lectures,
tutorials and so on. Furthermore, each of these activities are
divided into components, for example, lectures could have an
associated reader, live lectures, video recordings and maybe
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more elements. Data points or instances corresponding to
these components have been identified, extracted, and
categorized. These data instances are then subjected to a
normalized double-weighted process to derive the generic
indices. The table is formed by aggregating the perspectives
of teaching members involved in the course.

The steps involved in the mapping process are outlined
below. The first two steps result in a data map for the two
courses as shown in Tables 2 and 4. The third step is used to
derive the indices from the data map and will be used as input
to the prediction process.

A. Activity weighting
A course is composed of one or more learning activities. The
activity weighting is done to establish the relative importance

of the different activities (as seen by the teaching members)
with respect to the course learning outcomes.

B. Data point weighting

As illustrated in Table 2, there are several data points that are
available from the learning environment. The magnitude of
these data points can provide pointers along the different
learning indicators. These weights are a measure of how well
a specific data point represents a particular learning
dimension.

C. Index Scaling

As a final step to derive the generic indices, the double
weighted data points are scaled with respect to the maximum
value possible along each GLI. This scales the indices to a
fixed range (zero to one) across different courses.

For a given course with N activities, and each activity having
q; (i = 1: N)data points, we have

CZL W (22, i Py)

Gl = 4

?l:l W; (Z?l:1wi1'k)
where, GI, is the index corresponding to the k" GLI, W; is
the weight of the i*" activity, P; ; 1s the normalised magnitude
(zero to one) of the i*" activity’s j** data point, and w;j, is
the weight of P;; along GLI. From Table 2, for the EM-II
course, N = 3, and ¢ = (6,7,5). From Table 4, for the
Electronics course, N = 3, and g = (7,3,4).
This ultimately results in five indices along the five GLIs for
each student. These indices quantify the generic indicators
that can be derived for any course and ported into the
prediction model to derive prognosis. It should be noted that
all the data in Table 2 and Table 4 are not available from the
start of the course, making the GIs a function of time.
Additionally, the implication of the data resolution
(individual or group) should be addressed in the prediction
process.
In Table 2, we see the data map for the EM-II course,
constructed from nine respondents - two teachers (course
developers, coordinators and strongly involved in all
activities in the course) and seven teaching assistants. In this
case, the individual responses were averaged, and the
associated standard deviations for the different values can be
found in Table 3. Table 4 is formed by a discussion and
consensus between the two teachers (course developers,
coordinators and strongly involved in all activities in the
course) in the course, and therefore, there are no standard
deviations associated with these values.

The data maps provide a snapshot of the type and range of
data available in the two courses. It gives a clear picture of
the data collected and to what extent they reflect generic
indicators of learning. From Tables 2 and 4, we can observe
in both the courses, by summing the GLI columns in the data
maps, that prior knowledge and interaction are the least
represented compared to the other indicators. These insights
can be very useful for both, prediction approaches and data
collection strategies.

Investigating the different data points in the two courses, by

summing row-wise (lec=1 wy;), it can be observed that the top
data point (the point that leads to the maximum for Y;3_; wyj,
corresponding to a data point that represents the GLIs,
aggregated, to the highest extent) ) for the EM II course is
‘TAs perception of how well the session went’ closely
followed by ° Ratio of students speak time to staff speak
time’, both from the student-led tutorial activity . For the
Electronics course the top two data points are ‘Grade
(Assignments)’ and ¢ Grade (Design Report)’, both falling
under the assessment activity. Incidentally, all the four data
points have a group resolution.

VI. DISCUSSION AND CONCLUSION

A. Data map as a measure of data richness

The data map provides a snapshot of the data richness that a
course learning environment provides. The breadth of data
available with respect to the different learning indicators as
well as the associated effectiveness of these data in predicting
learning outcome is captured in a single table. Therefore, the
data map serves as an excellent tool to assess data gaps, a
framework for cross comparison between courses, and a
standardized pathway to predicting learning outcome. It can
also aid during course resource allocation with a priority
assessment with respect to data collected. Additionally,
developing such data maps serve as a means for course
designers and teachers to reflect on the different components
in the course and how students benefit from them.

B. Activity and data weights to factor in course variations

Aggregating the weights from teaching members involved in
the course ensures that pedagogical variations in a course are
accounted for. Furthermore, these weights are associated with
variances which can be used either for selecting the raw data
that form the indices or for additionally ranking the data
points. The variances can also be propagated to calculate the
variance in the Gls, enabling a confidence estimation of the
prediction.

C. GLlIs as an effective channel for prediction and feedback

Five generic learning indicators, namely, prior knowledge,
preparation, participation, interaction, and performance
have been identified as potential predictors of student
progress and achieved learning outcome. The GLIs serve as
a standard set of parameters that can be derived from any
course and fed as input to prediction algorithms. This allows
portability of prediction algorithms to multiple courses.
Furthermore, having these distinct GLIs ensures that student
feedback can be classified along the same dimensions.
Therefore, a student gets feedback at the Ilevel of
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participation, interaction and so forth rather than on raw data
activity.

The initial findings show that online platforms provide a
convenient access to data points associated with student
interaction that can be mapped to indicators of learning
strategy. The data maps can provide insight on how existing
teaching activities can be modified, and new ones can be
added to enhance data richness and fidelity. Every course is
unique in its structure, organization, and delivery and this
significantly influences student learning approaches and
strategies. These, sometimes subjective, course-dependent
flavours and features significantly determine the importance

of the different student interactions. The framework proposed
in this paper provides a means to inject this valuable bias into
the prediction process.

In conclusion, the methodology presented in this paper, to
map raw data available in a course’s digital learning
environment to a set of generic indicators, can pave the way
for a student progress monitoring and feedback framework
that is theoretically grounded and portable to multiple
courses.

Table 2. EM 1II course data map with a selected list of data points. Activity weight represents the relative importance of the
learning activity, with zero corresponding to no importance and 10 corresponding to extreme importance. The numbers along
the GLIs indicate how well the magnitude of the corresponding data point represents the GLI, with zero corresponding to no
representation and 10 to extremely high representation. The cell colours are scaled based on the cell values.

Course | Activity Data point Data weights along Generic Learning Indicators [w;]
Activity | Weight [ Components | Platform
il W [Py] Resolution Briog Preparation | Participation | Interaction | Performance
Number of Individual
Reader Canvas F—— i | studesit 4.56 3.78
Lecture Number of Individual
Slides Canves times accessed | student (s AT
" Number of Individual I e
con Exercises Canvas times accessed | student j'ﬁ i 5.67
Lectures
Number of . ’ A
times viewed 411 711 5.44 3.67
https://videoc Individual
Videos Sl Time spent student 5.38 6.00 4.50
Pauses 3.3
i Individual T |
SLT Exercises | Canvas Timeaccessed | o a0 7.22 5.56
Numt?er o Individual 5.13
Exercises EXE(CEES student =
S— Recorded in prepared
Excel Time at which
TTi vi e
(SLT Ticks) readiness is Isr::dme::al 4.63 4.25 E_;ﬁ
conveyed
Ratio of
Session - .
Audio Microsoft s.tudents speak Group 6.11 6.44
Student- recording Teams time to staff
led speak time
Tutorial Number of
messages
between 6.22 5.56
students
st.udent. Discord Number of
Discussions
messages
between 6.13 5.25
students and
staff
TAs perception
f:;:c‘:ion Canvas of how well the | Group 6.44
session went
Recorded in Individual S
Pre-test e Grade o 5.44 ’ 3.56 741
i Choice to | |
”E’,'::’""‘ Recordedin | participate dividual 356 248 622
Excel student
(Voluntary) | =€ Grade ueen 5.38 5.75
Assessm 725
ents = Recorded in Individual
Final Exam Excel Grade stiudlar 6.56
. Recorded in Individual .
, Resit Bicel Grade ctiidant 5.67
= colour scale
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the EM 1II course data map in Tab

le 2.

Individual
Reader Canvas it
Individual
Lecture Slides | Canvas it
Exerc ca Inﬂw:::ll
Lectures accessed Atk
Number of Individual
times viewed | Student
Videos https://videocol '""Md;"'
lege.tue.nl. | Timespent | studen
Individual
Pauses student
Individual
SLT Exercises Canvas
Time accessed | student
:‘:'"'?" o | ingividuat
Exsecions Recorded in prepared student
prepared (SLT =
Excel Time at which s
Ticks) 2 Individual
readiness is arit
conveyed
Sessi Ratio of
Audi - Microsoft students speak |
2 Teams time to staff o
Student-led ucordiog speak time
Tutorial Number of
messages
between
students
Student s | Discord Number of
Blsgasio messages
between
students and
staff
TAs
SLTTA perception of
reflection Canvas nowwellthe | S7°UP
session went
Recorded in Individual
Pre-test
Excel Grada student
i Individual
" Choice to
Mid-term % pactiogats student
Exam Excel —
Assessments 256 (Voluntary) Individual
) Grade student
Recorded in Individual
Final Exam ' & ent
z Recorded in Individual
Excel Grade student

colour scale
2.5

Table 4. Electronics course data map with a selected list of data points. Activity weight represents the relative importance of
the learning activity The numbers along the GLIs indicate how well the magnitude of the corresponding data point represents

the GLI The cell colours are scaled based on the cell values.

Gotrse Activity Data point
Activity Weight Components Platform [l’p;, Data Resolution
il wi v
Number of
» toad Group
Recommended | Course OVWINOACS
book (pdf) website Time of
Individual
download
Number of Grou
views P
Percentage
Lectures 5 Videos YouTube of video Group
viewed
Channel .
subscription Individusl
Number of
times Individual
Lecture Slides ightSp accessed
i Individual
access
Simulation N Time of N
software Brightspace download Individual
Teacher's
- estimation
Tutorials Q&A session Zoom of quality of Individual/Group
work
Self- | Bri Enrol action | Individual
Br Grade Group
Quizzes BrightSpace | Grade Individual
Exam BrightSpace | Grade Individual
Design Report BrightSpace | Grade Group

colour scale
£ 5)

..
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