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ABSTRACT 
We propose a distance measure between instructor-recommended 

and learners’ learning pathways and discuss how it may be used. 

The context of this study is a 15-week undergraduate course. The 
digital learning activities consisted in reading materials, interactive 

videos, quizzes and worksheets. They allowed the collection of 

many time-stamped digital traces. The course instructor recom-

mended to engage in the activities regularly and prior to attending 
weekly synchronous tutorials. However, learning was largely self-

regulated. This led to different learning strategies, which were cap-

tured and visualised in the form of learning pathways. Several 

patterns emerged: “regular learners” followed the recommenda-
tions; “irregular/selective learners” tended to engage in some 

activities only and irrespectively of the timing of the tutorials; and 

“late learners” waited until the end of the course to start engaging. 

We have formulated a distance measure (D) between the students’ 
and the instructor-recommended learning pathways and found D to 

be a good indicator of a learner’s time management and self-regu-

lation skills. D was also found to have a moderate negative 

correlation (r = -0.6087) with exam marks, implying that the visu-
alisation of learning pathways combined with a distance measure 

could be useful to raise students’ awareness of their lack of self-

regulation skills. 

Keywords 
Self-regulated learning, digital traces, learning pathways, distance 

measure. 

1. INTRODUCTION 
In Self-Directed Learning (SDL), the responsibility to learn shifts 

from an external source (typically a teacher) to the individual 

learner. In its broadest meaning, SDL describes a process by which 
individuals take the initiative in identifying their learning needs, 

formulating goals, identifying resources for learning, choosing and 

implementing appropriate strategies, and evaluating learning out-

comes [15]. Many consider self-direction to be a fundamental 
difference between children and adults in a learning situation; and 

many argue that higher education is where and when learners 

should be given the tools to become independent self-directed 

learners, and educators should move away from an authoritative 

position to take a role of facilitator of learning.  

The goal of SDL is not necessarily to become a fully autonomous 

learner. In a formal learning situation such as a university course, it 

should be seen as a collaborative process between the instructor and 

the learner [11]. SDL is multidimensional and can be perceived 

through the notions of control [7] and personal responsibility [6] 
along a continuous scale. When the learning tasks are generated by 

the instructor, it may be more appropriate to talk about self-regula-

tion [24], a notion that is close to self-direction and encompassed 

by it [16][18]. Self-Regulated Learning (SRL) strategies include re-
hearsal, elaboration, organisation, critical thinking, time 

management, effort regulation, peer learning and seeking help [4].  

The design of learning materials and activities in a Learning Man-

agement System (LMS) can affect learners’ self-regulation 
strategies [12]. There is convincing evidence that people who are 

given some initiative in their learning learn more and learn better 

than people who are passively being taught [10][14]. In online 

learning settings characterised with autonomy, such as Massively 
Open Online Courses (MOOCs), self-regulation becomes a critical 

factor for success [1][2][8]. When comparing online and blended 

learner’s SRL strategies, Broadbent [5] has found that they differed 

in their use, but that overall predictors of grade were equivalent: 
time management, elaboration and rehearsal strategies were found 

to be key predictors. There seems to be general agreement among 

researchers that effective time management especially is an essen-

tial element of SRL [22]. 

Time management can be short-range and focus on the day-to-day 

planning and organisation of time or be long-range and used to reg-

ulate effort [3][17]. Studies exploring the academic procrastination 

(i.e., the intentional delay of an intended course of action) of under-
graduate students have highlighted the relationships between 

procrastination tendencies and poor self-efficacy for self-regulation 

and low academic achievements, e.g., [19] [13]. In [9], procrastina-

tion is described as “self-regulation failure of performance”. 
Negative relationships between procrastination, self-control and 

self-esteem [21], as well as health, wealth and happiness [23] have 

also been demonstrated.  

Poor SRL and time management (such as procrastination) typically 
result in a learning pathway that is significantly different from the 

optimal or instructor-recommended pathway [20], where a learning 

pathway is defined as the route taken by a learner through a range 

of learning activities, which allows them to build knowledge pro-
gressively. In this paper, we present a study to understand if 

students’ chosen learning pathways can be indicators of poor SRL 

skills and be predictors of course performance when they differ sig-

nificantly from the instructor-recommended pathway. With this 
objective in mind, we have formulated a distance measure (D) be-

tween the students-generated and the instructor-recommended 

learning pathways.  
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2. METHOD 

2.1 Participants and Context 
The context of the study is a 15-week course on Multimedia Fun-
damentals, delivered online during the Autumn 2021 to a rather 

large class of 234 3rd year undergraduate students on a Telecommu-

nication Engineering programme. The learning objectives for this 

course are: (1) to be able to discuss and compare multimedia data 
representations; (2) to relate data properties, representation, and 

size; (3) to apply digital signal processing techniques for the com-

pression of multimedia data; and (4) to describe modern 

multimedia standards and formats. It covers the following nine 
topics: digitisation, colour models, image, sound and video repre-

sentations, lossless compression techniques, JPEG, MPEG, 

perceptual encoding (MP3), and digital broadcasting. 

The students were all Chinese nationals, between 20- and 21-year-
old, enrolled on a 4-year UK-China transnational programme de-

livered in China. About 40% of the students are female. For the 

duration of the course, the students were physically on campus in 

Beijing, while the instructor was in another country.  

The digital learning activities made available on the LMS consisted 

in reading materials, short interactive videos (H5P technology), 

quizzes and exercise worksheets. In each interactive video, various 

exercises were embedded, which encouraged active learning and 
served as formative assessment: multiple choice questions, drag 

and drop exercises, fill in the blank exercises, select the right words 

exercises, etc. For each topic, further formative assessment was 

provided in the form of a 5-question quiz. The questions were ran-

domly taken from a question bank, and each attempt could retrieve 

a different set of questions from the bank. Students were encour-

aged to attempt the quizzes several times to be exposed to a greater 

variety of questions. In addition, exercise worksheets could be 
downloaded, completed, and submitted again to the LMS. These 

worksheets could not be automatically marked, so no marks were 

allocated to them, but marks gained from the video embedded ex-

ercises and the quizzes were visible to the students and used for 
formative assessment only. At the end of the course, students would 

get 2 marks for completing at least 66% of the online learning ac-

tivities (which included accessing the reading materials, interacting 

with the videos, answering the quizzes and uploading the com-
pleted worksheets), 1 mark for completing between 33% and 65% 

of these activities, and 0 mark if 32% or less had been completed. 

A total of 65 digital learning activities were proposed for which 

time-stamped digital traces could be collected, as summarised in 

Table 1. 

In addition, weekly online synchronous tutorials were scheduled to 

answer students’ questions, give live demonstrations, explain some 

of the topics in more detail, and discuss the quiz questions and 
worksheet exercises. Each week, an open-ended question was 

posted in a discussion forum for students to debate between them-

selves. Two mandatory labs were also scheduled, in week 4 and 10 

respectively, for which reports had to be submitted as part of the 
summative assessment. In the first lab, students used Matlab to cre-

ate audio spectrograms and observe various sound signals; in the 

second lab, they programmed a simple JPEG encoder and decoder. 

By the end of the course, the summative assessment was made of 
80% final closed-book examination; 13% lab reports; 5% in-class 

test (a 20-question quiz generated from the same question bank as 

the weekly quizzes); and 2% for completion of the online activities. 

The learning activities (reading material, interactive videos, quiz 

and worksheet) were released on a weekly basis, the week before 

the corresponding tutorial. For example, the introduction material 

was released in week 0 and covered in the week 1 tutorial; the dig-
itisation topic activities were released in week 1 and covered in the 

week 2 tutorial, etc. An activity released on the LMS would then 

remain available until the end of the course and could be attempted 

as many times as desired, including during the revision period 
(weeks 12 to 14) and until the final examination, scheduled in week 

15.  

The lecturer recommended to engage in learning activities weekly, 

prior to attending the tutorials. However, the learning was mostly 

self-regulated as students could choose when to engage in the learn-

ing activities, or even not to engage at all. Two hours a week was 

the recommended time to engage in the learning activities, and time 

and space were scheduled in the students’ timetable for self-study-
ing, but attendance at these sessions was not mandatory nor 

recorded. Most students chose to engage at different times and in 

their private space. The responsibility given to the students for their 

learning led to various strategies, which, thanks to the digital traces 

could be captured in the form of various learning pathways.  

Table 1. Number of digital learning activities with digital traces 

per type (reading material, video, quiz, worksheet) and per 

course topic:  65 activities in total. 

 

2.2 Data Collection and Analysis 
Each week and for each student the following data were collected: 

(1) date of latest engagement or attempt in each available learning 
activity on the LMS; and (2) updated video and quiz marks (stu-

dents could improve their marks by re-engaging in the activities). 

The data were then anonymised: students names and email ad-

dresses were removed from the records, only student enrollment 
numbers were preserved to be able to track a student’s activity 

across the duration of the course. 

Data collection was constrained by the fact that, at any point in 

time, only one time-stamped digital trace would remain on the LMS 
for each activity: a new attempt at the same activity would over-

write the previous trace. It was thus important to carefully plan the 

timing of the data collection and to collect data repeatedly and reg-

ularly. We collected data the day before each weekly tutorial, when 
the material related to that tutorial had already been available on 

the LMS for a week. That way, we could capture whether a student 

had engaged in the learning activities before (as recommended) or 

after the corresponding tutorial. Data were collected weekly until 

the date of the final examination in week 15. 



3. RESULTS 

3.1 Learning Pathways 
Figure 1 shows several examples of learning pathways. On the hor-
izontal axis, the 65 learning activities are plotted in chronological 

order. The vertical axis shows all the teaching weeks of the semes-

ter. The gaps between weeks 3 and 4 and between weeks 5 and 6 

correspond to weeks with no scheduled tutorial. The graphs indi-
cate when a learning activity has been completed for the first time. 

The recommended pathway represents the lecturer’s intent, where 

each learning activity has been completed by the time of the corre-

sponding tutorial. 

Several patterns emerged as illustrated in the examples of Figure 1. 

Regular learners are students who followed the lecturer’s recom-

mendations. Their pathway is typically just below the 

recommended pathway, showing that they have engaged in the 
learning activities within the week preceding the tutorial. Irregular 

or selective learners tended to choose the type of activities they en-

gaged in (e.g., some students used only the videos, others only the 

quizzes) and often did this irregularly and irrespectively of the tim-
ing of the tutorials. Finally, the late learners are students who 

seldom engaged during the semester and typically used the learning 

activities at the end of the course to prepare for the final examina-

tion (i.e., combining massing and procrastination).  

 

Figure 1. Recommended pathway and examples of regular, ir-

regular/selective, and late learners’ pathways. 

3.2 Distance Measure 
We have formulated a distance measure (D) between a student’s 
and the lecturer-recommended learning pathways. It is calculated 

by adding together all the differences (in number of days) between 

when an activity was due and when it has been completed for the 

first time (see equation below). When an activity has not been com-

pleted, the maximum distance between the expected day and the 

end of the course (date of the examination in week 15), plus one 

day, is added to the sum. The sum is then normalised, dividing it by 

the maximum distance value (corresponding to a student who has 
not completed any of the activities) and multiplying by 100. D 

ranges from 2.38 (minimum distance found) to 96.9 (maximum dis-

tance found). The mean value of D is 31.61 (std = 25.95). Using K-

means clustering (k = 3), the pathways were then grouped into three 

clusters. 

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = ∑|𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝑑𝑎𝑦 − 𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒𝑑𝑑𝑎𝑦|

65

𝑘=1

 

𝐷 =
𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒

𝑀𝑎𝑥 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒
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The first (low distance) cluster contains 47 pathways (20% of the 
students). These students can be classified as regular learners (see 

Figure 2). The maximum value of D in this cluster is 25.5, which 

can be used as a threshold value to “qualify” as a regular learner. 

All the pathway examples of Figure 2 follow the recommended 
pathway fairly closely, but each present a few “glitches”. The path-

way with distance D = 8.30 shows that one of the latest activities 

has been missed, while another activity has been a bit delayed: until 

week 11 (final topic of the course) this student had been a very reg-

ular learner. The pathway with distance D = 12.81 shows that one 

of the early activities has been completed with a significant delay, 

while a few other activities were slightly delayed. It is possible that 

this student joined the course a bit late, did not understand what was 
demanded of them at first, or that it took them a bit of time to adopt 

the correct strategy (some “catch up” seems to have been done 

around week 9). The pathway with distance D = 17.37 is character-

ised by three undone activities, and one significantly delayed 
activity. The distance measure in this cluster seems to be a good 

indicator of the number and gravity of the “glitches”.  

 

Figure 2. Examples of low distance (D=8.30; D=12.81; D=17.37) 

learning pathways (including the recommended pathway). 

The second (middle distance) and largest cluster contains 128 path-

ways (55% of the students). The value of D in this cluster ranges 

between 25.5 and 56.8 (see examples in Figure 3). The examples of 

Figure 3 show that the students started as regular learners, but they 
shifted to selective or late learner profiles after some time (around 

week 5). Although the three values of D are close (28.61, 31.64 and 

31.96 respectively), the pathways look quite different. The distance 

measure does not allow us to precisely discriminate between the 
selective and the late learners, so more work is needed in this re-

spect. However, a student in this cluster may be described as an 

“irregular learner”.  



 

Figure 3. Examples of middle distance (D=28.61; D=31.64; 

D=31.96) learning pathways (for reference, the recommended 

pathway is also shown). 

Finally, the third (high distance) cluster contains 59 pathways (25% 

of the students) (see Figure 4). In this cluster, the students adopted 

either a selective or a late learning strategy from the start of the 

course. Some of these students concentrated on one type of activity 
only, others did all the activities, but very late in the semester, i.e., 

when they started revising for the final examination. The pathway 

with distance D = 60.30 is characteristic of a late learner: all the 

activities have been completed but were all seriously delayed. The 
pathway with the highest distance (D = 96.87) is characteristic of a 

learner who almost never engaged in any of the activities. The path-

way with a slightly lower distance (D = 91.22) shows a learner who 

is both selective and late. A high distance measure seems to be a 

good indicator of poor time management and lack of engagement. 

 

Figure 4. Examples of high distance (D=60.30; D=91.22; 

D=96.87) learning pathways (for reference, the recommended 

pathway is also shown). 

Finally, we found D to have a moderate but significant negative 

correlation (r = -0.6087) with the students’ final examination 

marks. 

4. DISCUSSION 
The negative correlation (r = -0.6087) between exam performance 

and the distance to the recommended learning pathway confirms 

that regular learning is conducive to deeper learning. There could 

be several reasons for this: (1) having studied the learning material 
before attending a tutorial allows students to make the best of the 

time they have with the lecturer as they can prepare questions and 
better understand the additional content provided in the tutorial; (2) 

students have more time to assimilate and reflect on their learning 

before sitting the final examination; (3) it shows better time man-

agement skills, which are likely to have been effective also when 

preparing for the final examination.  

As future work, we plan to test if, at the level of each student, the 

visualisation of their learning pathway combined with the distance 

measure D, may effectively raise their awareness of their lack of 

time management and self-regulation skills. Another possible ap-

plication may be to use this information to nudge students who do 

not follow the recommended pathway and provide them with regu-

lar, timely, and personalised feedback.  

At course level, a dashboard providing weekly information about 

the mean distance between the students’ pathways and the recom-

mended pathway, could be useful to alert the instructor about a 

worrying students’ disengagement trend. A constantly high dis-
tance value could be indicative of a flaw in the course design, for 

example with respect to the amount of effort required from the stu-

dents. A sudden increase of the distance measure could be 

indicative of a particularly challenging topic which causes disen-
gagement from the students. It could also indicate that the students 

have a busy schedule forcing them to make undesirable choices 

concerning their time and effort allocations. 

Our study suffers from several limitations. First, the data was col-
lected on a weekly basis, where daily collection would have 

provided more accurate time stamps. This is easy to correct, and 

more data will be collected for the future cohorts of students. Sec-

ond, in its current formulation, the distance measure does not allow 
us to precisely discriminate between the different learner profiles 

(selective, late, irregular, etc.). One possibility, which is under in-

vestigation, would be to use different weightings for different types 

of activity and to vary the weightings as the semester advances. 
Another possibility would be to formulate different distance 

measures, each measure being designed to capture a particular 

learner profile. Better discrimination between the different types of 

learners will enable the formulation of more accurate and pertinent 

nudging.  

We have a lot of data that we have not yet exploited. Future work 

includes calculating correlations between different types of activity 

(completion and scores) and course performance. We have also 
started to work on the design of different dashboards for students 

and for instructors. 
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