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ABSTRACT
Mobile technology has been a focus of research since the
early 2000s and has attracted researchers from various dis-
ciplines ranging from pedagogical, health-care, technological
to app developers. In recent times, there has been a substan-
tial interest in capitalizing on the abundance and the ubiq-
uity of these technologies for their educational use. How-
ever, the role of mobile phones in educational setting is still
largely under-researched. Similarly, little attention has been
paid to the research on the extension of learning analytics
to analyze the learning processes and strategies of students
adopting mobile platforms. Traditionally, the research into
mobile learning has mainly relied upon self-reported data.
While literature has evidence that survey data facilitates
extraction of invaluable information, it suffers from a signif-
icant shortcoming - unreliability due to learner bias and poor
recall. Therefore, this paper outlines the doctoral research
project that explores the use of mobile technology in edu-
cational context using data mining techniques and learning
analytics methods to analyze digital trace data and provide
insights into how students learn. The results so far have en-
abled us to categorize students as adopting one of the three
technological modality strategies - strategic, minimalist, and
intensive - based on how extensive the use of multiple modal-
ities (such as desktops, tablets, smartphones) is for learning
activities and their final academic performance. Our re-
sults also provide evidence suggesting incorporation of the
modality used by the learner, for carrying out an activity,
as a viable feature in learner models helps in improving the
prediction power of these models.
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1. INTRODUCTION
Mobile technology has been a focus of research since the
early 2000s and has attracted researchers from various dis-
ciplines ranging from pedagogical, health-care, educational,

technological to app developers. An October 2011 article
in The Economist posited that, with the number of PCs
already surpassing 1 billion in 2008, the number of mobile
devices too would reach 10 billion in 2020 [2]. However,
even with the proliferation of mobile phones at such an un-
precedented rate, their role in the educational setting is still
largely under-researched [1, 12]. The challenge for educators
and designers, thus, is one of understanding and exploring
how best students might use mobile technology to support
learning. This challenge is further complicated by the fact
that while there exist plethora of learning analytics dash-
boards (LADs), there is a critical paucity of mobile learning
analytics dashboard applications [11] in comparison to their
desktop counterpart. The desktop LADs have been exten-
sively researched in terms of their usability, learner strate-
gies, usefulness, effectiveness, and efficiency using complex
data mining techniques and learning analytics methods. On
the contrary, little attention has been paid to the research
on the extension of learning analytics to analyze the learn-
ing process of students adopting mobile platforms. The very
few extant mobile LADs [5, 10, 7, 4] adopted by students
have been analyzed mostly using self-reported data typically
collected through questionnaires or think-aloud protocols,
which suffer from unreliability issues due to learner bias and
poor recall. Moreover, we are still unaware of the impact
of the ‘source’ of log files (from different devices), if any, on
the outcome prediction in learner models.

Thus, our research aims to bridge all the previously dis-
cussed gaps and explore the use of mobile technology in an
educational context. It aims to provide a holistic under-
standing of learning in presence of mobile devices and its
impact on learning - right from the identification of learn-
ing strategies employed by mobile learners, to the learn-
ing activities benefiting the most from mobile technology
(w.r.t. online discussions and course assignments), and to
the construction of technological modality-specific learner
models for learning outcome prediction. We focus on us-
ing advanced data mining techniques and learning analytics
methods to analyze digital trace data and provide insights
into how students learn using different technological modal-
ities, with main focus on mobile devices.

1.1 Research Question I
The first goal of the proposed research is to explore how
mobile devices are used when regulating learning via learn-
ing management systems (LMS) in the context of blended
courses. To do so, we mine the sequence data from student



logs to examine the extent to which various technological
modalities (including mobile devices, laptops and desktop
PCs) are either used sequentially and/or simultaneously and
assess their potential to influence the overall academic per-
formance and study habits at various learning activities. In
order to achieve that, we study the following two research
questions:

RQ1.1: Can we detect patterns in students’ use of multiple
modalities that are indicative of their adopted technological
modality strategy when using an LMS tool? If so, what kind
of strategies emerge?

RQ1.2: Is there an association of the identified strategies
with students’ performance in online discussions and overall
academic performance?

1.2 Research Question II
Central to the idea of mobile learning is that learning can oc-
cur context-free; across different places and at different times
and not confined to the formal classroom settings. While
location-aware mobile learning systems has been widely stud-
ied, albeit using descriptive statistics only, even lesser at-
tention has been given to the temporal aspect of the use
of these mobile technologies. That is to say, not much is
known of the associations between different modalities (such
as desktops, mobiles and tablets) and the time of the day
during which the modality-learner interactions take place.
We assess the associations of time of the day they learn, not
only with the frequency of usage of a modality, but with
the sequential patterns of usage of different modalities in
a blended course. Knowledge of the personally-negotiated
learning time-frames, mediated by different modalities are
conducive to timely, personally tailored feedback, reinforc-
ing the ‘right information at right time’ learning motto. In
order to achieve that, we study the following research ques-
tion:

RQ2: Are there any underlying associations between time
of the day and the patterns of modality usage based on a
learner’s modality-use profile?

1.3 Research Question III
The introduction of mobile technology as a pedagogical tool
has witnessed many enthusiastic supporters who success-
fully incorporate mobility in their everyday learning routine.
However, it is still unclear what dictates the students’ deci-
sion to adopt or resist mobile technology in the first place.
The following research questions ascertain whether learn-
ers’ patterns of modality usage are driven by their inherent
student characteristics or the type of activities they must
engage in.

RQ3: Do students use technological modalities differently
when engaging with different types of learning activities (say,
Assignments and Online Discussions)?

1.4 Research Question IV
The research area of analyzing log file trace data to build
academic performance prediction models has tremendous
potential for pedagogical support. Currently, these learner
models are developed from logs that are composed of one

intermixed stream of data, treated in the same manner re-
gardless of which platform (mobile, desktops) the data came
from. Given that learners use a combination of devices when
engaging in learning activities, it is apparent that weighing
the logs based on the platform they originate from might
generate different (possibly better) models, with varying pri-
ority assigned to different model features. For instance, fre-
quency of course material access might be a less powerful in-
dicator of academic performance compared to the frequency
of course material access ‘from mobile devices’, probably
due to the benefits associated with ubiquitous any-time ac-
cess available to mobile learners. Thus, the primary goal of
this research question is to bring to light the potential for
improvement of prediction power of models after consider-
ing the learner’s platform of access while generating learner
models for predictive analysis.

RQ4: To what extent is the predictive strength of LMS fea-
tures influenced by distinguishing the modality of learner ac-
cess when predicting course grade??

2. POTENTIAL CONTRIBUTIONS
The research on mobile learning has primarily focused on
studying the effectiveness or design of the mobile learning
systems [13]. There are two major flaws to this. Firstly, as
pointed out by [6], it is the learner that is mobile, rather
than the technology. Hence, while the research focused on
designing of specific portable technologies has been useful, it
is now time to dig deeper into complex interactions between
learners, mobile devices, learning activities, and available
learning materials (briefly touched upon by [1]).

Furthermore, assessments of effectiveness of mobile learn-
ing systems are generally conducted using overly general,
broad surveys and self-reported questionnaire, usually in a
lab setting. The traditional surveys have been recognized as
highly flawed in the educational research community due to
unreliable issues stemming from learner bias and poor recall
and the extremely controlled environment in lab settings de-
ters the observation of learners’ actions, decisions and learn-
ing strategy choices in their natural environment (thereby
threatening external validity of experiment). Consequently,
the studies have only sufficed in making superficial claims
about trends in mobile learning, using simple analyses such
as aggregates and percentages - 20% people prefer to use
mobile phones for participation in the discussion activity.
This is insufficient for the explication of the actual way in
which mobile technology is impacting the everyday learn-
ing process in authentic educational settings wherein inter-
leaved pattern of usage are observed which up until now have
been understudied [8, 9]. This is exactly what my doctoral
thesis will cater to. The advantages of analyzing such pat-
terns is three-fold. It supports instructors in blended courses
through more refined interpretation of students’ actions in
the LMS when participating in the learning activity. For
learners, this allows for recognition of strategies (compris-
ing modality-action pairs) that maximizes student’s learn-
ing achievements and helps in refraining from suboptimal
learning strategies. It is equally useful for future LMS de-
signers when designing notification systems that are capable
of sending reminders for modality-specific learning actions.



3. METHOD AND CURRENT PROGRESS
In my research, I am analyzing the data produced by the
second and third year undergraduate students in two pro-
gramming oriented courses at a Canadian university. Cur-
rently, the data has been collected from two semesters (Fall
2017 and Spring 2018) and is being continually logged from
subsequent offerings of the two courses. Each course spans
over 13 weeks and for the two semesters, a combined enroll-
ment of 121 students (83+38) was observed. The courses use
blended delivery, utilizing the university’s learning manage-
ment system (LMS) to support learning activities and stu-
dents’ overall schoolwork. The LMS hosts access to reading
material, posted lecture slides, tutorial materials, general
course information, weekly or bi-weekly course assignments,
assignment submission, grades, and allows participation in
online discussion activities. In addition to the web-browser
versions of the LMS (desktop/laptop/mobile), students have
access to the mobile app version provided by the LMS ven-
dor. Comparison of the features and functionalities offered
by the two versions have revealed no apparent differences.

I plan to carry out my research in four phases, one for each
research question. At the current stage, I am working on
phase 2 and 3, having completed and submitted research
questions from phase 1 (accepted) and phase 4 (in review).
Hence, in this section, I will briefly touch upon the method-
ology used (or intend to use) for each of these research ques-
tions and the results obtained so far.

3.1 RQ1
In order to examine the presence of patterns in students’ use
of several technological modalities, I encoded each learning
session as a sequence of modalities (used to carry out each
action in that learning sessions) using a representation for-
mat of the TraMineR R package [3]. These sequences were
clustered using agglomerative clustering based on Ward’s
method. The computation of the distance (similarity) be-
tween sequences, required for the clustering algorithm, was
based on the optimal matching distance metric [3]. The
sequence clustering algorithm produced four clusters, i.e.
technological-modality profiles - Diverse (use of many differ-
ent modalities), Mobile-oriented, Short-desktop and Desk-
top. Next, the students were clustered, based on how many
of their sequences belong in each modality profile, using Eu-
clidean metric to compute the distance between vectors. As
a result, three student clusters (Strategic, Minimalist and
Intensive), representative of their modality strategies, were
obtained.

To examine if there was a significant difference between
the identified student groups, we performed a multivari-
ate analysis of variance (MANOVA). The student cluster
assignment was treated as the single, independent variable
along with following dependent variables: overall academic
score, counts and time spent on viewing, posting and re-
plying to messages along with the word counts and quality
of messages in discussion board. I found a moderate ef-
fect size (ε2 = 0.12) of students’ adopted strategies on the
final course grade. Furthermore, when looking specifically
at online discussion engagement and performance, students’
adopted technological modality strategies explained a large
amount of variance (η2 = 0.68) in their engagement and
quality of contributions.

3.2 RQ2
For this question, I have encoded learning sessions from all
students (as was done in RQ1), followed by categorizing
each learning session into one of the four broad TOD (time
of the day) categories, intuitively: Morning (5 - 11 a.m.),
Afternoon (11 a.m. - 4p.m.), Evening (4 - 7 p.m.) and
Night (7 p.m. - 5 a.m.). To examine if there was an over-
all significant relation between the modality-profile of learn-
ing sessions and the time of the day each of these sessions
took place, a chi-square test of independence was performed
across all learning sessions after summarizing data, com-
posed of each sessions’ technological modality profile cluster
and the TOD category it belongs to, in a two-way contin-
gency matrix. The analyses was replicated across each of the
three modality strategies (obtained in RQ1) and results re-
vealed significant associations for all three strategies. How-
ever, there were significant differences with respect to the
preferred time of the day for carrying out learning sessions
belonging to each modality profile, based on the learner’s
modality strategy. For instance, mobile-oriented learning
sessions were carried out mostly in the afternoon by strate-
gic and intensive learners but in the morning by minimalist
learners.

3.3 RQ3
The ongoing activities for this research question are mainly
focused on preliminary data analysis. I have encoded the
learning sequences, from two main learning activities i.e.
assignment and online discussions, as representations of the
TraMineR format. For each learning activity, the sequence
clustering based on optimal matching metric resulted in four
and three technological modality profiles (TMP), respec-
tively. Consequently, two different partitioning of the stu-
dents, one based on TMP clusters from online discussion
activity and the other based on TMP clusters from assign-
ment activity, both resulted in 3 student clusters each.

The initial exploratory analysis comparing the two student
clusterings, obtained from the two learning activities, re-
vealed a rand index of 0.48, meaning that the two clustering
agree to a very small extent only. Therefore, we posit with
some certainty that the learner’s patterns of modality usage
(or in short their choice of technological modality strategy) is
dependent on the learning activity they are engaging in. To
further strengthen this claim, we look at the rand indices ob-
tained from the two learning activities when compared to the
benchmark student classification (from RQ1). The bench-
mark classification corresponds to the student strategies (i.e.
clusters) that are gauged from their overall engagement with
the LMS and reflect the generic or habitual patterns of use
of different modalities (and thus considered analogous to a
student’s innate characteristics). We found a large overlap
(rand index = 0.85) of strategies in the benchmark classifi-
cation with the assignment activity but only a small overlap
(rand index = 0.51) with online discussion activity. This
indicates that, in addition to the strategies from the two
learning activities being different, the strategies from one of
them (i.e. assignment activity) more closely resemble the
strategies in the benchmark classification, compared to the
other (i.e. discussion activity). As with any speculation,
follow up inferential analysis will be required to solidify our
claims.



3.4 RQ4
To investigate the effect of modality on different types of
commonly included learning-related activities (Table 1) and
their traces in the online courses, I selected 10 features (5
counts + 5 time spents for each activity) for inclusion in
my analyses as predictors of academic success. Variables
derived from the LMS trace data include: syllabus, course
material (lecture + tutorial slides and instructor provided
supplementary material), assignments, feedback on the as-
signments and calendar. For each student I extracted the
number of times (and the time spent on) using a partic-
ular feature by aggregating individual operations. I call
these variables LMS features. Each of these variables was
split up further to account for the platform used to access
that particular feature. For instance, in addition to having
the total number of assignment views for a student, I com-
puted three more variables – mobile views, desktop views
and tablet views – which indicate the respective number of
assignment views from each of the three main modalities. I
call such variables Modality features.

Next, I conducted a series of regression analyses with course
grade as the outcome variable in each. For each of the ten
learning features, two regression models were built using (a)
LMS features and (b) Modality features. The results re-
flected that for each of the ten features, an increase in R2

from Model 1 to Model 2 was observed. This increase ac-
counts for the percentage of variability in student course
grade explained by the Modality features over and above
the LMS feature. An ANOVA analysis using F-test of the
statistical significance was conducted to ascertain whether
the increase was statistically significant and it was found to
be significant for more than 50% of the variables tested.

4. ADVICE SOUGHT
My research is at an intermediate stage and I hope the con-
sortium could provide me some guidance and insights in the
following areas:

• I am interested to know if there is a method, espe-
cially in the area of network analysis that can help me
assess the (direction and frequency of) transitions be-
tween mobiles, desktops and tablets, and how these
transitions differ when learners are engaging in differ-
ent learning activities.

• For RQ3, while I am focusing on chi-square test of in-
dependence to test associations between time of the
day and modality patterns, for the next steps I need
to know how to identifying/interpret patterns using
the time-series analysis. Also, how can I account for
the ‘random noise’ that might be introduced from stu-
dents’ use of different devices for non-educational pur-
poses?
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