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ABSTRACT

Most prior work in log data analysis within introductory pro-
gramming courses has focused on log data gathered from
programming environments. While such data can provide
insights into the programming process of students, it misses
other parts of the learning process, such as students’ use of
e-textbooks or other online learning materials. In this work,
we present preliminary results from an analysis of learning ma-
terial use at a fine grain. We discuss the possibilities that such
data provides for studying the learning process of students in
introductory programming courses.
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INTRODUCTION

Analyzing log data gathered from students’ learning process
can provide valuable information for improving the quality
of introductory programming courses. In past research, when
log data has been used in learning analytics for programming
education, the logs have usually been gathered from program-
ming environments [4]. One concrete proposal for how log
data gathered from programming can be used to improve edu-
cation is the process model for IDE-based learning analytics
by Hundhausen et al. [3]. They suggest that programming
instructors first gather process data, then analyze the data, de-
sign an intervention based on findings from the data, and then
deploy that intervention directly to the IDE from which the
data was originally gathered.

However, analyzing students’ learning purely based on data
gathered from programming environments misses parts of the
learning process. In most introductory programming courses,
students have other study materials they use besides program-
ming assignments; online textbooks are common, for example
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[11, 1]. Prior studies have found that how students use online
learning materials can be used to both improve the materi-
als [7] and to predict students’ success in the course [8], even
when controlling for time spent [6].

DATA AND CONTEXT

Context and Participants

The data used in this study comes from an introductory pro-
gramming course offered at Aalto University in Finland. The
course uses an open online textbook! with interactive content
such as visualizations, quizzes, and programming assignments.
The course teaches basic programming skills and concepts
and emphasizes the object-oriented paradigm. It is taken by
approximately one thousand students annually. Most of the
students are from Aalto University, although there are some
external participants as well.

Since the individual pages in the online textbook are long,
fully understanding how students use the material requires the
collection of more fine-grained data than just page request
logs. Additionally, while clickstream data can provide insight
into how students’ use materials, it requires active clicks from
students and thus does not gather information about passive
browsing of the textbook.

Data Collection

Material usage data was collected using a JavaScript compo-
nent? that, on page load, tags HTML elements with unique
identifiers and keeps track of the user’s movements, storing
information on which elements are visible on the user’s screen
at which times. The component can be added to any (statically
generated) online material. A server to which the data can be
sent to is required.

The component records (1) a user identifier, if available, (2)
an event type, (3) a timestamp, (4) the current URL, (5) the
identifier of the topmost visible element, (6) the identifier of
the bottom-most visible element, and (7) the y coordinates
of the topmost and bottom-most visible elements. The event
types fall broadly in two categories, active and inactive, where
active events depict scrolling actions and inactive events depict
staying in place. The data is periodically sent to a server for
analysis. An example data row is presented in Figure 1.

IThe course materials from 2020 are available at https://plus.cs.
aalto.fi/01/2020/.

2 Available at https://bit.1y/3v87ZN15.
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Figure 1. Example record collected by the component.

High-level Analysis of Time Management

In our first analysis, we looked at how students divide their
time into learning sessions. We define a learning session as
a block of consecutive minutes of study. Two parameters
influence the results. The first parameter is the minimum
time gap, between logs, that should separate two study blocks.
When a time gap is larger than the set threshold, we consider
that the student is not studying. The second parameter is
the minimum length of a study session. After identifying
the different blocks of study, we remove the ones that are
too short in length. We divide the data by week because
this granularity better matches the course progression. We
computed the following metrics on each week of data: the
number of study sessions, the average length of a study session,
and the total number of minutes studied.
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Figure 2. Joint distribution of the average length of a study session and
the number of study sessions.

We performed our early analysis on the second week of data of
the course. Figure 2 shows the bivariate distribution between
the number of study sessions and the average study session
length. Let us first look at the univariate distributions. The
number of students with a given number of learning sessions
decreases as the number of learning session increases. The
average study session length seems to follow a normal distri-
bution, if we ignore the proportion of students that did not
study at all. What we observe as a result is that there is a large
variation in the average study session lengths when the num-
ber of study sessions is small, but this variation decreases as
the number of study sessions increases. In other words, there
is a bigger disparity in the time allocated per study session
between students who have fewer sessions (and there are more
of such students), than students who have more study sessions.

Future Research

In our preliminary analysis, we looked at how students divide
their time. Next, we will identify where they allocate that time.
We want to track across weeks the parts of the materials that

students spend most of their effort on. Such information can
provide an estimate of the student’s progression with respect
to the course progression, and an estimate of the student’s
general consistency in their study habits.

We plan on modelling how students “move” within the course
materials. Our data enables us to determine the student’s
transitions within a single page, within a chapter, and across
chapters of the same or different weeks. Most online course
materials are designed in a linear fashion. Instructors expect
students’ transitions within the materials to follow this lin-
ear progression. However, it is unknown whether this is the
case. By looking at students’ movements within the course
we can identify their study patterns. Such patterns could be in-
dicative of difficulties in understanding concepts that students
encounter repeatedly across the materials.

This type of modelling has been shown to be effective when
applied to programming snapshots within a programming as-
signment. Piech et al [9] represented how students tackle an
assignment by developing a method that automatically builds
a Hidden Markov Model of students’ transitions from dif-
ferent milestones/steps (nodes). By analyzing (clustering)
students trajectories in this network, they found patterns in
how students progressed in their assignments. Subsequently,
clustering these patterns into larger groups was found to be
correlated with midterm performances. We aim to apply the
same modelling technique with the expectation of identifying
different patterns of browsing.

Improving Computer Science Education

Using machine learning techniques, we plan to leverage the
time-usage information and the browsing behavior model to
predict student performance. Many studies in the past showed
that log data can predict student performance [2], but very
few studies have employed browsing data similar to ours. In
particular, we suspect that time-usage metrics that can be
collected early in a course—such as students’ consistency
in study habits—could be discriminative enough to identify
which students are likely to drop out during the first few weeks.
Consequently, we aim to combine time-usage metrics with
browsing patterns to predict students in need of assistance.

The patterns and information found by our analysis might
also be used to improve the course materials themselves. If
students do not follow the intended course progression, this
might be due to some part of the materials not being clear
enough. By identifying the parts of the materials where stu-
dents come regularly back to, and how students come back to
these materials, instructors could adapt their course to make
students’ progression easier [7].

Finally, we believe combining fine-grained material usage data
with other data sources (such as programming logs [10] or
keystroke data [5]) will expand our general understanding of
students’ learning process, and provide many possibilities for
future research.
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