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ABSTRACT

Educators continue to face significant challenges in providing
high quality, post-secondary instruction in large classes in-
cluding: motivating and engaging diverse populations (e.g.,

academic ability and backgrounds, generational expectations);

and providing helpful feedback and guidance. Researchers
investigate solutions to these kinds of challenges from alter-
native perspectives, including learning analytics (LA). Here,
LA techniques are applied to explore the data collected for a
large, flipped introductory programming class to (1) identify
groups of students with similar patterns of performance and
engagement; and (2) provide them with more meaningful
appraisals that are tailored to help them effectively master
the learning objectives. Two studies are reported, which ap-
ply clustering to analyze the class population, followed by
an analysis of a subpopulation with extreme behaviours.
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eSocial and professional topics - Computing educa-
tion; Student assessment;
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1. INTRODUCTION

The popularity of computer science in post-secondary ed-
ucation has lead to higher students’ enrollment, and larger
class sizes in introductory programming courses to help meet
the demand. As class sizes grow instructors face heightened
challenges in motivating and engaging diverse populations
(e.g., academic ability and backgrounds, generational expec-
tations), monitoring students’ achievements, and providing
helpful feedback and guidance. Often, efforts to identify dif-
ferent subpopulations of the class rely on students’ perfor-
mance on summative assessments. For example, the authors
have used midterm grades to identify struggling students by
using a cut-off value (e.g., grade on the midterm <40%)
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to identify and reach out to students in need of more as-
sistance. However, students with similar performance on
summative assessments may have dissimilar patterns of en-
gagement with the course content, and therefore may bene-
fit from different recommendations. For example, one group
of students may perform poorly on summative assessments
while being highly engaged with the course and its content,
whereas another group with poor performance may be to-
tally disengaged. The first group may benefit from more
preparatory content and training on soft-skills (e.g., time
management) or academic skills (e.g., study skills), while
the second group may be having personal difficulties and
might benefit from meeting with student advisers as a first
step in regaining their confidence and/or motivation.

Researchers explore solutions to challenges arising from
large classes from alternative perspectives, including learn-
ing analytics (LA), which is emerging as a new, interdis-
ciplinary area that explores the “measurement, collection,
analysis and reporting of data about learners and their con-
texts, for purposes of understanding and optimizing learn-
ing and the environments in which it occurs” [18]. This area
is interdisciplinary, drawing upon research, methods, and
techniques from education, educational psychology, visual-
ization, and machine learning. LA approaches rely on the
availability of substantial data sets (student, course data).
This is now feasible, as learning management systems pro-
vide capabilities for the automated, unobtrusive collection of
access patterns for course materials (when, how much time,
downloading, and so on).

Here, LA techniques are applied to investigate data that
span summative, formative, and behavioural features. A
historical data set for a large, flipped, introductory pro-
gramming course is used. The goal of the investigation is
to reveal smaller groups of students with similar patterns
of performance and engagement. The course staff can then
provide these groups with tailored appraisals to help effec-
tively master the learning objectives.

Two studies are presented in this paper. The first explores
the formative, summative, and behavioural data for the en-
tire class. The second explores a subpopulation in the class:
students with extremely high levels of activity using on-line
resources. The research methodology uses established best
practices in the LA community [8, 11] including the k-means
clustering algorithm. The results indicate analyses based on
multiple dimensions reveal smaller groups of students with
patterns that are not evident using only summative data;
this supports providing more meaningful student appraisals.

The remainder of this paper is organized as follows: re-
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lated work is presented in Section 2, and an overview of the
research methodology is presented in Section 3. A study
on clustering the entire class population is presented in Sec-
tion 4 and a study on clustering a subpopulation is presented
in Section 5. Conclusions and future work are in Section 6.

2. RELATED WORK

Research results in two closely related areas, LA in general
and LA in CS education, are briefly discussed in this section.

LA has enormous potential to improve post-secondary ed-
ucation. In earlier work, LA studies strive to uncover in-
teresting relationships and patterns among students’ sum-
mative evaluations and their interactions with the learning
environment, with a focus on predicting academic perfor-
mance. The goal of identifying potentially weak students,
based on their log data, can be traced back to [13]. More re-
cently, Barber et al. [2] used a predictive analytic model to
identify students in danger of failing a course in which they
are currently enrolled; Jayaprakash et al. used binary classi-
fication to detect undergraduate students in academic diffi-
culty [10]; and Brooks et al. [6] used time series interaction
analysis to predict student achievement in summative eval-
uations. The analysis of students on many other tasks such
as clustering and analyzing learner subpopulations (e.g., [9,
11]), recommending relevant context dimensions for Tech-
nology Enhanced Learning (e.g., [21]), visualizing student’s
progress (e.g., [7]), measuring students’ emotions (e.g., [16]),
and characterizing aspects of on-line social learning (e.g.,
[17]) have also received substantial attention.

LA specifically focused on CS education has received at-
tention over the last decade. For example, Blikstein [4] an-
alyzed snapshots of students’ code and assessed their be-
haviour in open-ended programming tasks; Piech et al. [14]
used a collection of machine learning algorithms to model
how students in a CS course learn to program; Ahadi et al.
[1] used classification for mining students’ source code in or-
der to identify students in need of assistance in an introduc-
tory programming course; and Porter et al. [15] predicted
student success using clicker grades from early on in the
semester in a CS course. Clustering techniques have been
used for categorizing novice programmers [12], investigating
the mechanisms of how students begin to learn to program
[3], and using automated log analysis to reveal patterns in
students’ programming [5].

3. RESEARCH METHODOLOGY

An overview of the research methodology is presented in
this section: 3.1 introduces the programming course used
in the study; 3.2 describes how data have been organized;
and 3.3 presents the LA approach used for investigating
the patterns of performance and engagement, which includes
discussions on the algorithms, techniques, and tools used.

3.1 Example Programming Class

Historical data from a required, introductory course in C
programming for engineering students, APSC 160, at The
University of British Columbia are used in this research.
This course focuses on program design and problem solv-
ing, and has over 1000 students and 70 Teaching Assistants
(TAs) each year.

This course is fully flipped; students are provided with
screencasts (voice over PowerPoint) that introduce the ma-

terial to be covered in the subsequent class. Lectures start
with an in-class clicker quiz that is used to assess student
comprehension of the learning goals presented by the screen-
casts. The remainder of the lecture is allocated to group in-
class exercises that provide hands-on experience with this
material. Students hand in a copy of their answers, which
are later marked based on active in-class participation. A
team of TAs attend the lectures to proactively engage with
the students and help them with the exercises. A sample
solution is released one day after each lecture, allowing stu-
dents to complete the exercises before checking the solutions.

The lab component is run in the form of an examination.
For each lab, students are provided with a pre-lab, which
includes two detailed programming problems for self-study
with full sample solutions. Students are encouraged to use
the first example to refresh their minds of the content and do
the second problem under exam conditions to better prepare
themselves for the actual lab test. TAs are present in the
lab, but their primary task is invigilation.

The course has two midterm examinations. To help stu-
dents prepare, they are provided with a set of practice ques-
tions and solutions for each of the examinations. Students
are also provided with a full sample solution for each of
their examinations to help them understand their mistakes
and better prepare for the final.

3.2 Data Organization

In preparation, the 78 available scores of the class raw
data from the first 8 weeks (15 lectures excluding the first
lecture) of the course are organized into a vector of nine
features spanning summative (S), formative (F), and be-
havioural (B) dimensions as scaled, normalized values with
a mean of 0 and standard deviation of 1. S features, la-
beled Si, S2 and S3, use a total of 7 scores to represent
the first 3 values of the vector. These data are organized
into: Sp (labs) the average lab grade of students for the
first 5 labs; S (midterm 1) the first midterm grade; and
S3 (midterm 2) the second midterm grade. F features, la-
beled F1 and F3, use a total of 30 scores to represent the next
two values of the vector. These data are organized into: Fj
(clickers) the average clicker grade over 15 lectures and F
(worksheets) the average grade of students for the in-class
exercises over 15 lectures. B features, labeled B; ... Bu,
use a total of 41 scores to represent the last 4 values of the
vector. These data are organized into: B (screencast views)
the total number of views of screencasts for the 15 lectures;
B; (worksheet solution views) the total number of solutions
(out of 15) students access; Bs (pre-lab exercise views) the
total number of views of the 5 pre-lab exercises; and By (ex-
amination/solution views) the total number of files out of
the four practice questions with solutions for midterms; and
two examination solutions for the midterms students access.

3.3 LA Approach to Investigate Patterns of Per-
formance and Engagement

This section discusses the LA approach used for inves-
tigating patterns of performance and engagement on the
course data described above; the results are reported in Sec-
tions 4 and 5. The approach has three main steps: select the
population for the study; identify; and analyze and create
appraisals for the clusters.

Selecting the population data to study: The first
step is to select the population and consequently the data for



a study. The selection step is included to provide a re-usable
approach that can be applied on a collection of studies. The
study presented in Section 4 uses the data for the entire
class, whereas the study presented in Section 5 uses data for
a distinct subpopulation in the class.

Identifying the clusters: Current best practices in LA
based on established algorithms, techniques, and tools for
clustering are used. An important step in using k-means
is determining the number of clusters (K). Most existing
methods for determining the number of clusters present it as
a model selection problem, in which the clustering algorithm
is run with different values of K, and the best value of K
maximizing or minimizing a criterion is selected.

The gap statistic method of Tibshirani et al. [20] deter-
mines the number of the clusters; it attempts to find clusters
that have the properties of internal cohesion and external
separation that is challenging to find on student popula-
tions that are scattered across the feature space, resulting
in over-fitting or under-fitting the data. For the data set
used in this work, the method recommended the use of a
minimal (2) or a maximal (14) number of clusters, neither
of which are satisfying. However, the values provide a use-
ful range of K values to explore (MIN=2, MAX=14), which
is aligned with the range considered in previous studies [9,
11]. Values in this range are explored using an alternative
approach - the “elbow” method, which can be traced back to
[19]. This method aims to obtain the number of clusters by
computing and plotting the sum of square errors (SSE) for a
range [MIN..MAX] of values of K. The goal is to manually
choose a K at which the marginal gain drops significantly,
producing an angle (elbow) in the graph. To account for the
random initialization of centroids in k-means, recommenda-
tions of [9, 11] are followed; for each value in the range, 100
executions of the k-means algorithm are run and the solu-
tion with the highest likelihood is selected. The R Studio
and Tableau tools are adopted to conduct the studies. The
k-means results for the selected value of K are summarized
in tables and figures. Final examination grades are used to
provide context for the analysis and appraisal results.

Analyzing the clusters and creating appraisals: Once
the clusters are selected, they are explored in more depth.
The relatively small number of clusters makes this analysis
feasible. The normalized, average values of the summative,
formative, and behavioural features are abstracted onto a
scale - very low (VL), Low (L), medium (M), high (H), and
very high (VH) - to help reveal patterns within and among
the clusters, considering multiple dimensions. Very low and
very high average values exceed one standard deviation from
the mean; medium describes values that are close to the class
average.

Based on the results of exploring each cluster, appraisals
can be created. In general, the appraisals consist of: feed-
back on student accomplishments with respect to engage-
ment activities (in-class, on-line) and performance outcomes
(examination scores) and/or identifying the need for addi-
tional information to better understand the students’ situa-
tions underlying, for example, low in-class engagement. In
all appraisals, reminders and invitations to drop by during
the scheduled instructor/TA office hours and organized re-
view or problem sessions can be included.

When the students’ situations are consistently strong in
a cluster (e.g., high engagement and on track to strongly
achieving the learning objectives), they can be provided with

feedback to recognize their accomplishments and provide ad-
ditional challenges they may wish to consider (e.g., partic-
ipating in research projects or volunteering as a peer men-
tor). When the engagement and performance values in a
cluster are mixed, there are many possible reasons behind
situations including issues around: (1) technical content;
(2) soft-skills (time/stress management); (3) academic skills
(study/examination skills); (4) interest/value in the course
content; or (5) non-academic issues (family, illness). Based
on the authors’ experience (more than 20 years teaching ex-
perience combined), possible reasons underlying the mixed
results are provided as conjectures; recommendations for the
students are outlined to help them accomplish the learning
objectives for the course.

4. ANALYZING THE ENTIRE CLASS POP-
ULATION

This study analyzes the class population by applying the
methodology presented in Section 3. After identifying the
clusters, the elbow method is used (refer to Figure 1) for
determining the number of clusters; K=5 produces strong
results. The results obtained from running k-means with
five clusters, identified as C1, Cs, .., and Cs, are reported in
Table 1 and Figure 2. The table contains the normalized,
average values for the nine features spanning the S, F, and
B dimensions (S1, S2,... defined in Section 3.2) as well as
cluster statistics on the size of the cluster and the associ-
ated median (Q2) on final examination grades. The clusters
are ordered with respect to their final examination median
grades. Figure 2 visualizes the results presented in Table 1.
On the left, a 3-dimensional point plot visualizes the average
value of attributes in each dimension; each cluster is labeled
with the median examination grade. On the right, the Box
and Whiskers plot summarizes the clusters’ associated final
examination data (median, 25th, 75th percentile, maximum
and minimum grade). The overall class median on the final
exam is 77. This data set exhibits summative values that
are indicative of performance on the final examination.

Determining the number of clusters

Sum of Square Errors
300 400 500 600 700
L L

200
1
:
/

Number of Clusters

Figure 1: Using the elbow method for determining the num-
ber of the clusters for the entire class population.

C consists of 39% of the class population. These students
mostly perform extremely well on summative assessments.
They frequently attend the lectures and are highly engaged
with the in-class activities. In addition, they have high levels
of interaction with the on-line course content.



Features Clusters

Cl CQ 03 04 05

S| 052 | 0.29 | 0.13 | -0.15 | -1.95

Summative S> | 0.72 0.51 | -0.51 | -0.81 | -0.67

Ss | 0.68 | 0.29 | -0.06 | -0.69 | -1.01

Fy | 044 | 006 | 032 | 0.05 | -2.21

Formative = -2 1508 T 021 [ 0.13 | -2.20

B1 | -0.26 | -0.63 | 1.73 | -0.04 | -0.03

) B> | 0.33 | -2.10 | 0.49 | 0.40 | -0.28
Behavioural

B3 | -0.17 | -0.58 | 1.75 | -0.08 | -0.34

By | 027 | -085 | 0.31 | 0.18 | -0.76

Cluster Stats Q2| 87.8 | 80.49 | 70.73 | 60.98 | 54.88

% | 39% | 13% | 12% | 26% | 10%

Table 1: Using k-means to cluster the entire class popula-
tion: nine features across S, F, and B dimensions.
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Figure 2: Visualize clusters and associated final exam data
for entire class population. Left: 3D point plot of centroids.
Right: Box and Whisker plot of final exam grades.

C> consists of 13% of the students. These students mostly
perform well on summative assessments. Their class partic-
ipation and engagement with the in-class activities are both
slightly higher than the class average. Students in this clus-
ter spend very little or no time interacting with the course
content available on-line.

C3 consists of 12% of the students. These students mostly
perform poorly on summative assessments. Their participa-
tion and engagement with the in-class activities and engage-
ment in on-line activities are significantly higher than the
class average, making them by far the most engaged with
the course content available on-line.

Cy consists of 26% of the students. The students mostly
perform very poorly on summative assessments. Their class
participation and engagement with the in-class activities are
both slightly higher than the class average. Students in this
cluster spent less time than average interacting with the on-
line course content.

C5 consists of 10% of the students. These students per-
form extremely poorly on summative assessments. They
rarely attend the lectures and are disengaged during the in-
class activities. Students in this cluster spent very little or
no time interacting with the on-line course content.

The results of exploring the clusters for patterns and an
outline of the appraisals for the students in each cluster are
presented in Table 2. The results reveal that some clus-

ters can be quite similar in one dimension and very different
across the other two dimensions. For example, students in
Cy and C5 have somewhat similar performances in the S
dimension, with students in C2 doing slightly better. How-
ever, their engagement level both in-class and outside class
are significantly different; these are close to the extremes
of the spectrum. Similarly, students in C4 and Cs both do
quite poorly on the S dimension, with the C4 students doing
slightly better; however, Cs students have very low values
across the ' and B dimensions, whereas C4 students have
moderate values for those. Finally, students in C2 and Cs
both have low engagement with the online material; how-
ever, students in C have much higher grades both in their
summative and formative assessments. The analysis of the
clusters using all three dimensions is valuable to provide
more meaningful appraisals.

A possible limitation of clustering the entire class popula-
tion is that it may obscure students with extreme patterns
of performance or behaviour, as the results are reduced by
averaging. The second study explores the analysis of sub-
populations with extreme patterns of engagement.

S. ANALYZING STUDENTS WITH EXTR-
EME PATTERNS OF ENGAGEMENT

The goal of this study is to analyze an extreme subpopu-
lation, providing a better understanding and appraisals for
these students. A simple criterion for selecting students with
extreme patterns is to consider the top X% of students with
the highest or lowest measurements in each of the summa-
tive, formative, and behavioural dimensions. Experiments
on two of these subpopulations are carried out: (1) overly
engaged participants, which are those with the highest num-
ber of interactions with on-line course material, and (2) in-
frequent participants, which are the students with extremely
low performance on formative (in-class) assessments. Due
to space limitations, only the study on overly engaged par-
ticipants is presented.

The methodology in Section 3 is applied. Students with
the highest 20% of the average, behavioural values in the
class are selected as the subpopulation (96 students). After
identifying the clusters, the elbow method is used; K = 3
produces strong results.

The results obtained from running k-means with three
clusters, identified using Fi, Fo, and Fs, are reported in
Table 3 and Figure 3. The table contains the normalized,
average values for the nine features as well as cluster statis-
tics on the size of the cluster and the associated median (Q2)
on final examination grades. The clusters are ordered with
respect to their final examination median grades. Figure 3
visualizes the results presented in the table. This data set
also exhibits summative values that are indicative of perfor-
mance on the final examination.

E1 consists of 12% of the students in the class. These stu-
dents mostly perform relatively well on summative assess-
ments. Their class participation and engagement with the
in-class activities are higher than the class average. Their
engagement with the on-line activities are very strong.

FE5 consists of 4% of the students in the class. These
students mostly perform poorly on summative assessments.
Their class participation and engagement is lower than the
class average. Their engagement with the on-line activities
are very strong.



of soft-skills and issues in the technical contents as they are not
benefiting from the in-class, on-line material. Possibly also a

Id | Features Conjecture Appraisals

Ciy | HHH, M Strongly engaged and achieving students infers strong interest | Recognize their accomplishments. Provide addi-
in the course content with strong technical-, soft-, and academic | tional, optional research or peer-mentoring oppor-
skills. tunities to sustain engagement.

Ce | HHM, L Moderate levels of engagement and relatively high achievements | Recognize their accomplishments with an alert
infers possibility of previous experience in coding, allowing them | on drop in performance. Provide additional, ad-
to perform well without high engagement. Significant drop in | vanced challenges early in the semester to improve
performance on S3 compared to Ss potentially because of lack | engagement.
of previous knowledge of content covered later in the term.

C3 | M,H, H Strongly engaged and moderate achievements infers lack of soft-, | Recognize their hard work and efforts to (“catch-
academic skills, and /or issues with the technical content. Signif- | up”). Provide discussions/training on how they
icant improvement on S3 compared to S2 shows students’ desire | can study more effectively. Recommend peer-
to do well. mentors to them.

Cy | L, M, M Moderate levels of engagement and low achievements infers lack | Recognize their effort to engage in-class and on-

line, noting their low performance. Provide dis-

lack of interest in deeply learning the topic.

cussion/training on soft- skills; additional funda-
mental content and challenges to work on technical
content.

Cs | VL, VL, L

tent. Students may be at risk.

Disengaged and low achievements infers lack of soft-, academic
skills, non-academic issues, or problems with the technical con-

Reach out to early-alert or student consultation
services or invite students to meet the course staff
in a1 on 1 session.

Table 2: Feature abstraction, conjectures, and appraisals for each of the clusters in the entire class population.

Features Clusters

by B> b3

S 0.41 0.06 | -1.78

Summative | Sz | -0.14 | -0.39 | -1.27
Ss | 0.31 | -0.28 | -1.61

Formative Fy | 045 | -0.01 | -0.60
F> | 0.38 | -0.10 | -0.68

B, 0.95 2.37 1.25
Behavioural B> 0.51 0.51 0.51
B3 0.93 2.91 0.87

By 0.45 0.40 0.45

Q2 | 80.49 | 63.41 | 43.9

Cluster Info o7 9% 17 T

Table 3: Using k-means to cluster the overly engaged sub-
population: nine features across three dimensions.

E3 consists of 4% of the students in the class. These
students perform extremely poorly on summative assess-
ments. Their class participation and engagement is signif-
icantly lower than all of the other clusters. Despite heavy
interactions with the on-line course content, they exhibit
extremely poor performance.

The results of exploring the clusters for patterns and an
outline of the appraisals for the students in each cluster are
presented in Table 4. The smaller number and size of the
clusters makes the exploration simpler in comparison to an-
alyzing the entire class. Here, the results indicate these stu-
dents, a subpopulation who are extremely engaged with on-
line activities, have diverse patterns of performance across
their summative and formative assessments. For example,
students in 1 and E3 have similar, strong engagement with
on-line resources. Students in Fs3, despite their strong en-
gagement outside the class, are not engaging with in-class
activities and are unable to learn the material and fail the
course, whereas students in E; are very engaged in the class-
room and excel in the examinations. The distinctions across
the dimensions provide a better understanding of the stu-
dents’ situations, supporting more meaningful appraisals.
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Figure 3: Visualize clusters and associated final exam data
for the overly engaged subpopulation. Left: 3D point plot
of centroids. Right: Box and Whisker plot of final exam
grades.

6. CONCLUSIONS AND FUTURE WORK

Advancements in technology and the birth of LA have ini-
tiated a revolution in education. In this work, LA is utilized
to identify groups of students with similar patterns of per-
formance and engagement. The goal is to provide tailored
appraisals to each group that helps them effectively master
the learning objectives of the course. Results align with pre-
vious studies in that summative assessments are the most
valuable indicator for predicting final examination perfor-
mance. Results also reveal that some clusters can be similar
on one dimension and very different across other dimensions.
As such, to provide more personalized feedback and recom-
mendation, it is important to consider multiple dimensions
in the analysis. These findings are true for the entire class
population as well as subpopulations with extreme patterns
of engagement (overly engaged, disengaged). Due to space
limitations, the results exploring the disengaged subpopula-
tion are going to be presented in subsequent work.

The preliminary results presented in this paper are promis-
ing, indicating the application of LA for personalizing educa-
tion has potential; however there are limitations in the work



Id | Features Conjecture Appraisals

FE; | H H, H Strongly engaged and achieving students infers strong interest | Recognize their accomplishments and efforts in im-
in the course content with strong technical-, soft-, and academic | proving their performance. Provide mentorship
skills. Significant improvement on S3 compared to Sz shows | opportunity to sustain engagement.
students’ desire to boost their grade and perform better.

FEs | L, L, VH Heavily engaged outside the classroom, but low achieving stu- | Recognize their hard work outside classroom, not-
dents infers lack of soft-skills and issues in the technical contents | ing low performance. Provide discussions/training
as they are not benefiting from the on-line material. Low in-class | on the the benefits of flipped classrooms, and how
engagement may be a sign that students are trying to replace | they can study more effectively. Recommend peer-
lectures with on-line activities. mentors to them.

FEs | VL, VL, H | Highly engaged outside the classroom and very low achievements | Recognize their effort to engage outside classroom,
infers lack of soft-, academic skills, and/or issues with the tech- | noting extremely low performance. Provide more
nical content. Extremely low in-class engagement may be a sign | preparatory material and invite them to attend of-
that students are shy or uncomfortable working with peers. fice hours.

Table 4: Feature abstraction, conjectures, and appraisals for each of the clusters in the overly engaged subpopulation.

to consider. As an example, the on-line engagement of stu-
dents is approximated with the number of times the material
is accessed without any indication of the duration or involve-
ment for the engagement. In the next steps of the research
additional kinds of data from the learning management sys-
tem may be collected to better approximate the on-line en-
gagement. Surveys and interviews can also be conducted to
test the validity of the provided conjectures. The additional
validation is anticipated to provide further insights that can
be embodied into appraisal templates.

An interesting future direction is to use the approach of [8,
11], and consider clustering students based on temporal pat-
terns of performance and engagement. Their work on this
topic has been focused on MOOCs. Comparing results of
on-campus classes and MOOCs can provide further insight
between the differences and similarities of the two.
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