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Abstract. In the transition from secondary to higher education, stu-
dents are expected to develop a set of learning skills. This paper reports
on a dashboard implemented and designed to support this development,
hereby bridging the gap between Learning Analytics research and the
daily practice of supporting students. To demonstrate the scalability and
usefulness of the dashboard, this paper reports on an intervention with
1406 first-year students in 13 different programs. The results show that
the dashboard is perceived as clear and useful. While students not ac-
cessing the dashboard have lower learning skills, they make more use of
the extra remediation possibilities in the dashboard.
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1 Introduction

This paper discusses the implementation and evaluation of a Learning Analytics
(LA) intervention, which resulted in a student dashboard that provided 1406
first-year STEM (Science, Technology, Engineering, and Mathematics) students
at the University of Leuven with actionable feedback on their learning skills. The
study is an attempt to bridge the gap between LA research and the daily practice
of supporting students in their first year of higher education. LA research is rig-
orous, open to scientific scrutiny, but studies are often limited to smaller groups
of students or course settings favorable to the experiment. Massive Open On-
line Courses (MOOC’s) and other born-digital forms of e-learning are attractive
producers of data. Applying LA to the traditional context of higher education is
challenging, as many interactions and learning activities are face-to-face, offline,
and difficult to capture digitally. Therefore, the search for available digital traces
to support personalized, actionable feedback to larger groups of students is of



particular interest. The digital traces used in the dashboard discussed in this
paper build on the work of educational scientists related to the assessment and
development of learning skills. More specifically, the experiment uses data gath-
ered from the Learning and Study Strategies Inventory (LASSI), a questionnaire
measuring learning skills [16].

2 Related Work

LA aims to improve learning and learning environments by collecting and ana-
lyzing the traces produced by learners [13]. Data from a wide variety of sources
can be studied using statistical and data mining techniques. To deliver the in-
sights derived therefrom back to these stakeholders, the data can be visualized
using learning dashboards. First overviews of such LA Dashboards (LAD’s) have
been presented in [14,15]. Examples include Course Signals [1], SAM [4], and
StepUp! [11]. Course Signals is a prominent example that predicts and visualizes
learning outcomes based on three data sources: grades in the course so far, time
on task, and past performance. If grades in the course so far are below a certain
threshold specified by the teacher, a student will see a red color signal for the
course. When they are above the threshold, past performance in other courses
and time on task are used to calculate whether a student is on track (green light)
or whether she may need to improve her activities for the course (orange light).
As discussed in [15], research has shown that such a dashboard has an impact
on student retention and drop-out, although this particular example is one of
the few dashboards that has been thoroughly evaluated to assess the impact on
learning effectiveness.

A first systematic review of LADs was conducted by Schwendimann, et
al. [12]. The authors analyzed 53 articles. Their findings include that dash-
boards are mostly developed for instructors, and that impact on learning is
rarely assessed. A recent systematic review of LADs has been presented by [2].
The authors have reviewed 94 papers that use LA to support students. A key
outcome of this analysis is that “None of the studies included in the student
use category broke down student use by demographic, learner characteristics, or
student achievement levels. In order to better personalize recommendations and
dashboards to students, we need to put more emphasis on understanding student
use of these systems”. In addition, while the majority information in LAD’s is
typically represented in a visual way, it has been noted [10] that complementary
textual information can provide additional guidance. Leitner et al. [7] examined
the state of the art of LA by analyzing 101 articles. One of the limitations they
find in current research, is the limit in group size and the question if existing
work has the potential to scale beyond small group sizes to a wider context.

3 Situation of this Study

The aim of this study is to learn about the use of a dashboard in a realistic
context to provide first-year students in higher education with action-



able insight on their learning skills and possible actions to improve these skills.
This is translated to the following objectives.

(1) To demonstrate and test the feasibility of a scalable approach to learning
analytics, targeting a sizable group of students in STEM study programs.

(2) To construct a dashboard based on information that is readily available
within the institution, but not yet shared with students.

(3) To collect user metrics and feedback to assess perceived usefulness and
usability and to uncover areas for further research.

We apply the six critical dimensions of the LA framework of Greller and
Draschler [5] to offer a shareable description of our intervention.
The stakeholders, both data clients and data subjects, are first-year students.
The intervention uses two populations. Firstly, all students in the first year of
a particular bachelor program, such that a student’s learning skills can be com-
pared to his/her peer students. Secondly, first-year students in previous academic
years, such that the relation between a student’s learning skills and first-year aca-
demic achievement (percentage of obtained study points) can be shown.
The objective of the dashboard is to unveil information on learning skills to
students. The data was gathered for a study considering the relation between
learning skills and study success, but was not offered to the data subjects, the
students themselves. The dashboard combines reflection and prediction [5]. Con-
cerning reflection, students receives feedback on their learning skills and the
comparison with peers students (Fig. 1). Concerning prediction, the dashboard
uses a “mild” form. To make students reflect on the importance of learning skills
in their learning process, the study efficiency of the students of the previous year
is shown in relation to their learning skills (Fig. 1).
This intervention takes advantage of linking the data of learning skills, gath-
ered using paper-and-pencil questionnaires, and data from the university’s data
warehouse regarding the study points obtained by a student. Regarding in-
struments, the intervention does not rely on advanced technology and rather
provides a visualization of the underlying raw data to students.
Now, we discuss internal and external limitations. Regarding conventions,
both privacy and ethics are important. Students were asked to consent on the use
of the learning skill questionnaire data for research, feedback, and the connection
to their study results. The ethical soundness of the intervention was supported
by the inclusion of study counselors and advisors in the development of the
dashboard. Regarding the time scale, the intervention is just-in-time: students
received feedback in the middle of the first semester. Regarding the limitations
of the first-year students regarding interpreting LA data, the dashboard uses
simple visualizations complemented with textual explanations.

4 Learning Skills Dashboard

4.1 Learning Skills

In the transition from secondary to higher education, students are expected to
develop a set of learning skills that will help them in their learning path, as



well as in their future professional career. Higher education institutions provide
information and activities to support students to improve their learning skills,
e.g. through coaching, counseling, or training sessions. To direct these efforts and
to measure their effectiveness, institutions need to assess the level of learning
skills of their students. The Learning and Study Strategies Inventory (LASSI) is
a diagnostic instrument that can be used to measure a student’s level of learning
skills [6]. Based on a 60 (third edition) item questionnaire, a LASST test reveals
strengths an weaknesses of an individual, and relates this to the scores of other
students. Being both a diagnostic and prescriptive instrument, LASSI does not
focus on student characteristics that are invariable or difficult to change, such as
gender, socioeconomic status, or ethnic background. Rather, it delivers indicators
for areas that offer a perspective for growth and mitigation. Student’s learning
and study strategies are summarized in ten scales, each targeting a specific skill
shown to be relevant to study success [16]. According to its publisher, the test
is currently being used in over 3000 institutions worldwide [6].

This paper reports on an interactive dashboard that provides students with
individualized feedback on their learning skills as measured through LASSI. The
feedback targets five scales that were shown earlier to be best predictive for study
success for our specific target group of STEM students: performance anxiety,
concentration, motivation, the use of test strategies, and time management [9].

4.2 Dashboard Design

Fig. 1 provides a screenshot of a student’s view on the dashboard. The main
components of the dashboard are introduced below.

The dashboard is divided into six tabs. On access, the first tab shows an
introductory text, explaining the purpose and components of the intervention
and the origin of the data it is based on. The other five tabs, alphabetically
ordered, provide a separate space for each of the five learning skills.

The dashboard contains a visualization of the data underlying the inter-
vention that allows students to compare their learning skills with those of peers
in the same program. A simple unit chart (Fig. 1) uses dots to represent the
number of students within the respective norm scales for each of the five in-
cluded learning skills. Each dot represents a single student and is attributed to
one of five norm scales, ranging from very weak over weak, average and good
to very good. The norm group that applies to the active student, is marked
with a blue border and background hatching. For each skill, a second unit chart
(Fig. 1) relates the skill level of previous year’s students of the study program
with their study success obtained in the first year. Again, each dot represents one
student. In addition, the color of the dots represents the study success of these
students using three categories depending on the percentage of obtained study
points (orange < 30%, yellow > 30% and < 80%; green > 80%). The colors are
adapted for student with color vision deficiency [8]. To support the interpreta-
tion of the graphs, textual explanation is provided. To ease the interpretation
of the unit charts, dots are grouped in clusters of 25 and an explicit mention
of the number of students in each norm group is provided. As reception of the
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Fig. 1. Screenshot of a student’s view on the dashboard
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Fig. 2. Screenshot of alternate bar chart representation of previous year’s results

colored dots to clarify the relation between the norm scale groups of last year
students and their study success was mixed among the domain experts, an al-
ternative bar chart representation was added, which appears when the students
touch (mobile) or hover over (desktop) the dot representation (Fig. 2).

For each of the five skills, the dashboard provides detailed textual guid-
ance for remediation. The advice included simple tips, signposts to extensive
information and existing improvement activities provided by the institution, and
an invitation to make a personal appointment with a student adviser. To avoid
cluttering the initial message in the dashboard, this actionable improvement
guidance is not shown at first sight. Rather, at the bottom of each academic
skill tab, a button labeled "Okay, what now?" can be clicked to make the extra
content visible (Fig. 1).

All textual content, including introduction, learning skill information and im-
provement tips on each tab, is adapted to the study program and situation of the
student based on experience from the field using text parameterization. We
invited study counselors from participating study programs to adapt messages
based on their expertise. To facilitate this process, messages are chunked into
parts and made editable using Markdown, a lightweight text markup language,
extended with our own dashboard-specific features like @studentName@ to insert
the name of the student or @yourGroup@ to embed a part of the chart legend
within the text.

4.3 Data Sources and System Infrastructure

The central (SAP) ERP infrastructure is system of record for all official data on
students, programs, courses, and results. The LASSI test data is collected and
processed separately and was made available to the project in a comma-separated
values (CSV) file. Data from these two sources was consolidated and loaded into
a relational database using an Extract, Load, Transform (ELT) process.

The dashboard is accessible indirectly through the university’s reverse proxy
infrastructure, enforcing authentication by a central single sign-on system (Shib-
boleth). This improves security and provides student with a familiar entry point,
similar to other campus software. All data access requires invoking a database
stored procedure that writes the request into an audit table. The dashboard was
set up as a Single Page Application (SPA) that stands on its own once loaded.
Each user action, like opening a tab or clicking a button, is transmitted back to
the web server using a simple AJAX call with a dummy response. These events



are stored into the web server’s access log, to be handled by an extraction routine
that operates outside busy hours.

5 Results

5.1 Target Group and Data Collection

1406 first year students in 13 different STEM programs received a personalized
invitation by email to access the dashboard, stating that it provides actionable
feedback on their learning skills based on a pen and paper questionnaire they
earlier filled out in class. Students that did not complete the survey or did not
consent to the usage of their data for research were excluded. Apart from the
background recording of user activity, the dashboard contains a short feedback
form with three questions: (1) I find this information wuseful; (2) I find this
information clear; (3) I would like to receive more of this type of information.

5.2 Dashboard Interaction

1135 (80.7%) of the students clicked on the link in the invitation email and
entered the dashboard. The click-through rate differs between study programs
and ranges from 63.5% to 89.1% (Fig. 3). 67.7% of the students that did click
through, did so within the 48 hours after the dashboard was launched, 81.2%
within 72 hours and 98.1% within 168 hours (Fig. 4).

Table 1. Number and percentage of students that go to the dashboard and provide
feedback, depending on the device type

total desktop smartphone tablet other

on platform 1135 847 260 21 7
(100%) (74.6%) (22.9%) (1.9%) (0.6%)

full feedback 167 148 15 2 2
(14,7%) (17.5%) (5.8%) -

Most students clicked through using a desktop browser (74.6%) or a smart-
phone (22.9%) (Table 1). The use of tablets and other media devices was limited.
Students using a non-desktop device are clicking through faster, as indicated by
the initial peak in their user share (Fig. 4).

5.3 Feedback

Although the effort required to answer the three survey questions was minimal,
only 14.7% of accessing students provided feedback on all three questions. Stu-
dents using mobile devices such as smartphone and tablet are less tempted to
provide feedback than desktop users (Table 1). Most of the students that pro-
vided feedback indicated that they find the dashboard useful (71%) and clear
(89%). The preference for more information of the same type is also positive,
but less pronounced (55%). Figure 5 summarizes the student feedback.
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5.4 Student Profile and Behavior
On average, the 80.7% of the students clicking through to the dashboard, have a

higher score on the learning skill scores (Fig. 6). This difference is significant for
each of the learning skills as shown by a one-directional Mann-Whitney test”.
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Fig. 6. Boxplots comparing the learning skill scores of students that did not (red) click
through with those that did click through (green)

Of the 1135 students that did click through to the dashboard, 399 (35.2%)
clicked on ‘Okay, what now?’ to read the improvement tips on the concentration
tab, 200 (17.6%) on the anxiety tab, 172 (15.2%) on the motivation tab, 173
(15.2%) on the test strategies tab and 229 (20.2%) on the time management
tab. We compared the proportion of students viewing the tips for concentration
(first tab) to every other learning skill using a Kruskal-Wallis test, applying a
multiple comparison according to Dunn with a Bonferroni correction yielding
p-values below 2e—16. Tips for concentration have significantly higher views
compared to the other tips.

On average, students that read the improvement tips for a specific learning
skill, tend to have a lower corresponding learning skill score (Fig. 7). This result
is found to be significant for each of the learning skills when applying a one-
directional Mann-Whitney test®.

6 Discussion, Conclusion, and Future Work

In this paper we presented a dashboard to provide actionable feedback on learn-
ing skills to students. Our aims were to study the feasibility of deploying such

7 p-values 0.01921" for concentration; 0.01043" for anxiety; 0.00223" for motivation;
0.00001™""" for test strategy; 0.00104"" for time management
8 p-values 0.01681" for concentration; <0.00001"""" for anxiety; 0.00360"" for motiva-

tion; <0.00001""" for test strategy; 0.00016"  for time management
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dashboards in a scalable way, to assess the potential of available data and to col-
lect feedback and metrics about utilization, usability and perceived usefulness.
Below, we discuss the results from this study with respect to these aims.

One of the objectives was to explore LA applications that are scalable and
widely applicable. The dashboard demonstrates this ability, as it based on data
that is already available in digital format within a typical higher-education in-
stitution (grades) or can easily become available (LASSI questionnaires). This
data however, was not yet being fed back to students in a direct, coherent, and
personalized way. From a technical perspective, we have chosen to avoid to rein-
vent the wheel and to rely on existing IT services within the organization when
possible. We believe that this increases the acceptability of the solution. Poten-
tial scalability issues were avoided by keeping the transactional load limited by
preparing most of the data in advance, while deferring the processing of event
data until after the peak utilization.

We involved domain experts and practitioners early on in the process and
relied on them for the preparation and distribution of the dashboard. We enabled
student counselors to adapt the messages delivered to the student based on the
study program and individual learning skills. We believe that this approach may
enhance the acceptance of the dashboard within the institution, while at the same
time improving its overall quality. We noticed that the click-through rate differs
between study programs. Further involvement of stakeholders of the respective
study programs may help to explain this difference in a follow-up study.

A simple visual representation using unit charts was chosen due to the lim-
ited statistical background in the target group of first-year students. For example,
in some cases, the size of a norm group can be small. A typical representation
with bar or column graph may be misleading, if the reader does not take the
absence of statistical significance in consideration. In this case, a unit represen-
tation depicts a small number of dots (students) set against a larger population
of peers. This should appeal to an intuitive caution not to rush into conclusions.



However, the usefulness of unit charts is disputed. Some argue that the visualiza-
tion, while appealing because of their conceptually simplicity, should be avoided
in favor of bar chars, because the latter display the same information without
slowing the reader down by encouraging [3]| counting. The goal of our dashboard,
however, is not to bring a message across as quickly as possible. We expect that
the notion that each dot represents not just a number, but a real individual,
a peer student, may contribute to the purpose of provoking self-reflection. The
validation of this hypothesis is subject of future work.

The proportion of students providing feedback is limited. Although the
questions had a prominent place in the dashboard design, there may be an
underling usability problem that discourages students to provide feedback, espe-
cially for students accessing the dashboard using a mobile device as the feedback
rate is even lower for these users. In a subsequent study, feedback gathered from
focus groups may help to complement the embedded feedback instrument. In
their feedback, students tend to appreciate the usefulness and clearness of the
dashboard. When asked if they would like to receive similar (more) feedback how-
ever, the response is more moderately positive. The wording of the last question
may have been ambiguous as it may refer to more feedback about learning skills
in particular as much as it may refer to a more general interest in any type of
learning related data, as was intended.

An order effect may explain the increased number of students reading the
tips on the concentration tab. Students are likely to try out what happens when
clicking on the first instance of the “Okay, what now?” button they encounter,
regardless of their specific interest or profile. Based on this finding, which we
initially did not intended to look into, we recommend study of an optimized
order of the dashboard content by putting the variables that the student needs
the most improvement for first.

An interesting finding, is that students that click through to the dashboard,
have higher learning skills scores on average. LAD design should take into con-
sideration that reaching different target groups may require different approaches
and levels of effort, especially when targeting students with an at-risk profile. On
the other hand, this observation may also point out that students with stronger
profiles should not be overlooked in the design and that LA should not restrict
itself to the at-risk profiles. On the other hand, once students clicked through
to the dashboard, we noticed that those that engage more (view the improve-
ment tips for a particular learning skill), are students with a higher “need” (lower
scores for the corresponding learning skill on average). Therefore, we conclude
from this study that the biggest challenge is to get at-risk students on the dash-
board rather than to keep them engaged on the dashboard, which is subject of
further research.
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