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ABSTRACT

Dropout rates are high in engineering education throughout Europe. According to
interviews, the main reasons were life situation, learning or studying difficulties,
wrong field of studies and health problems. The interviewees would have hoped
more support and guidance during their studies and 70 % of the dropouts were very
interested to continue their engineering studies. Sometimes support at the right time
to right students might solve the problem and studying would continue normally.

How to find those students that are at risk of dropping out? Single teachers might
notice absences, but they don’'t have the whole picture. Study counsellors need to
rely on the course completion data on the transcript of records, which is always
delayed weeks or months in comparison to the studying actions and possible
problems in it. Therefore, not even the study counsellors have a real time view to the
student progress.

Many higher education institutions use digital learning management systems (LMS)
like Moodle to deliver their online, blended and face-to-face courses. Students leave
digital footprints on the platform and this tells about studying habits. Therefore, LMS
data has the potential to show decrease in learning activity well before it becomes
visible elsewhere. In this study, two engineering student groups are followed during
one academic year covering both simultaneous and consecutive courses. With the
data, a simulation is run to raise an alarm if a student is at risk of dropping out.
These alarms are then compared with the real dropping out information of the
groups.
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1 INTRODUCTION

Education is largely seen as a key element for a successful life, better income and
usefulness as a citizen in society. In the Europe 2020 strategy [1], one of the goals is
to increase the percentage of higher education graduates to 40 % in the age group
30-34 years old people. There is still work to be done, as can be seen in Table 1.
The table shows course completion rates in some of the EU countries according to
the European Commission main report “Dropout and Completion in Higher Education
in Europe” [2].

Table 1. Course completion rates in higher education in some EU countries
according to 2015 report. [2] * The data from Germany is from 2005

Country Course completion rate
UK 82 %
Denmark 81 %

France 80 %
Germany 77 %*
The Netherlands 72 %
Czech Republic 72 %
Poland 62 %
Norway 59 %

This paper focuses on the dropouts in engineering degree programs in Finnish
universities of applied sciences. Some insight to the situation regarding graduation
and dropout can be seen using “Vipunen” data portal. It is education administration's
reporting portal operated by The Ministry of Education and Culture and the Finnish
National Agency for Education. According to the data available in “Vipunen” [3], the
percentage of graduates in ICT engineering after 6 years of studying is 43 %. In
engineering the average is 54 % and the average of all fields of studies in
universities of applied sciences is 61 %. Figure 1 shows the percentage of
engineering students who has earned a degree in their first field of studies (blue line)
and in any field of studies (dotted red line) as a function of study year. The nominal
graduation time is 4 years in engineering. Clearly, it is worth putting an effort on the
helping of the students that struggle in their studies and are in danger of dropping
out. It is no wonder that European Commission in their main report suggests
institutions to monitor pathways of individual students to identify students at risk of
dropout. [2].

The dropout problem is not new. Already in the 50’s there were studies about the
influence of student’s personality factors and socio-economic background on the
academic success and models were built to understand the nature of dropping out
[4-6]. It was pointed out that one should differentiate the dropouts according to the
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reasons: failure in studies, lack of motivation, voluntary change of studies, health
reasons efc.
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Fig.1. The percentage of engineering students who has earned a
degree in their first field of studies (blue line) and in any field of
studies (dotted red line) as a function of study year. The data
is the average over years 2002-2015 and concerns Finnish
universities of applied sciences. Data is from “Vipunen” [3].

Nowadays higher education institutions use digital learning management systems
(LMS) like Moodle to deliver their online, blended and face-to-face courses. Students
leave digital footprints on the platform and this tells about studying habits. There are
studies in which LMS data, like number of logins, number of posts to discussion
forums, material openings etc., are used to build predictive models of student
success [7-9].

When trying to offer guidance and help to the students at risk of dropping out, the
first challenge is the same irrespective of the underlying reason: How to find those
students that are at risk? Some universities have built student dashboards and
signal-lights for visualizing course attendance. The results for example from Purdue
University are very promising: the course attendance has increased and the student
feedback about the system is rather good [10]. In the universities of applied sciences
in Finland, there is not yet such a system. Therefore, some teachers might notice
student absences, but they don’t have the whole picture. Study counsellors need to
rely on the course completion data on the transcript of records, which is always
delayed weeks or months in comparison to the studying actions and possible
problems in it. Therefore, not even the study counsellors have a real time view to the
students’ progress.

This paper shows a case study of using Moodle log file data to recognize the
students that are at risk of dropping out. The aim is not to build any predictive model
of student success but rather find as easy way as possible to find those students
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who are at risk. After recognizing these students, it is time for interventions, help and
guidance, of course, but those are not on the scope of this study.

2 COURSES AND DATAIN THIS STUDY
2.1 Courses

Two bachelor’s level engineering degree programs in Tampere university of applied
sciences were chosen for this study: laboratory engineering and ICT engineering.
One student group from each program was investigated. The students had started
their studies fall 2016 and their studying activity was tracked from the beginning of
their studies until December 2018.. From their curricula, several courses, both
consecutive and simultaneous, were selected for this study. All these courses are
taught face-to-face but they utilize also Moodle using a blended learning approach.
The aim was not to include all possible courses to the study, but rather see if it is
possible to find students at risk using some key courses as indicators. The selected
key courses are mostly mathematics and physics — topics that students sometimes
find difficult. The degree programs, selected courses of which the Moodle data is
gathered, and course timings are shown in Table 2.

Table 2. The degree programs, courses and their timings.

Program Courses Timing
Laboratory engineering |Mechanics 1t year autumn
Number of students: 36 |Analytical Chemistry 18t year autumn

Basics of Measuring and Reporting 1t year autumn
Working English for Engineers 1st year autumn
Physics lab. Course 1t year spring
Electrostatics and Magnetism 1st year spring
Oscillations and Wave physics 1styear spring
ICT engineering Geometry and Vector Algebra 1t year autumn
Number of students: 47 |Functions and Matrices 18t year autumn
Differential Calculus 1st year spring
Integral Calculus 1t year spring

2.2 Moodle data

When a student clicks an object on Moodle page at the main level of course’s page
hierarchy, a time stamp data is generated to the log file. Therefore, many of the
actions a student take, generate a digital footprint. However, learning takes place
naturally also outside Moodle. And courses differ from each other quite a lot in
structure and Moodle usage. The time stamp data contains the basic information of
the action: who did it, when did it happen and what was the clicked object. Perhaps
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the simplest possible quantity describing student’s overall activity is the number of
these log events. This can be easily derived from Moodle. It can be argued that the
number of log events doesn’t tell about learning and somebody can just play to be
active by clicking randomly around in Moodle page. These claims are true, of course.
Nevertheless, previous studies have shown that the number of log events really tells
about the studying habits and student’s intention to study [11-13]. On the other hand,
the lack of log events certainly tells that a student is not doing the intended learning
tasks in Moodle.

In this study, the sum of log events of courses listed in Table 2 was calculated for
each student. Due to sickness, holidays, work or other reasons, students sometimes
are absent from the university for short periods of time. In this study, a three-week
sliding average of the log events was calculated to even out the effect of such short
absences on the log data. The weeks included in the data were 35-49 for autumn
semester and 2-17 for spring semester. This sliding average of the sum of log events
works as a warning signal: if it goes to zero for somebody, that student is
hypothetically at risk of dropping out and an intervention would be launched.

The data in this study looks backwards to 2016 and thus the analysis works as a
simulation to find out how this chosen parameter works. An example of the data is
shown in Fig. 2 showing the Moodle activity in individual courses and also the three-
week sliding average for A) a normally studying student and B) a student who has
difficulties in studies.

70
. . ¢ A . . B

60 | --- Basicsof Measuring and Rep. |} --- Basics of Measuring and Rep.
7 I B Working English for Engineers :".I ----- Working English for Engineers
qC) 50 | --- Analytic Chemistry i === Analytic Chemistry
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Fig. 2. Moodle activity in individual courses and the calculated three-week sliding
average for A) a normally studying student and B) a student who has difficulties in
studies. In the simulation student B would have risen an alarm at week 40, 2016.

The courses differ in their Moodle usage and the individual course curves thus differ
from each other quite strongly as can be seen in Fig. 2. Nevertheless, the sliding
average of the sum of the log events doesn’t go to zero for the normally proceeding
student. The figure 2B shows data of a student who has difficulties in studying.
Clearly, even the overall activity is small, and the sliding average goes to zero at
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week 40. For this student, the simulation rises an alarm at week 40, 2016. All the
students are analysed in the same way and categorized either as “studies normally”
or “At risk, alarm: week X”

3 RESULTS

The results of the simulation are summarized in Table 3. The number of alarms in
laboratory engineering student group was 10 (26 % of the students). When the
progress of these students was examined, it turned out that seven of those 10 were
actually dropped out of the university, one was temporarily non-attending and two
were studying normally. The coverage of the alarm was 100 % since all the actual
dropouts of the group launched an alarm in the simulation. On the other hand, there
were two false alarms.

In the ICT engineering group, the number of alarms was much higher, 22 (47 %).
This was expected since it was well known that the dropout problem was the biggest
in ICT among engineering degree programs. In this “at risk” group, 10 students had
actually dropped out, one was temporarily non-attending, one raised a false alarm
and five were incoming students. These five were coming from outside the original
student group and they had changed either institution or study program. Because of
their prior studies they didn’t participate in the courses chosen for this simulation and
were thus categorized as “at risk”. Then there are still five others, who are marked in
the table with “other reason”. It turned out that these students were present in the
university, but they were not actually studying, and their amount of credit units
earned was very low in comparison to the nominal amount of credits. This is
visualized in Fig. 3. Again, the coverage of the alarm was 100 %. In this student
group, of those 22 who rise an alarm, “only” 10 had dropped out. Of the remaining 12
alarms 11 were relevant since those students were special in some way: either non-
attending, institution changers or slow in studies. One of the alarms was totally false.

Table 3. The summary of the simulation results.

Laboratory engineering student group:

Number of students: 37
Studies normally 27
Students a risk: 10

Dropped out 7

Non-attending 1

False alarms 2
Warning coverage: 100 %

ICT engineering student group:

Number of students: 47
Studies normally: 35
Students a risk: 22

Dropped out 10
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Non-attending 1
Incoming students 5
Other reason 5
False alarms 1
Warning coverage: 100 %
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Fig. 3. The cumulative sum of credit units from autumn 2016 to the end of 2018 for

those five students (“other reason”), who triggered an alarm.

As an output, the simulation/analysis gave those weeks when students were
identified to be at risk of dropping out. Of those students, who had actually left
university, the drop-out date was also taken from the transcript of records. The time
differences of these dates are shown in Fig. 4. for all 17 students.
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Fig. 4. The time differences between the alarm date and actual dropout date for all
17 students who triggered an alarm and had later dropped out.

It is clear that the studying activity goes down to zero in Moodle much earlier than
the students take any actions or decide to stop studying and leave university. Such
actions typically happen/occur before these students are detected in the university
guidance process. Some of them “drift away” due to neglecting the enrolment for the
semester. In this study, the decrease in studying activity was detected in Moodle
data averagely 13 months earlier than actual drop-out happened.

4 DISCUSSION AND CONCLUSIONS

The results clearly suggest that the number of events in Moodle log can be used as
a measure of student’s activity and to identify those at risk of dropping out. The
decrease in activity can be noticed much earlier in Moodle than in transcript of
records or as student’s actual dropout decision. The time difference in this case
study was 13 months on average from the “at risk”-warning to actual dropping out.

Dropout rates are high in engineering education throughout Europe. In Tampere
university of applied sciences, students were interviewed to find out the underlying
reasons. According to interviews, the main reasons were life situation, learning or
studying difficulties, wrong field of studies and health problems. The interviewees
would have hoped more support and guidance during their studies and 70 % of the
dropouts would have been interested to continue their engineering studies. This
emphasises the need to find those students who are at risk as soon as possible.
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Then appropriate interventions need to be launched for example by the study

counsellor or tutor. However, the interventions were not in the scope of this study.
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