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Abstract. Understanding the phenomenon of late dropout has been gaining im-
portance in engineering education. The process that leads to the decision to drop
an academic program after freshman year, usually covers several academic peri-
ods, and is influenced by different factors. Longitudinal analysis is a good ap-
proach to analyze previous events that lead to late dropout. In this case study, we
use a process mining approach to answer how educational trajectories of engi-
neering students may describe the process that finishes in late dropout. It was
conducted at the Universidad Austral de Chile, using academic records of high-
failure rate courses. Through the analysis of educational trajectories in each one
of the high-failure rate courses, we found that trajectories of students that dropout
early and those that graduate on-time are clearly distinguishable from each other,
but the trajectories of students that dropout late or graduate late need to be ana-
lyzed in more detail. Late dropout is higher among students that fail in freshman
year courses compared to those that fail in sophomore year courses, and passing
a course after failing it several times can be a dropout risk factor, which is con-
sistent with the Investment Model. Such findings may be useful for managers and
policy makers, because these trajectories can be related to entrance conditions
and permanence requirements.

Keywords: Late dropout, educational trajectories, high-failure rate courses, pro-
cess mining.

1 Introduction

Although several researchers have addressed dropout in higher education [1], in the
Western world the number of graduates in engineering programs has remained low and
universities are being pressed by governments to increase it, in order to meet the society
needs [2]. Most research about dropout in higher education has been concentrated on
freshmen [1], but studies and improvements focused on early dropout have possibly
contributed to delayed dropout to later years [3]. Currently, more than 40% of college
students who do not finish, leave their programs after second year, and most students
who finish late, remain at risk of dropping out until close to graduation [4]. Therefore,



research on late dropout in engineering education has been recently gaining an increas-
ing importance. In particular, courses with a high-failure rate are common in engineer-
ing programs and have been linked to dropout and late graduation [5]. Moreover, recent
research suggests that the transition to more rigorous courses, as are found in sopho-
more year, may present a crucial barrier to completion [4].

We have identified two particular gaps that require more research. First, most of
existing research linking high-failure rate courses and dropout in engineering has been
developed using qualitative techniques [5] [6]. Second, not enough attention has been
paid to dropout that occurs after freshman year [7], and only recently research on drop-
out as a process, using longitudinal techniques, has increased [8] [9].

The purpose of this case study is to contribute to the understanding of the dropout
that occurs in engineering undergraduate programs, two or more years after enroliment.
The research question is: How can educational trajectories in individual high-failure
rate courses that are associated with late dropout be described?

To answer it, a process mining approach was used to analyze educational trajectories
in each high-failure rate course, for engineering students at the Universidad Austral de
Chile (UACHh). Process mining is a relatively young research discipline that act as a
bridge between data science and process science approaches, helping to extract
knowledge from event logs that are obtained from information systems [10].

This study contributes to our understanding of late dropout in engineering education,
by analyzing educational trajectories at the course level. The results show that educa-
tional trajectories of students that dropout early or graduate on-time, are easier to dis-
tinguish, but the trajectories of students that dropout late or graduate late are more sim-
ilar, and need to be analyzed in more detail. Moreover, among students that remain
enrolled for more than a two-year period, failure followed by approval in high-failure
rate courses during the freshman year relates more to late dropout, while failure fol-
lowed by approval for sophomore courses are more related to late graduation. These
results could be used by managers and policy makers, focusing effort, either to reduce
dropout or improve graduation times.

2 Related work

2.1  High-Failure Rate Courses and Late Dropout

Although studies that relate GPA (Grade Point Average) with dropout in engineering
are not conclusive [11], there is more agreement among those that relate the perfor-
mance in high-failure rate courses with dropout [2] [5]. According to the Suresh study
[5], it is common in engineering education that faculty promotes the existence of diffi-
cult courses that act as an obstacle to success. Students know the high failure rates in
those courses and, if they have a poor performance in them, they question their decision
to follow engineering.

Efforts have been made to improve retention and reduce failure rates in freshman
courses, but failure rates in subsequent courses have increased. It has contributed to
increasing late dropout and now, about 40% of all university dropouts are post-fresh-



man students [4]. Literature has linked late dropout with inadequate curricular advance-
ment, possibly as a result of the increasing difficulty of the courses [4], and the reduc-
tion of motivation [12] and commitment among students. This particular phenomenon
is known as ‘sophomore slump’, since the trend usually begins during the second year
of study [13], although its characteristics may last in subsequent years [14].

2.2 Educational Process Mining

Process mining is a research discipline that helps us to discover process models, make
conformance analysis and enhance process models, using data stored in information
systems that support processes [10]. The applications of process mining in the educa-
tional domain are known as educational process mining [15]. In recent years, research
has been conducted on educational data to understand the behavior of students on learn-
ing platforms [16], but its use as a support to understand and predict dropout, has been
less frequent [16] [17].

Process mining may be useful for exploring data on educational trajectories, but the
conclusions extracted will only be useful if the models of analysis are based on theo-
retical models, which are valid for the research community in the higher education do-
main [18]. Therefore, in the present case study, the analysis of educational trajectories
is based on the Investment Model [19], that explains commitment based on satisfaction,
quality of alternatives and investment size, and the Social Cognitive Theory [20], which
have been used by the higher education research to explain how self-efficacy beliefs
are developed by students and how they are related to student dropout [21], since per-
sistence is only one manifestation of motivation [12].

3 Methods

This case study analyzes the educational trajectories of engineering students in each
one of the high-failure rate courses, by means of the application of Process Mining PM?
methodology [22]. This methodology includes the stages of data extraction, event log
generation, model discovery, and model analysis. The data used correspond to anony-
mized enrollment and course-grade records for 6 cohorts of engineering students who
were admitted to the Universidad Austral de Chile between 2004 and 2009. Some pro-
grams had a duration of 10 semesters whereas others had 12 semesters, according the
Chilean classification between technology-based (first group) and scientific-based (sec-
ond group) programs [23]. Course-grade records used were from 2004 to 2014. The
discovery and analysis of models was conducted using bupaR [24], a process mining
tool designed to be used on R [25].

The data extraction stage considered the application of filters and the definition of
final status events, according to the credit progress and the number of periods with
enrolled courses: ON-TIME-GRAD, for those who had graduated in a period of time
equal to or shorter than the nominal duration of each program; LATE-GRAD, for those
who had graduated in a longer period; LATE-DROPOUT, for those who had enrolled
for more than 2 years and had abandoned their programs; EARLY-DROPOUT, for
those who had enrolled in at least one course and had remained for a maximum period



of two years. To achieve more representative information, only were considered those
courses with a total of 50 or more students enrolled. These courses were ordered ac-
cording to their average failure rate, and those in the top 5% were considered as high-
failure rate. After that, the grades obtained by the students in these courses where fil-
tered from their academic records, to build the event log.

To answer the research question, and to describe the educational trajectories in indi-
vidual high-failure rate courses that are associated with late dropout, an event log was
built and analyzed. The event log is a set of records where each one has the following
attributes: CASE-ID, EVENT-NAME, INITIAL-TIMESTAMP, and FINAL-
TIMESTAMP. In process mining, the CASE-ID is the label that identifies a sequence
of related events [10]. In this case, the CASE-ID is composed by the student identifier,
the academic program and the course code. There are three types of event types in this
event log: enrollment, results and final-status. The first event in all educational trajec-
tories is ENR (enrollment). After that, each educational trajectory is composed by one
or more results-type events. For each student matriculated in a program who took a
high-failure rate course, each one of the enrollments for that particular course, which,
at the end of the semester, would have led to a pass or fail, were filtered. The EVENT-
NAME for each result was tagged as COURSE-PASS or COURSE-FAIL-n, where n is
the number of times that course had been failed. Finally, each educational trajectory
was finished with the final status reached (EARLY-DROPOUT, LATE-DROPOUT,
LATE-GRAD or ON-TIME-GRAD).

The trajectories were analyzed at a general level, taking into account the aggregate
behavior of all the high-failure rate courses, and subsequently in accordance with the
positioning of the course in the curriculum (distinguishing between freshman and soph-
omore years). Frequencies and times were compared, according to the final status event
reached, using a proportions analysis [25] to evaluate the differences. Finally, the time
elapsed between the passing of a course and the LATE-DROPOUT event was com-
pared for different trajectories.

4 Results

The number of students considered in this case study was 1,886. They enrolled in an
engineering program at the UACh between 2004 and 2009, and in May, 2015, they had
reached one of the four final states defined. Of these, 780 students ended in EARLY -
DROPOUT, 488 in LATE-DROPOUT, 383 in LATE-GRAD and 235 in ON-TIME-
GRAD.

Fig. 1 shows the educational trajectories followed by each student in each high-fail-
ure rate course from the event log. Clear differences can be identified between those
that lead to ON-TIME-GRAD versus EARLY-DROPOUT. There is greater variability
among the trajectories that lead to EARLY-DROPOUT, with 8 variants, compared to
only 3 variants for ON-TIME-GRAD. The trajectories that lead to EARLY-
DROPOUT, for the most part (69.82%), include the failure of high-failure rate courses,
although not their subsequent passing. Conversely, in the vast majority (87.34%) of the
educational trajectories that lead to ON-TIME-GRAD, the courses are passed at the



first opportunity in which they are enrolled. Educational trajectories of students that
dropout early and trajectories of students that graduate on-time show clear differences.
In contrast, the differences between those of students that dropout late or graduate late,
are less evident in the overall analysis and are therefore discussed in more detail below.
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Fig. 1. Educational trajectories in individual high-failure rate courses, grouped for each one of
the 4 final states. The darker color represents a higher frequency of occurrence of the event. The
thickness of the arcs represents the frequency of the transitions, the exact value of which is dis-
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played adjacent to each arc.



Table 1. Proportion of LATE-DROPOUT and LATE-GRAD, for trajectories that include the
approval of a freshman high-failure rate course.

Trajectory LATE-DROPOUT LATE-GRAD TOTAL
% n % n n
PASS 45.72% 727 54.28% 863 1,590
FAIL-1>PASS 51.45% 728 48.55% 687 1,415
FAIL-2 >PASS 70.51% 318 29.49% 133 451
FAIL-3>PASS 79.75% 63 20.25% 16 79
FAIL-4 >PASS 83.33% 15 16.67% 3 18
FAIL-5>PASS 100.00% 3 0.00% 0 3

Table 2. Proportion of LATE-DROPOUT and LATE-GRAD, for trajectories that include the
approval of a sophomore high-failure rate course.

Trajectory LATE-DROPOUT LATE-GRAD TOTAL

% n % n n
PASS 32.79% 359 67.21% 736 1095
FAIL-1>PASS 35.65% 185 64.35% 334 519
FAIL-2 >PASS  41.87% 85 58.13% 118 203
FAIL-3 >PASS  44.44% 20 55.56% 25 45
FAIL-4 >PASS  62.50% 5 37.50% 3
FAIL-5>PASS  50.00% 1 50.00%

To determine the relationship between trajectories prior to passing a course and the
decision to undertake late dropout, we calculated the proportion of LATE-DROPOUT
and LATE-GRAD for those that had passed the high-failure rate courses, based on the
number of times each course had previously been failed and the academic year in which
each course is included in the study program. This information is presented in Table 1
for freshman high-failure rate courses and in Table 2 for sophomore high-failure rate
courses. For freshman year courses, only 45.72% of trajectories that do not include
failure of the high-failure rate course led to LATE-DROPOUT; a value that rises to
70% if the course had been failed on two or more occasions, prior to being passed. On
the other hand, for sophomore year courses, 32.79% of trajectories that do not include
failure of the high-failure rate course led to LATE-DROPQOUT. This value rises slightly
if the high-failure rate course has been failed once, twice or three times, prior to being
passed. Therefore, it can be concluded that, for freshman year courses, the proportion
of trajectories that lead to LATE-DROPOUT shows a greater increase as the number
of course failures rises, prior to them being passed. Fig. 2 shows the proportion of
LATE-DROPOUT presented in Table 2. It illustrates both the substantive increase in
the proportion of LATE-DROPOUT that occurs when one or more freshman year
courses are failed, as well as the difference in the proportion of LATE-DROPOUT in



freshman and sophomore year courses for the same number of previous failures. The
statistical significance of these differences is discussed below.
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who PASS a high-failure rate course
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Fig. 2. Proportion of LATE-DROPOUT among those who pass a high-failure rate course from a
particular academic year, after having failed 0, 1, 2 or 3 times.

Table 3. Proportion of LATE-DROPOUT among those students that passed a high-failure rate
course and led to either LATE-DROPOUT or LATE-GRAD, for freshman and sophomore
courses, grouped by when the students approved the course. p-value is obtained by comparing
the proportion between those students that approved the course in the second time versus the
first time, in the third time versus the second time, and so on.

Trajectory Freshman Courses Sophomore Courses

% LATE-DROPOUT  p-value % LATE-DROPOUT  p-value

PASS 45.72% 32.79%
0.00195* 0.2806

FAIL-1 > PASS 51.45% 35.65%
1.81e-12* 0.1418

FAIL-2 > PASS 70.51% 41.87%
0.1214 0.8814

FAIL-3 > PASS 79.75% 44.44%
0.9865 0.5766

FAIL-4 > PASS 83.33% 62.50%

* statistically significant differences, p-value < 0.05

Although the most frequent trajectories that lead to LATE-DROPOUT include the
approval of the high-failure rate course, as shown in Fig. 1, late dropout is related to
the trajectory the students follow before passing the course. Table 3 shows that the
differences in the proportion of LATE-DROPOUT and LATE-GRAD are statistically



significant among those who have failed a freshman high-failure rate course once com-
pared to none, and those who have failed it twice compared to once. In the case of
sophomore high-failure rate courses, the proportion of LATE-DROPOUT is lower than
that of LATE-GRAD and, although it increases slightly as the number of failures rises,
the differences are not statistically significant. Failing a freshman high-failure rate
course is, therefore, strongly related to the probability of subsequent dropout, even if
that course is passed at a later semester. On the other hand, this relationship is not as
strong in the case of sophomore high-failure rate courses.

Table 4 shows that, for trajectories that lead to LATE-DROPOUT and include failing
a course two or more times, the students who finally pass the course, remain on average
4.37 semesters more after passing the course. On the contrary, students who do not pass
the course, remain on average only 1.25 semesters more, after COURSE-FAIL-2. Even
if students pass a course, the fact they have failed it (and the number of times they have
failed it) should be considered as a dropout risk factor.

Table 4. Average number of semesters that students who end in LATE-DROPOUT remain in
the academic program, after failing a course twice.

Trajectory Freshman Sophomore All
Courses Courses Courses

After failing the course twice, the student finally 4.57 3.68 4.37

pass the course, but ends in late dropout anyway

After failing the course twice (or more) and not be- 1.28 1.20 1.25

ing able to pass it, the student ends in late dropout

5 Discussion and Conclusions

This case study illustrates the application of process mining to the analysis of educa-
tional trajectories in individual high-failure rate courses, contributing to the compre-
hension about how they are related to late dropout.

The educational trajectories that ended in EARLY-DROPOUT and ON-TIME-
GRAD showed clear differences, being satisfactory the vast majority of those that
ended in ON-TIME-GRAD, while those that ended in EARLY-DROPOUT were
mostly unsatisfactory. By the contrary, the differences between those that ended in
LATE-DROPOUT and LATE-GRAD were less evident.

Analysis of trajectories that include passing and failing individual high-failure rate
courses allowed us to confirm the importance of prior investment in time and resources
regarding the decision to continue [8] [19], as well as to reinforce the hypothesis of
academic efficacy [20]. In freshman high-failure rate courses, trajectory prior to passing
a course was of significant importance, with a high proportion of students ending in
LATE-DROPOUT, especially those who passed the high-failure rate course after hav-
ing failed it on two or more occasions. Conversely, the proportion of LATE-GRAD
was higher than that of LATE-DROPOUT among those who passed sophomore high-
failure rate courses, regardless of the number of times the course had been previously



failed. Passing a course after failing two or more times should be considered a dropout
risk factor for several semesters after passing it.

These findings have implications for entrance conditions and program permanency
requirements. First, the inadequate match between entrance requirements and academic
achievement has been documented as a major cause of dropout in engineering [11], and
bad results in freshman courses produce not only EARLY-DROPOUT, but also LATE-
DROPOUT, even in students who have passed freshman high-failure rate courses after
failed them. Second, if chances to finish engineering are very low between students
who have failed high-failure rate courses two or more times, particularly freshman
courses, requirements of permanency for students with unsatisfactory trajectories
should be checked.

Main limitations of this research are associated to the specific context of analysis
and the techniques used. First, although conclusions could be useful in different con-
texts, our findings are based on a specific case study, developed at a specific university.
Second, the analysis was limited only to the curriculum dimension and did not include
withdrawn courses, but only those in which the student obtained a final grade at the end
of the academic period. Third, the conclusions drawn from process mining depend on
the accuracy and completeness of the data used [26].

We believe that our analysis could be replicated in other context, and it could be
useful to analyze educational trajectories in high-failure rate courses at different aggre-
gation levels, as well as to incorporate different attributes that describe the personal and
institutional context in which that academic results are obtained.
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